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This study presents a new neural network model for recognizing manual works using body-worn accelerometers in industrial
settings, named Lightweight Ordered-work Segmentation Network (LOS-Net). In industrial domains, a human worker typically
repetitively performs a set of predefined processes, with each process consisting of a sequence of activities in a predefined
order. State-of-the-art activity recognition models, such as encoder–decoder models, have numerous trainable parameters,
making their training difficult in industrial domains because of the consequent substantial cost for preparing a large amount
of labeled data. In contrast, the LOS-Net is designed to be trained on a limited amount of training data. Specifically, the
decoder in the LOS-Net has few trainable parameters and is designed to capture only the necessary information for precise
recognition of ordered works. These are (i) the boundary information between consecutive activities, because a transition
in the performed activities is generally associated with the trend change of the sensor data collected during the manual
works and (ii) long-term context regarding the ordered works, e.g., information about the previous and next activity, which
is useful for recognizing the current activity. This information is obtained by introducing a module that can collect it at
distant time steps using few trainable parameters. Moreover, the LOS-Net can refine the activity estimation by the decoder
by incorporating prior knowledge regarding the order of activities. We demonstrate the effectiveness of the LOS-Net using
sensor data collected from workers in actual factories and a logistics center, and show that it can achieve state-of-the-art
performance.
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1 INTRODUCTION

1.1 Background
Activity recognition using smart sensing devices such as smartphones and smartwatches has been actively studied
by the ubiquitous computing research community. Human activity recognition, besides for daily life settings
[5, 7, 44], has been studied for industrial domains to improve the efficiency of manual works [1–3, 15, 42, 54, 55].
Work processes such as those in the line production systems of factories and packaging tasks at logistics centers
mainly depend on human workers. To deal with the rapidly changing demands of customers and suppliers,
works by human workers are expected to continue to play an important role in the future [25, 39, 57]. Therefore,
quantifying such manual works is crucial for streamlining a work process, finding its bottlenecks, assessment of
a worker’s performance, and outlier detection.

In many manual works, such as those in line production systems and packaging tasks in the logistic domain, a
human worker repetitively performs a set of predefined processes, with each process consisting of a sequence of
activities in a predefined order, e.g., attach labels, scan labels, and check size and weight. Fig. 1 shows example
acceleration data collected from the smartwatches worn by workers at an actual factory. In this example, a
typical series of works is iterated several times, with each iteration of the process (i.e., work period) comprising a
sequence of activities. Although the order of activities is specified (by an instruction document in the case of
factory assembly works), the order can be changed by some factors, such as mistakes. The objective of an activity
recognition task focusing on such data is to estimate the class label for each time step (data point).

ID Activity Name ID Activity Name ID Activity Name ID Activity Name ID Activity Name
0 Others 3 Remove Bar Code 6 Attach Label 2 9 Inspect 12 Button
1 Set 4 Attach Label 1 7 Turn 10 Remove Jig 13 Move
2 Read Bar Code 5 Read Label 2 8 Attach Jig 11 Weighing

Fig. 1. Example of sensor data of factory works. Red, green, and blue lines show x-, y-, and z-axis data, respectively. Rectangles
below show ground truth labels (identifiers) of activities. Top-down view video images are also shown. Table provides identifier
and name of each activity.
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1.2 Challenges
The major challenge of this task is the preparation of a large amount of training data in actual industrial domains,
because of the high costs of installing cameras at a work place for annotation and manual labeling of the collected
data. Moreover, in many cases, the work processes performed in factories differ with the worker, making it
difficult to reuse labeled training data obtained from different workers. For example, in a factory line production
system, workers positioned at different stages along the line usually conduct different predefined activities.
This means that it is impossible to use training data from other workers on the same line to train an activity
recognition model of a target worker. Whereas ultra-large factories have multiple lines for the same product,
high-mix low volume production is now the mainstream production type to deal with rapid changing demands
of consumers, resulting in different activities among different lines in many cases. Therefore, activity recognition
using a limited amount of training data from a target worker is crucial in industrial domains.
The architecture of the state-of-the-art human activity recognition methods using body-worn acceleration

sensors includes an encoder–decoder with skip connections, i.e., a U-Net-based architecture [45]. The encoder
has multiple convolutional and pooling layers and gradually down-samples the input time series (sensor data) to
acquire high-dimensional representations with a low temporal resolution. Subsequently, the decoder containing
multiple deconvolution layers up-samples the low-resolution representations to output the class label for each
time step. U-Net is used for image semantic segmentation and has the advantage of capturing long-term trends
in sensor-based human activity recognition. However, because the encoder and the decoder comprise numerous
trainable nodes, the architecture requires large training data. Fig. 2 shows a distribution of the recognition
accuracy of U-Net for factory work when we performed the validation, where a set of 10-period data were used
as training data1. As the amount of training data is limited, the accuracy of U-Net, which contains large trainable
parameters, is unstable. Herein, a trainable parameter indicates a parameter of a neural network such as the
weight of a node in a densely connected layer and a weight of a kernel in a convolution layer. Even when we used
the same test and training data, the accuracy largely varied depending on random seeds, resulting in unreliable
recognition systems.

Fig. 2. Distribution of recognition accuracy of U-Net with limited training data (10 periods). Dots of the same color show
F1-measures of the same test and training sets with different random seeds.

Besides, activities that are almost performed in a predefined order can be recognized by leveraging the informa-
tion regarding their order as prior information. For example, several previous studies on activity recognition using
classic machine learning specify the transition probabilities between activities as prior information [13, 27, 34].
1Obtained periods were divided into sets of periods, with each set being composed of ten periods. Each set was used as a test set and the
other set was used as a training set. The training was conducted five times by changing random seeds. Refer to the evaluation section for the
architecture of U-Net.
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In the case of human activity recognition using deep models, we can leverage recurrent neural networks, such as
long short-term memory (LSTM), to learn the long-term trends in ordered activities. However, this approach also
requires a large amount of training data.

1.3 Approach
In this study, we propose a human activity recognition model that can be trained on a limited amount of training
data from a target worker who is engaged in repetitive works involving a predefined order of activities. Our
idea to achieve work activity recognition with limited training data is to capture only the necessary information
for precise activity recognition, with a lightweight model. As shown in Fig. 1, an acceleration segment for each
activity is complex and composed of various waveforms (corresponding to small hand actions). To precisely
recognize such activities, it would be ideal to accurately detect all these small actions. However, this approach
requires a large model and a large amount of training data. As this task, i.e., recognizing sequential activities, can
be regarded as a semantic segmentation task, we note that it is not necessary to precisely identify small actions
that are performed in the midst of an activity of interest. Instead, it is more important to precisely detect small
actions performed at the beginning and end of an activity. In other words, it is only necessary to roughly identify
actions performed in the midst of the activity. In addition, for the recognition of ordered tasks, information
regarding the previous activity of an activity of interest is an important indication that enables the precise
detection of the beginning of current activity of interest. When we can acquire long-term contextual information
regarding the previous activity (e.g., information regarding a sequence of small actions in the previous activity),
we can robustly identify the beginning of the following activity of interest. For example, when small actions A,
B, and C are usually performed in this order at the end of the previous activity, we can use that information to
identify the start time of the activity of interest.
Therefore, in this study, for precise segmentation/recognition using limited training data, we propose a

neural network architecture (called Lightweight Ordered-work Segmentation Network; LOS-Net) that performs
time-series segmentation/recognition using a decoder that captures only necessary information. Specifically,
a feature of the decoder of the LOS-Net is performing segmentation/recognition by fusing the following two
types of important information with few parameters: (i) To achieve precise segmentation, precise detection of
the boundary between consecutive activities is crucial. As shown in Fig. 1, we can observe trend changes in
sensor data at some activity boundaries (e.g., boundary between the fourth and fifth activities). Therefore, we
extract information on boundaries mainly from representations acquired in the shallow layers of the LOS-Net
encoder, which are expected to preserve the fine-grained information on boundaries, and subsequently use the
extracted boundary information to perform segmentation/recognition. (ii) Long-term context of the work process
of interest is crucial for recognizing ordered activities. As mentioned above, in the recognition of an activity,
the information regarding its previous activity (e.g., information regarding a sequence of small actions in the
previous activity) is useful. Therefore, we extract long-term context from low-resolution representations acquired
in the last layer of the encoder using a convolution layer with few parameters. In the convolution layer, we
apply a dilated convolution [10, 21, 48, 49], which inflates a convolution kernel by inserting holes between the
kernel elements, enabling a large receptive field and collection of information from distant time steps using
few parameters. Subsequently, we up-sample the low-resolution long-term context extracted by the dilated
convolution by simply using linear interpolation, enabling to up-sample the representations with no trainable
nodes. (In contrast, U-Net gradually up-samples the low-resolution representations using many deconvolution
layers, thus requiring large parameters.)

Following this, we fuse the representations regarding the boundaries and the long-term context to predict the
activity class for each time step. As mentioned above, we extract minimal important information (i.e., information
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regarding boundaries and the long-term context) for precise segmentation/recognition using the decoder with
few parameters.
To further enhance segmentation precision, the LOS-Net includes a module that refines the outputs of the

decoder by incorporating prior knowledge regarding the order of activities, which can also accelerate precise
recognition with limited training data. In the work process in a line management system, the order of activities is
generally predefined in an instruction document. In packaging tasks, the order of activities is also predefined,
e.g., making a box followed by filling it with items. In this study, we assume that the activity order is provided as
a transition matrix, and subsequently correct the outputs of the decoder based on the matrix. For example, we
assume a work process composed of activities A, B, C, D, and E performed in the same order. We also assume
that the decoder outputs show that activity E is performed immediately after activity A. We detect such outlying
transitions between the activities (i.e., A–E) by referring to the transition matrix and subsequently refine the
estimates in the segment corresponding to the transition. In addition, a refinement procedure is designed to
address the insufficiency of the training data by data augmentation.

1.4 Contributions
The research contributions of this study are as follows:

• We propose a new activity recognition network (called the LOS-Net) for ordered repetitive works in
industrial domains. The proposed network is designed to be trained on a limited amount of training data
because preparing large training data in industrial settings is expensive. The LOS-Net has the following
features compared with conventional activity recognition models: (i) The network includes a decoder with
few parameters designed to capture only the necessary information for precise segmentation/recognition:
long-term context regarding ordered works and information regarding the boundaries between consecutive
activities. (ii) The network can refine the outputs of the decoder by referring to prior information regarding
the predefined order of activities. (iii) Owing to the above features, the LOS-Net works well with a limited
amount of training data, which was investigated by experiments.

• We demonstrate the effectiveness of the proposed method using sensor data collected from actual factories
and an actual logistic center.

2 RELATED WORK
In recent years, with growing health awareness, wearable devices such as smartwatches have become increasingly
prominent and are used to record exercise, sleep, and vitals (such as heartbeat) data. Wearable devices are
equipped with various sensors, such as inertial measurement units, heart rate sensors [41], electrodermal activity
sensors [18, 28, 52], and microphones [16, 17]. Research on activity recognition using data obtained from such
sensors has been actively conducted in the field of ubiquitous computing. Particularly, accelerometers have been
gaining significant interest in many activity recognition studies because they can directly capture details of the
movements of the body parts to which they are attached. We also use accelerometers in this research.
In this section, we summarize the applications of activity recognition technologies based on accelerometers,

activity recognition methods, and industrial applications of activity recognition.

2.1 Acceleration-based Human Activity Recognition
In the field of activity recognition using accelerometers, there have been studies to recognize activities of daily
living (such as cleaning and cooking), exercises (such as running and workout), and activities of workers in
factories and hospitals [4, 6, 7, 22, 41, 54].
Recently, activity recognition methods using neural networks have been actively studied. Some methods use

recurrent models, such as LSTM and gated recurrent units (GRU) [19, 60], and others employ one-dimensional
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convolutional neural networks (CNNs) [19, 31, 33]. In addition, methods that combine CNNs and LSTM have
been studied. In particular, DeepConvLSTM proposed by Ordóñez et al. [35] has been used as a baseline in many
activity recognition studies. In this study, we also use it as a baseline for comparison. In this study, we apply a
dilated convolution to efficiently extract the long-term context in ordered activities using few parameters.
To recognize activities using acceleration data, many studies apply a sliding time window and predict the

activity class for each window [19]. In contrast, many human works in industrial domains, which are the focus of
this research, are composed of a mixture of short- and long-duration activities performed sequentially without
intervals. Recognizing such activities using a time window with a fixed window size is difficult. For example, a
small-sized window that fits short-duration activities is ineffective for long-duration activities because of their
fragmentation in the sliding time window scheme.
To address the above problem, Yao et al. [56] proposed an approach called segmentation or dense labeling,

which predicts the class label of each data point in the input time series. They also proposed a segmentation
model motivated by a fully connected network [26]. Following this study, a segmentation model based on U-Net
was proposed [61, 62]. Zheng et al. [62] used a U-net-based model for activity recognition. In their study, they
pointed out that a segmentation model generates small errors called fragmentation and substitution. They
proposed a method to reduce these errors by rule-based post-processing. A U-Net based approach for time-
series segmentation is also used in the sleep stage recognition task [36]. In this study, we propose a lightweight
segmentation model based on an encoder–decoder model. In addition, we propose a postprocessing method by
leveraging the predefined activity order.

2.2 Human Activity Recognition in Industrial Domains
Activity recognition technologies using wearable devices have been studied for applications in work environments
such as factories, logistics centers, hospitals, and nursing homes. In these domains, various applications have
been developed based on activity recognition, such as measuring the time required for a task, detecting missing
operations, and assessing the performance of workers [15].
Aehnelt et al. [1] analyzed factory assembly tasks, and discussed requirements of recognition system for the

assembly tasks. Feldhorst et al. [14] recognized activities of manual order picking in a logistics center using an
SVM and a random forest. In addition, Rueda et al. [30] proposed a model called CNN-IMU to handle multiple
IMU sensor input and evaluated it on order picking activities. Reining et al. [40] used attribute representations to
recognize irregular actions in order picking. Attribute representations are atomic human movements and poses,
and an activity can be defined as a set of attributes. For example, “walk” can be defined as “left foot or right foot,
forward and upright.” This representation enables us to easily alter the definition of an activity. However, factory
activities are too complex to describe using such attributes. In this study, we use data collected in a real logistics
center for evaluation and design a neural network tailored to recognizing ordered work activities using limited
training data. Xia et al. [54, 55] leveraged the information extracted from work instruction documents, such as
standard duration of an activity and semantic similarity between activities, to recognize factory activities using
wrist-worn accelerometers in an unsupervised manner. AI-Amin et al.[2, 3] recognized the assembly process of a
three-dimensional printer. They used an accelerometer, a gyroscope, and electromyograms (EMG) as well as a
CNN-based model for classification. An application for workers in a meat factory has also been studied [42]. In
contrast, this study proposes a neural network-based method for industrial domains that is effective even when
the amount of training data is limited.
Although many public datasets of daily activity recognition using IMU sensors are available, there are few

public datasets of industrial domains. Stiefmeier et al. [47] collected data of automobile inspection tasks and
classified a segment of the sensor data into six classes. Niemann et al. [32] created a dataset called “LARa” for
activity recognition of manual order picking and packing tasks conducted in a logistics center. They constructed
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a simulated experiment environment of a logistics center and collected data from 14 subjects. There are several
datasets available for video-based activity recognition in the industrial domains. Dallel et al. [12] constructed a
dataset called “InHARD” containing 13 different human activities in an industrial environment. Ben-Shabat et al.
[8] created the “IKEA ASM” dataset, which records furniture assembly activities. This dataset consists of sensor
data from multi-view RGB cameras and a depth camera.

3 ACTIVITY RECOGNITION WITH LOS-NET

3.1 Preliminaries
This study assumes that workers wear body-worn inertial sensors, i.e., three-axis accelerometers. In our ex-
periment, the workers wear smartwatches on both their wrists, with the accelerometers of the smartwatches
collecting data at a sampling rate of approximately 30 Hz. The workers perform repetitive works in a predefined
order of activities, as shown in Fig. 1. The goal of this study is to predict the activity class for each time step
when a small amount of training data from a target user is given.

(a) Directed Graph of Work Flow (b) Transition Matrix

Fig. 3. (a) Example flow of work process represented in directed graph. Each node corresponds to activity. Number in node
represents identifier of activity. Directed edge shows possible transition between activities. (b) Example transition matrix
constructed from example directed graph. Value of (𝑖 , 𝑗 )-th element in matrix shows if edge from 𝑖-th to 𝑗-th activity exists; 1:
True and 0: False.

As mentioned above, we assume that the order of activities is predefined. Note that although the flow of a
work process is a sequence in many cases, a work process can have a structure of a directed graph, as shown in
Fig. 3 (a). This is because the flow of a work process can change depending on the condition of the item, condition
of the work place, and other factors. An example case is that a worker assembles a new box only when the box
into which he/she has just packed becomes full.

3.2 Overview
The structure of the proposed network (LOS-Net) is shown in Fig. 4. The input of the network is a segment of
six-axis acceleration data 𝑿 with length 𝑁𝑇 as follows:

𝑿 = [𝑥1, 𝑥2, ..., 𝑥𝑡 , ..., 𝑥𝑁𝑇
] .

The output of the network is a series of activity estimates �̂� with length 𝑁𝑇 as follows:

�̂� = [𝑦1, 𝑦2, ..., 𝑦𝑡 , ..., 𝑦𝑁𝑇
] .
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Fig. 4. Architecture of LOS-Net

For each data point 𝑥𝑡 at time 𝑡 , the network outputs a class probability vector 𝑦𝑡 , which is an 𝑁𝐶 -dimensional
vector, with the 𝑐-th element presenting the class probability of the 𝑐-th activity class. 𝑁𝐶 is the number of activity
classes.
As shown in Fig. 4, the LOS-Net is composed of three main components: encoder, decoder, and refinement

module. The encoder is composed of multiple convolution layers (residual blocks [20]) and extracts features in
various time scales (i.e., long- and short-term trends). The decoder processes the extracted features to output
the class estimate for each time step. The decoder is composed of three components: Work Process Context
Pooling (WPCP) module, Boundary Detector, and Context–Boundary Integrator. The WPCP module extracts the
long-term context of the work process (i.e., ordered work) from representations with low temporal resolutions
extracted from the last block of the encoder. Because the size of some convolution kernels in the WPCP module is
large, the kernels can collect information from distant time steps, which will be introduced in Fig. 6 (a). Therefore,
the module can recognize information regarding previous/following activities using the kernels. For example,
when the center of a kernel is at time 𝑡 and the time corresponds to the start time of activity C, the kernel with a
large size can collect information regarding the activities conducted before activity C. When activities A and
B are conducted in this order before activity C, the WPCP module can predict the current activity at time 𝑡 by
referring to this information collected by the kernel. The boundary detector extracts fine-grained information
regarding the activity boundaries. The context–boundary integrator fuses the long-term context of the work
process and the information on the boundaries to output the class estimate for each time step. The refinement
module of the LOS-Net refines the outputs of the decoder based on prior knowledge on the order of activities.

Because the duration of some activities is extremely short, as shown in Fig. 1, it is difficult for a window-based
approach to handle these activities, as mentioned in Section 2.1. Therefore, we decided to use an encoder–decoder
architecture, enabling the prediction of a class label for each data point. To achieve a light-weight encoder–decoder
model in comparison to normal encoder–decoder models, we included the boundary detector and WPCP module,
which were designed to extract minimal important information. In addition we designed the refinement module to
deal with sporadic errors in the outputs of the encoder–decoder model. Because the boundary detector estimates
the start/end times of each activity class independently, we can regard the boundary detector as not considering
the relationship among the activity classes. Instead, the WPCP module captures the temporal relationship among
the activity classes using its dilated convolution kernels.
Here, we introduce the three main modules of the LOS-Net (i.e., encoder, decoder, and refinement module).
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3.3 Encoder
The encoder of the LOS-Net is composed of a convolution block and four residual blocks [20], enabling the
construction of a deep model with residual connections. The first convolution block is composed of a 1D-
convolution layer with 64 kernels of kernel length 3. The rationale of using only the first block as the convolution
layer is that using raw sensor data for a skip connection is irrelevant. Each residual block is mainly composed
of two 1D-convolution layers, as shown in Fig. 5 (a). In a residual block, the input of the block (processed by
one convolution layer for a skip connection) and the output of the second convolution layer are added to avoid
gradient diffusion (i.e., skip connection) as follows:

𝑿𝐵𝑖 = ReLU(1DConv2(𝑿𝐵 (𝑖−1) ) + 1DConv(𝑿𝐵 (𝑖−1) )),
where𝑿𝐵𝑖 is the output of the 𝑖-th block, 1DConv2() denotes two 1D-convolution layers with batch normalization
in the residual block, 1DConv() denotes the 1D-convolution layer for a skip connection, and ReLU() is the rectified
linear activation function.

(a) Architecture

Block Down-sampling (stride) 𝐶𝐵𝑖 𝑇𝐵𝑖

2 Yes (𝑆 = 2) 32 𝑁𝑇 /2
3 Yes (𝑆 = 2) 64 𝑁𝑇 /4
4 Yes (𝑆 = 2) 128 𝑁𝑇 /8
5 No (𝑆 = 1) 256 𝑁𝑇 /8

(b) Parameters

Fig. 5. Overview of residual block. (a) Architecture of residual block in encoder. “k3s1” denotes parameter setting of convolution
layer. For example, it represents kernel of kernel size 3 and stride length 1. “(𝐶𝐵𝑖 ,𝑇𝐵𝑖 )” presents shape of tensor, i.e., 𝐶𝐵𝑖 -
dimensional time series with length 𝑇𝐵𝑖 . (b) Parameters used in each residual block. 𝐶𝐵𝑖 is number of kernels in first and
second convolution layers. 𝑇𝐵𝑖 is length of output time series.

The deeper block in the encoder outputs shorter representations in time (i.e., lower resolution) with a higher
dimension, which describe the long-term contexts. The table in Fig. 5 (b) lists the number of kernels in the first
and second convolution layers in a residual block (𝐶𝐵𝑖 ) as well as the length of the output time series (𝑇𝐵𝑖 ). The
2nd, 3rd, and 4th blocks in the encoder down-sample the input time series using a kernel stride length of two. For
example, the output of the second block is a 64-dimensional time series with length 𝑁𝑡/2. The output of the 5th
block is a 256-dimensional time series with length 𝑁𝑡/8.

3.4 Decoder
As mentioned above, the decoder is composed of three components: WPCP module, boundary detector, and
context–boundary integrator. The context–boundary integrator fuses the outputs of the WPCP module and the
boundary detector.

3.4.1 Work Process Context Pooling (WPCP) Module. The WPCP module extracts the long-term context of
ordered activities from the outputs of the last residual block in the encoder with few parameters. This module
is inspired by the studies on image segmentation by Xi and Chen [11, 53]. Note that unlike in image-based
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(a) Dilated Convolution (b) WPCP Module

Fig. 6. Overview of WPCP module. (a) Feature extraction from the input 𝑿𝑖𝑛 with a dilated convolution kernel. Four example
kernels are presented. The first is a standard convolution kernel with dilation rate 𝑟 = 1, and the other examples are dilated
convolution kernels with 𝑟 = 3, 𝑟 = 6, and 𝑟 = 12, respectively. For example, the second example kernel (𝑟 = 3) uses values of
only 0, ±3, ±6, and ±9 time steps for convolution. (b) Using multiple dilated convolution kernels with different dilation rates
to extract long-term work process context.

segmentation, it is important for our task to capture long-term contexts regarding a sequence of small actions in
the previous/next activity as mentioned in the introduction section.
To collect information from distant time steps with few parameters, the WPCP module leverages dilated

convolution kernels [11]. As shown in Fig. 6 (a), a dilated convolution performs feature extraction using an
inflated kernel by inserting holes between the kernel elements, enabling the collection of information from distant
time steps with few kernel parameters. For example, the example second kernel shown in Fig. 6 (a), i.e., 𝑟 = 3, has
a wide receptive field of nineteen time steps with only seven kernel parameters. As expressed in the following
equation, a dilated convolution is applied to the segment centered at the 𝑖-th element of an input 𝑿𝑖𝑛 , enabling a
large receptive field (2𝐶 · 𝑟 + 1) with few parameters (2𝐶 + 1).

DiConv(𝑿𝑖𝑛, 𝑖) =
𝐶∑︁

𝑘=−𝐶
𝑥𝑖𝑛
𝑖+𝑟 ·𝑘𝑤 [𝑘 +𝐶],

where 𝑥𝑖𝑛𝑖 is the 𝑖-th element in 𝑿𝑖𝑛 , 𝑟 is the dilation rate, which specifies the spacing between the elements in
𝑿𝑖𝑛 , 𝑤 is an array storing the kernel weights of the dilated convolution kernel, and 2𝐶 + 1 is the kernel size
(number of kernel weights).

Figure 6 (b) shows the architecture of the WPCP module. The output of the last block of the encoder, 𝑿𝐵5, is
fed into the point-wise convolution layer for dimensionality reduction. We denote the output of this convolution
as 𝑿 ′

𝐵5. Subsequently, the WPCP module applies multiple dilated convolutions with different dilation rates to
𝑿 ′

𝐵5 to obtain 𝑿𝑊𝑃𝐶𝑃 as follows:

𝑿𝑊𝑃𝐶𝑃 = PwConv( [PwConv(𝑿 ′
𝐵5),Conv(𝑿 ′

𝐵5, 𝑘 = 7),DiConv(𝑿 ′
𝐵5, 𝑘 = 7, 𝑟 = 3),

DiConv(𝑿 ′
𝐵5, 𝑘 = 15, 𝑟 = 6),DiConv(𝑿 ′

𝐵5, 𝑘 = 15, 𝑟 = 12), ]⊤)
where DiConv(·, 𝑘, 𝑟 ) is a dilated convolution with dilation rate 𝑟 and kernel length 𝑘 , and PwConv(·) is a
point-wise convolution, i.e., its kernel size is one. The first three convolutions (intra-activity information in Fig. 6
(b)) use small dilation rates to obtain short-term context, e.g., surrounding small actions.

As mentioned above, it is important for our task to capture long-term information related to a sequence of small
actions in the previous/next activity unlike the image segmentation task. The main feature of the WPCP module
is the extraction of such long-term context through the remaining two convolutions (inter-activity information
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in Fig. 6 (b)) that use larger dilation rates and kernel sizes, enabling information on each of the sequential
small actions in the previous/next activity to be convolved. As shown in Fig. 6 (a), the dilated convolutions for
inter-activity information (𝑟 = 6 and 𝑟 = 12) can collect information within ranges of up to 11.2 s and 22.4 s2
before and after the time step of the kernel center, respectively.
Subsequently, linear interpolation is conducted to extend the length of 𝑿𝑊𝑃𝐶𝑃 to 𝑁𝑇 . As above, the WPCP

module extracts the long-term context regarding the work process using few parameters (0.4M parameters3).
Refer to the Evaluation section for the analysis of the number of parameters of the LOS-Net.
Figure 7 shows an example output of the WPCP module 𝑿𝑊𝑃𝐶𝑃 (and 𝑿 ′

𝐵5) with ground truth activity labels,
indicating that the output can approximately capture the trend changes of the sequence of activities. However,
we also find that the output cannot precisely present the trend changes (e.g., the boundary between the fifth and
sixth activities).

Fig. 7. Example of 𝑿 ′
𝐵5 and 𝑿𝑊𝑃𝐶𝑃 with ground truth activity labels. 𝑿𝑊𝑃𝐶𝑃 seems to have many peaks around activity

boundaries compared to 𝑿 ′
𝐵5, indicating that dilated convolutions integrate information at distant time steps in 𝑿 ′

𝐵5.

3.4.2 Boundary Detector. The boundary detector extracts fine-grained information regarding the activity bound-
aries from the output of the encoder. The aim of this module is to provide information on the possible boundaries
of each activity to the context–boundary integrator. We assume this boundary detection problem to be a multilabel
classification problem. As shown in Fig. 8, the input of the boundary detector comprises the outputs of the first
three blocks of the encoder and the up-sampled outputs of the WPCP module; the output of the boundary detector
provides an estimate of the start/end times of each activity. More specifically, the output of the boundary detector
is a 2𝑁𝐶 -dimensional time series with length 𝑁𝑇 because the output is a series of estimates of the start/end times
of each activity class. For example, a series of estimates of the start times of the 𝑐-th activity class is expressed as
follows:

𝒃𝑠𝑡𝑐 = [𝑏𝑠𝑡,𝑐1 , 𝑏
𝑠𝑡,𝑐
2 , ..., 𝑏

𝑠𝑡,𝑐
𝑡 , ..., 𝑏

𝑠𝑡,𝑐

𝑁𝑇
],

where 𝑏𝑠𝑡,𝑐𝑡 is the probability of the start time of the 𝑐-th activity at time 𝑡 . Therefore, the output of the boundary
detector is expressed as follows:

�̂� = [𝒃𝑠𝑡1 , 𝒃𝑒𝑑1 , ..., 𝒃𝑠𝑡𝑐 , 𝒃𝑒𝑑𝑐 , ..., 𝒃𝑠𝑡𝑁𝐶
, 𝒃𝑒𝑑𝑁𝐶

]⊤,
222.4 = 84 × 8/30. Thirty is the sampling frequency of the input signal.
3𝐶𝐵5 = 256,𝐶𝑊𝑃𝐶𝑃 = 128. Only the parameters in the convolution layers are considered.
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where 𝒃𝑒𝑑𝑐 denotes a series of estimates of the end times of the 𝑐-th activity.
This study assumes multilabel classification instead of multiclass classification because the latter can mistake

the end times with the start times of two consecutive activities, resulting in their miss-detection. Assume that
activities A and B are conducted in this order. Because the end times of activity A and start times of activity B are
similar in the sensor data, multiclass classification for discriminating them may not work well.

Fig. 8. Overview of the boundary detector

The architecture of the boundary detector shown in Fig. 8 is inspired by the study of Yu et al. [58] on image-based
boundary detection. Note that unlike in image-based boundary detection, because the boundaries corresponding
to the start and end times of an activity should be different in an activity recognition task, the boundary detector is
designed to detect these boundaries individually. We perform boundary detection by leveraging two information
types: “shallow features” and “class features.” The shallow features are extracted from the shallow blocks in
the encoder and contain the information regarding the trend changes with fine temporal resolutions. The class
features are extracted from the last block and contain the long-term context information regarding the start/end
times of each class. Therefore, the class features have 2𝑁𝐶 dimensions (2 corresponds to the start and the end).
To compute the shallow features, as shown in the “Boundary Feature Extractor” of Fig. 8, we first apply a

point-wise convolution for the dimensionality reduction to the outputs of each block. Following this, we apply
linear interpolation to extend the length of the convolved outputs to 𝑁𝑇 . The number of dimensions of the outputs
from the first, second, and third blocks is reduced to 𝐶𝑆𝐹 = 16. These features are concatenated to form 𝑿𝑆𝐹 with
shape (3𝐶𝑆𝐹 , 𝑁𝑇 ), corresponding to the shallow features.
To compute the class features, we also apply a point-wise convolution to reduce the number of dimensions

to 2𝑁𝐶 (“Boundary Feature Extractor” in Fig. 8). Therefore, the class features, 𝑿𝐶𝐹 , are a 2𝑁𝐶 -dimensional time
series with length 𝑁𝑇 . 𝑿𝐶𝐹 consists of 1D time series with length 𝑁𝑇 for the start/end of each class as follows:

𝑿𝐶𝐹 = [𝒙𝑠𝑡𝐶𝐹1, 𝒙
𝑒𝑑
𝐶𝐹1, ..., 𝒙

𝑠𝑡
𝐶𝐹𝑐 , 𝒙

𝑒𝑑
𝐶𝐹𝑐 , ..., 𝒙

𝑠𝑡
𝐶𝐹𝑁𝐶

, 𝒙𝑒𝑑𝐶𝐹𝑁𝐶
]⊤,

where 𝒙𝑠𝑡
𝐶𝐹𝑐

is a time series for the start times of the 𝑐-th activity class and contains the long-term context
regarding these start times.

Subsequently, we perform multilabel classification by fusing the shallow and class features. For the start/end
times of each activity class, first, we concatenate the copied shallow features with the corresponding class features,
resulting in a tensor with shape (3𝐶𝑆𝐹 + 1, 𝑁𝑇 ) as shown in “Shared Concatenation” in Fig. 8. For example, for the
start times of the 𝑐-th activity class, we concatenate 𝑿𝑆𝐹 with 𝒙𝑠𝑡

𝐶𝐹𝑐
. After this procedure, we obtain the prediction

results (e.g., 𝒃𝑠𝑡𝑐 ) of the start/end times of each class by feeding the concatenated tensor to a convolution layer,
enabling to predict 𝒃𝑠𝑡𝑐 using its related features (i.e., 𝑿𝑆𝐹 and 𝒙𝑠𝑡

𝐶𝐹𝑐
). Finally, we produce �̂� by concatenating the

prediction results.

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 6, No. 2, Article 86. Publication date: June 2022.



Acceleration-based Activity Recognition of Repetitive Works with Lightweight Ordered-work Segmentation Network • 86:13

To estimate the start/end times of the activity, we employ the Tversky loss function [46] in the model training.
The boundary detection task suffers from the class imbalance problem as the number of negative samples
overwhelms the number of positive samples. Tversky loss is a loss function that is suitable for learning such
imbalanced data by independently adjusting the weight of both precision and recall. The loss function based on
the Tversky loss for multilabel classification can be calculated as follows:

L𝑏 =
∑︁

𝑐,𝑝∈{𝑠𝑡,𝑒𝑑 }
TL(𝒃𝑝𝑐 , 𝒃

𝑝

𝑐,𝐺𝑇
, 𝛽𝑓 𝑝 , 𝛽𝑓 𝑛),

where 𝒃𝑝𝑐 denotes the estimates of the start/end times of the 𝑐-th activity, and 𝒃𝑝
𝑐,𝐺𝑇

denotes the ground truth of
the start/end times of the 𝑐-th activity. Tversky loss TL(·) is defined as follows:

TL(𝒃𝑝𝑐 𝒃
𝑝
𝑐 , 𝛽𝑓 𝑝 , 𝛽𝑓 𝑛) =

∑𝑁𝑇

𝑖=1 𝑏1𝑖𝑏1𝑖∑𝑁𝑇

𝑖=1 𝑏1𝑖𝑏1𝑖 + 𝛽𝑓 𝑝
∑𝑁𝑇

𝑖=1 𝑏1𝑖𝑏0𝑖 + 𝛽𝑓 𝑛
∑𝑁𝑇

𝑖=1 𝑏0𝑖𝑏1𝑖
,

where 𝑏1𝑖 and 𝑏0𝑖 denote the estimated probabilities for the positive/negative class at time step 𝑖 , and 𝑏1𝑖 and 𝑏0𝑖
are the associated ground truths. 𝛽𝑓 𝑝 and 𝛽𝑓 𝑛 are the weights for false positives and false negatives, respectively.
We train the boundary detector to minimize the error between 𝒃𝑛𝑐 and 𝒃𝑛

𝑐,𝐺𝑇
using the above loss function.

Note that the ground truth value for 𝒃𝑠𝑡
𝑐,𝐺𝑇

at time 𝑡 is defined as follows:

𝑏
𝑠𝑡,𝑐

𝑡,𝐺𝑇
=

{
1 if MinTempDist(𝑆𝑠𝑡,𝑐 , 𝑡) < 𝑇𝑏𝑑
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

,

where 𝑆𝑠𝑡,𝑐 is a set of the start times of the 𝑐-th activity class, MinTempDist(𝑆𝑠𝑡,𝑐 , 𝑡) calculates the minimum
temporal absolute distance between time 𝑡 and its closest starting time of the 𝑐-th activity, and𝑇𝑏𝑑 is the threshold
for defining the boundaries. Therefore, the boundary detector is trained to detect 2𝑇𝑏𝑑 -second segments centered
at the start/end time. For the model training, refer to Section 3.6 in detail.

Figure 9 shows an example output of the boundary detector with ground truth activity labels. Although there
are several false positives of the detected boundaries (start and end times), the boundaries between consecutive
activities are precisely detected.

Fig. 9. Example output of boundary detector with ground truth activity labels. Upper graph shows estimates of start/end
times of “Attach Label 2” activity. Lower graph shows estimates of start/end times of “Read Label 2” activity.
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3.4.3 Context–Boundary Integrator. The context–boundary integrator integrates the outputs of the WPCP
module and the boundary detector to predict the activity estimate for each time step, as shown in Fig. 10. To
utilize the fine-grained boundary information predicted for each activity class, this module first extracts the
features for each class and subsequently combines the features of all classes to perform multiclass classification.
First, the up-sampled output of the WPCP module and the output of the boundary detector are concatenated by
shared concatenation as shown in “Shared Concatenation” in Fig. 10. For example, we concatenate up-sampled
𝑿𝑊𝑃𝐶𝑃 , 𝒃𝑠𝑡𝑐 , and 𝒃𝑒𝑑𝑐 for the 𝑐-th class. The first convolution layer processes the concatenated tensor for each
class. We concatenate the outputs from the first convolution layer for all classes, and feed it to the second, third
and fourth convolution layers, enabling the consideration of the relationships among the classes in generating
the multiclass classification results, �́�0; this is an 𝑁𝐶 -dimensional time series with length 𝑁𝑇 .

Fig. 10. Overview of the context–boundary integrator

3.5 Refinement Module
The refinement module corrects the sporadic errors in the output of the decoder. The input of the module is �́�0,
which is the output of the decoder, and its output is a corrected series of the activity estimates, �̂� . The input
(output) is an 𝑁𝐶 -dimensional time series with length 𝑁𝑇 . A 𝑁𝐶 -dimension vector at time 𝑡 in the time series
provides the class probability of each class at time 𝑡 . Fig. 11 (a) is an example output of the decoder, showing an
𝑁𝐶 -dimensional time series as a heat map. We can see many sporadic errors in the estimates.
The refinement is conducted based on a predefined order of activities. The refinement module corrects the

erroneous transitions in �́�0 that are not specified in the predefined order. In Fig. 3 (a), the order (flow) is presented
as a directed graph. We convert the graph into a transition matrix 𝑴 , as shown in Fig. 3 (b), which is used in the
refinement module. 𝑴 is an 𝑁𝐶 × 𝑁𝐶 matrix, with the (𝑖, 𝑗)-th element showing whether the transition from the
𝑖-th to 𝑗-th activity is available in the directed graph. Here,𝑚𝑖, 𝑗 is the (𝑖, 𝑗)-th element of 𝑴 and is calculated as
follows:

𝑚𝑖, 𝑗 =


NaN if 𝑖 = 𝑗

1 else if the graph has an edge from the 𝑖-th activity to the 𝑗-th activity
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

,
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We believe that prior information should be simple to the maximum extent because we assume that it is prepared
by non-activity recognition researchers. Therefore, this study uses a simple directed graph (and a transition
matrix) as the prior information.
Figure 12 (a) shows the architecture of the refinement module consisting of three refinement blocks. In each

refinement block, which is shown in Fig. 12 (b), first we calculate the transition costs, which represent the costs
of the activity transitions in the input of the block. When a transition that is not specified in the transition matrix
occurs, its corresponding cost is high. Subsequently, we apply convolution layers to correct the estimates near
high-transition costs.

Fig. 11. Example of estimate correction by refinement module. (a) Example output of decoder �́�0. (b) Calculated transition
costs from decoder output. 𝛼 is 0.1. (c) Example output of refinement module �̂� .

(a) Refinement Module (b) Refinement Block

Fig. 12. Overviews of (a) refinement module and (b) refinement block

3.5.1 Computing Transition Costs. Using 𝑴 and the input of the refinement block, �́�𝑛 (�́�0, �́�1, or �́�2), we compute
the transition costs, 𝑪 , which are a series of length 𝑁𝑇 whose 𝑡-th element 𝑐𝑡 shows a transition cost at time 𝑡
calculated as follows:

𝒄𝑡 =


0 if arg max(𝑦𝑡 ) = arg max(𝑦𝑡+1)
𝛼 else if𝑚𝑖, 𝑗 == 1
1 else if𝑚𝑖, 𝑗 == 0

,
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where 𝛼 is the unified cost of the possible transitions (0 < 𝛼 < 1) and 𝑦𝑡 is an element of the input �́�𝑛 (�́�0, �́�1 or �́�2)
at time 𝑡 , i.e., the class estimate at time 𝑡 . Therefore, when a transition of the class estimates from time 𝑡 to time
𝑡 + 1 occurs and is unavailable in the transition matrix (i.e., the element corresponding to the transition is zero),
𝑐𝑡 is one. When the transition occurs and is available in the transition matrix (i.e., the element corresponding to
the transition is one), 𝑐𝑡 is 𝛼 . As shown in the example in Fig. 11 (b), 𝑐𝑡 has a large value when sporadic errors
occur in the estimates of the decoder. When feeding the transition costs 𝐶 into the network, the moving sum
with window size𝑤𝑐𝑜𝑠𝑡 is applied to smooth out the costs.

3.5.2 Refining Estimates. Each refinement block corrects the errors in its input �́�𝑛 using �́�𝑛 and 𝑪 . First, we apply
a dilated convolution to correct the prediction errors for each activity class. This is because information from
distant time steps is necessary to correct the errors having relatively long durations, e.g., the sporadic error at
the beginning of the fourth activity in Fig. 11 (a). Subsequently, we combine the results of the above process for
all classes to correct the errors by considering the relationships among the classes. Note that, as shown in Fig.
12 (b), we introduce a skip connection to prevent ambiguous class estimates at the activity boundaries. In our
preliminary experiment, we found that class estimates around an activity boundary become ambiguous, i.e., the
probability values corresponding to the correct classes become small, even when the transition is correct. This
is because of the above convolution operators, which collect the information within a long time window and
convolve them. Therefore, we employ a skip connection to recover the original high probability values in �́�𝑛 .

First, for the 𝑐-th class, we extract �́�𝑛,𝑐 from �́�𝒏. Here, �́�𝑛,𝑐 is a 1D time series with length 𝑁𝑇 , whose element at
time 𝑡 denotes the class probability of the 𝑐-th class at time 𝑡 . We concatenate �́�𝑛,𝑐 with 𝑪 and apply point-wise
and dilated convolutions with different dilation rates as follows:

𝒇𝑐 = PwConv(PwConv( [�́�𝑛,𝑐 , 𝑪]⊤) +
∑︁

𝑟=3,6,12,15
DiConv( [�́�𝑛,𝑐 , 𝑪]⊤, 𝑟 )).

Subsequently, the outputs (i.e., 𝒇𝑐 ) of all classes, 𝑪 , and �́�𝑛 are concatenated and fed into the two convolution
layers to output the corrected estimates, �́�𝑛+1.

�́�𝑛+1 = 1DConv(1DConv( [𝒇1,𝒇2, . . . ,𝒇𝑁𝐶
, 𝑪, �́�𝑛]⊤)).

Fig. 11 (c) shows an example of the corrected estimates by the refinement module, showing that sporadic errors
are corrected.
We train the refinement blocks of the refinement module using the following loss function:

L𝑟 = 𝛾1CE(�́�1, 𝒀 ) + 𝛾2CE(�́�2, 𝒀 ) + 𝛾3CE(�́�3, 𝒀 ),
where CE() computes the log–softmax cross-entropy and 𝛾1, 𝛾2 and 𝛾3 are trade-off parameters. The first CE()
in the loss function is responsible for the first refinement block and calculates the error between the output of
the first refinement block �́�1 and ground truth 𝒀 . The second and third CE() in the loss function are responsible
for the second and third refinement blocks. By employing CE() for each refinement block, we can efficiently
guide the parameter update of the independent blocks. In addition, we use a larger value of 𝛾𝑛 for a deeper block,
enabling gradual correction of the errors in the predictions of the decoder.

3.5.3 Data Augmentation for Refinement Module. Because we assume that the amount of training data is limited,
it is possible that the refinement module cannot learn various patterns of wrong estimates in �́� . Therefore,
we perform data augmentation using �́�0 (and 𝒀 ) and fine-tune the refinement module on the augmented data
independent of the encoder and the decoder. Refer to Section 3.6 for the procedure of training in detail.
Here, we introduce the procedure for performing data augmentation in this method. Because an input of the

refinement module is simple, i.e., a series of probability vectors �́�0, we can randomly generate various inputs
based on it. We randomly generate �́�𝑟 from �́�0 in the training data by (i) changing the duration of each activity
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and (ii) inserting sporadic errors. To generate various �́�𝑟 , first, we randomly extend/shorten the duration of each
segment of an activity in �́�0 by linear interpolation/down-sampling. For example, when activity A occurs at time
𝑡𝑎 and its duration is 𝑑𝑎 in 𝒀 , we shorten/extend the duration by randomly sampling the new duration, 𝑑𝑛𝑒𝑤𝑎 .
The new duration is sampled from the normal distribution. The mean and variance of the normal distribution is
obtained from ground truth 𝒀 in training data.
Following this, we randomly insert error predictions in the series of probability vectors. For each segment

of an activity, we assume that the prediction errors follow a Poisson distribution and persist as an exponential
distribution, and randomly generate segments of the error predictions based on the assumption. Assume that
an activity A occurs between times 𝑡𝑠 and 𝑡𝑒 . First, we randomly determine the number of error segments for
inserting. Subsequently, for each error segment, we randomly determine the start and end times using the above
distributions. The start and end times are selected from a segment between times 𝑡𝑠 and 𝑡𝑒 so that the error
segments do not overlap with each other.

3.6 Network Training
We train the LOS-Net by backpropagation based on SGD with momentum by minimizing the following loss
function:

L(\𝑒 , \𝑑 , \𝑟 ) = 𝛾0L𝑐 (\𝑒 , \𝑑 ) + 𝛾𝑏𝑑L𝑏 (\𝑒 , \𝑑 , \𝑟 ) + L𝑟 (\𝑒 , \𝑑 , \𝑟 ),

where \𝑒 , \𝑑 , and \𝑟 are the network parameters of the encoder, decoder, and refinement module, respectively. 𝛾0
and 𝛾𝑏𝑑 are trade-off parameters. In addition, L𝑐 (·) is the cross-entropy loss associated with the class prediction
of the decoder, i.e. L𝑐 = CE(�́�0, 𝒀 ).

We train the model in two steps as it is difficult to train three refinement blocks simultaneously. First, we train
the encoder, decoder, and the first refinement block for 𝑁𝑒1 epochs with a learning rate of 𝑙𝑟1, using L𝑐 , L𝑏 , and
the first term of L𝑟 . Subsequently, we train the second and third refinement blocks for 𝑁𝑒2 epochs with 𝑙𝑟2 on the
augmented data, with L𝑟 . To accelerate the training, the parameters of the second and third refinement blocks
were initialized with the weights of the first refinement block that had already been trained in the first step. In
the second step of training, the parameters of the encoder, decoder and the first refinement block are fixed.

4 EVALUATION

4.1 Dataset
We evaluated the LOS-Net using acceleration data collected from 11 workers at actual factories and a logistics
center. The data were collected from the smartwatches (Sony SmartWatch3 SWR50) worn on both hands, with
a sampling rate of approximately 30 Hz. The collected data were manually annotated to generate the ground
truth labels using video recordings. Activity labels were labeled by employed annotators with supervision by
industrial engineers. The definitions of the activities were determined based on instruction documents of these
tasks prepared by managers of the sites. Table 1 provides an overview of our dataset. Note that a “period” in the
table implies one iteration of the activities, as shown in the upper part of Fig. 1. The work processes conducted
by the different workers are different. The “work type” row shows a rough category of the work by each worker.
An overview of the work types is provided in Table 2. The packing works are highly variable compared to the
other works because the size and number of items to pack are different in different periods.
Because a flow of activities in an instruction document of a work process is provided as a tree or a series of

ordered activities (with branches described in text) in an Excel file, we constructed a directed graph based on the
flow. Fig. 13 shows the directed graphs of example work processes.
As a preprocessing, acceleration values greater than +3 G or smaller than −3 G were clipped to address the

measurement errors. Subsequently, normalization was performed for each axis.
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Table 1. Dataset overview

Worker A B C D E F G H I J K
# of periods 40 40 40 40 40 60 100 30 50 20 70
# of activities (𝑁𝐶 ) 12 12 16 16 19 19 14 14 9 10 10
AVG period duration 117s 127s 132s 118s 104s 103s 81s 134s 68s 106s 135s
(SD of duration) (15s) (20s) (41s) (12s) (64s) (17s) (11s) (66s) (27s) (35s) (54s)
data duration 78m4s 84m57s 88m33s 78m52s 69m31s 103m58s 136m23s 67m11s 57m7s 35m22s 158m0s
work type SCREW SCREW CHECK CHECK SCREW SCREW CHECK CHECK PACK PACK PACK

Table 2. Work overview

Work Type Location Description
SCREW Factory Install screws on products
CHECK Factory Check final products and record results
PACK Logistics Center Pack multiple items in a box

(a) Work Flow of Subject A (b) Work Flow of Subject I

Fig. 13. Examples of work flows

4.2 Evaluation Methodologies
This study assumes that a limited amount of training data is provided. Therefore, for each worker, first, we divided
the obtained periods into sets of periods, with each set being composed of ten periods, resulting in 𝑁𝑓 𝑜𝑙𝑑 sets.
Subsequently, we trained the recognition model on a set of periods and tested the model on the remaining sets (i.e.,
𝑁𝑓 𝑜𝑙𝑑 − 1 sets). We repeated this procedure so that each set became the training data once. For robust evaluation,
we repeated this cross-validation five times with different random seed settings. The recognition method was
evaluated using the macro-averaged F1-measure based on an estimate for each time step. The macro-averaged
F1-measure is a widely used metric that is less affected by a class imbalance because it is computed by simply
averaging the F1-measures computed for each class. Because our dataset is class-imbalanced, we use this metric
for this experiment.
To evaluate the effectiveness of the LOS-Net, we designed the following methods:
• SVM(W): This is a classic machine learning method using a sliding time window. In this study, we used a
sliding time window with length 3 seconds without overlap. Handcrafted features were extracted within a
window and concatenated to form a feature vector. Specifically, we extracted 14 types of features from
each axis based on prior activity recognition studies [43]. SVM with radial basis function (RBF) was used.
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• CNN(W): This is a re-implementation of BaselineCNN proposed in a related study [35]. This model is a
baseline for deep learning using a sliding time window. Acceleration data within each window were fed
into four convolutional layers, followed by two fully connected layers. The number of units and kernel size
are set as in the previous study.

• CNN: This method performs dense labeling (i.e., predicting a class label for each data point) using only
convolutional operations. The network is composed of eight convolutional layers with a kernel length of
five, followed by the output layer. The numbers of filters in the first six layers and the last two layers are 64
and 128, respectively.

• ConvLSTM: We re-implemented the ConvLSTM model proposed in [35]. The model consists of five
convolution layers with stride 1 followed by two LSTM layers with 128 hidden units. The number of units
and kernel size were set as in the related studies [35, 62].

• LOS-Net(+attn32): This is a variant of the proposed method, and applies self-attention [50] instead of
the WPCP module. The output of the encoder is fed into an attention layer with 32 attention heads. The
attention output is then multiplied by the output of the encoder, and then fed into the context–boundary
integrator. Because of the slow convergence of this architecture, we trained this model for 800 epochs,
which is twice the number of epochs of the proposed method.

• U-Net: We re-implemented the model proposed in [62]. This model consists of five encoding and decoding
blocks. Each block is composed of two convolution and pooling/unpooling layers. The number of units and
the kernel size were set as in the related study [62]. This method is the one of the state-of-the-art models
for human activity segmentation.

• LOS-Net: This is the proposed method.

In the window-based approaches, i.e., SVM(W) and CNN(W), the prediction result for a window is expanded
to the size of the window, enabling calculation of the F1-measure based on all time steps. In the training of
window-based models, the activity class at the last time step in the window is used as the ground truth for that
window and models are trained to predict them. In the segmentation approaches, a segment of length 60 s (i.e.,
𝑁𝑇 corresponds to the length of 60-second data) is fed to the models.
In addition, we established the following methods to evaluate each function in the LOS-Net:

• LOS-Net(-WPCP): This is a variant of the LOS-Net. This method does not use the WPCP module (and
the refinement module). Therefore, the output of the fifth block is directly fed to the context–boundary
integrator.

• LOS-Net(-B): This is a variant of the LOS-Net. This method does not use the boundary detector (and the
refinement module). Therefore, an input of the context–boundary integrator is only an output of the WPCP
module.

• LOS-Net(-R): This is a variant of the LOS-Net. This method does not use the refinement module. Therefore,
an output of this method is identical to an output of the decoder.

• LOS-Net(-R2): This is a variant of the LOS-Net. This method does not execute the second training step,
i.e., refinement using the augmented data.

We implemented the models using PyTorch and Sklearn. We executed this experiment on a GPU cluster. The
accelerator used in this experiment is Geforce GTX 1080, Geforce RTX 2070, Quadro RTX 8000, or Titan RTX.
Table 3 lists the experimental parameters used in this experiment. Different 𝑁𝑒1 were used depending on the
experimental settings and model characteristics. In Zhang’s experiment [62], the networks were trained for
100 epochs. However, the number of batches per epoch, i.e., the number of model updates, is smaller in our
experiment because the number of samples is smaller. To compensate for this, we increased the number of epochs
to 𝑁𝑒1 = 300. For the methods that include boundary detection, i.e., LOS-Net, LOS-Net(-WPCP), and LOS-Net(-R),
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we set 𝑁𝑒1 = 400. This is because the boundary detection task is harder and requires more iterations to reduce
the loss for boundary detection compared to the segmentation task.

Table 3. Experimental parameters

Model Training (1st Step) Refinement (2nd Step)
𝐶𝑊𝑃𝐶𝑃 128 Optimizer SGD with momentum Optimizer SGD with momentum
𝐶𝑆𝐹 16 – momentum 0.9 – momentum 0.9
𝐶𝑟𝑒 𝑓 𝑖𝑛𝑒 2𝑁𝐶 – 𝑙𝑟1 5.00E-02 – 𝑙𝑟2 1.00E-02
𝛼 (transition cost) 0.1 batch size 16 batch size 16
𝑤𝑐𝑜𝑠𝑡 30pt 𝑁𝑒1 300 𝑁𝑒2 100

𝑁𝑒1 (w/ boundary detection) 400 𝛾2 0.95
𝛾0 0.95 𝛾3 1
𝛾1 1
𝑇𝑏𝑑 15pt
𝛽𝑓 𝑝 0.4
𝛽𝑓 𝑛 0.6

Table 4 shows the number of parameters for each method. The parameters for the LOS-Net are approximately
1/10 of those for the U-Net. Compared to the U-Net, the number of parameters of the LOS-Net is smaller for both
the decoder and encoder. As the LOS-Net resolves long-term dependencies with the WPCP module, we used an
encoder with a smaller number of blocks than for the U-Net. Note that to make the U-Net capture long-term
dependencies, it is necessary to use a large number of blocks, resulting in a large number of parameters.

Table 4. Number of parameters in each network. The parameters of the convolutional layers, LSTM layers, and fully connected
layers were counted. 𝑁𝑇 was set to 1800 (= 60 s).

Model # of Params Model # of Params Model # of Params
CNN-WIN 7,454,346 U-Net 11,537,162.00 LOS-Net 963,620
CNN 229,130 – Encoder 6,296,096 – Encoder 437,824
DeepConvLSTM 296,330 – Decoder 5,241,066 – WPCP 442,368

– Boundary Detector 9,508
– Context–Boundary Integrator 10,500
– Refinement Module (single block) 21,140

5 RESULTS

5.1 Recognition Accuracy
Table 5 shows the macro-averaged F1-measure for each method, for each worker. Surprisingly, the LOS-Net greatly
outperformed the other methods for all the workers. Specifically, the F1-measures of the LOS-Net were much
higher than those of the window-based methods, i.e., SVM(W) and CNN(W). The duration of each activity varied,
as shown in Fig. 1, resulting in poor performance of the window-based methods. Interestingly, the performance
of the SVM(W), which is based on classic machine learning, is not very different from that of the CNN(W). This
could be because the CNN(W), which is a feature learning approach, could not extract meaningful features from a
limited amount of training data. The CNN outperformed CNN(W) for many workers, indicating the effectiveness
of dense labeling in this task. However, the F1-measures of the CNN were still poorer than those of the LOS-Net.
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Table 5. F1-measure (and standard deviation shown below F1-measure) of the methods for eleven workers trained on 10
periods of data.

Worker Work Type SVM(W) CNN(W) CNN ConvLSTM U-Net LOS-Net(+attn32) LOS-Net
A SCREW 0.298 0.230 0.220 0.421 0.497 0.494 0.831

(0.005) (0.028) (0.022) (0.055) (0.055) (0.017) (0.029)
B SCREW 0.335 0.230 0.230 0.377 0.631 0.493 0.835

(0.006) (0.019) (0.015) (0.077) (0.022) (0.035) (0.012)
C CHECK 0.672 0.590 0.766 0.726 0.852 0.820 0.880

(0.004) (0.011) (0.019) (0.061) (0.015) (0.004) (0.007)
D CHECK 0.627 0.541 0.775 0.711 0.833 0.811 0.858

(0.006) (0.037) (0.017) (0.123) (0.029) (0.006) (0.008)
E SCREW 0.250 0.174 0.427 0.547 0.888 0.787 0.923

(0.013) (0.039) (0.075) (0.199) (0.011) (0.010) (0.006)
F SCREW 0.231 0.211 0.252 0.310 0.727 0.518 0.795

(0.006) (0.034) (0.026) (0.093) (0.04) (0.009) (0.005)
G CHECK 0.424 0.421 0.752 0.716 0.815 0.743 0.859

(0.007) (0.009) (0.015) (0.055) (0.034) (0.011) (0.009)
H CHECK 0.249 0.326 0.501 0.425 0.571 0.499 0.617

(0.007) (0.017) (0.008) (0.064) (0.026) (0.020) (0.017)
I PACK 0.299 0.272 0.431 0.298 0.537 0.369 0.565

(0.009) (0.016) (0.02) (0.051) (0.011) (0.009) (0.009)
J PACK 0.297 0.227 0.321 0.224 0.398 0.384 0.505

(0.017) (0.043) (0.015) (0.027) (0.086) (0.018) (0.017)
K PACK 0.318 0.277 0.335 0.282 0.450 0.398 0.535

(0.004) (0.008) (0.01) (0.048) (0.024) (0.005) (0.005)

The LOS-Net also significantly outperformed the state-of-the-art recurrent model, i.e., ConvLSTM. Surprisingly,
the F1-measure of the LOS-Net was higher than that of the ConvLSTM by more than 30% for four workers. For the
recognition of ordered work, the temporal relationship with the previous/next activities is crucial. It seems that
the ConvLSTM fails to capture such a long-term context for ordered work sequences with limited training data.
Specifically, it was difficult for the LSTM layers in the ConvLSTM to capture the information of the next activity.
The LOS-Net also significantly outperformed the state-of-the-art U-Net by about 10% on average even though
the number of parameters of the LOS-Net is approximately 1/10 of that of the U-Net. Specifically, the LOS-Net
outperformed the U-Net by 3.4–30% for the screwing tasks. The screwing tasks contain similar activities (e.g.,
screwing different parts), making it difficult to discriminate between these activities. However, the LOS-Net can
recognize these activities while considering the long-term context and predefined order of activities. Although an
attention mechanism is effective for leveraging sensor data segments that are useful for activity recognition, the
training of an attention model is a data-hungry process. Therefore, LOS-Net(+attn32) did not work well under our
scenario. We conducted a detailed investigation on the attention model in Section 5.5. Moreover, the F1-measures
for the packaging tasks were poorer than those for many other tasks across all the methods. This could be due to
the packaging tasks being highly variable as the number of items to pack varies in different periods. However,
the LOS-Net achieved the highest F1-measures for the packaging tasks.

Table 5 also shows the standard deviations of the F1-measures (inside parentheses). The standard deviations of
the state-of-the-art deep models (U-Net and ConvLSTM) are large in many cases, as shown in Fig. 2. In contrast,
the standard deviations of the estimates for the classic model, i.e., SVM(W), and the LOS-Net are small. As the
SVM(W) uses hand-crafted features, the estimates of the method are stable. In contrast, the U-Net and ConvLSTM
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do not seem to learn effective features with limited training data. These results also indicate that the LOS-Net
can learn efficient features with limited training data.

(a) Worker A (b) Worker G

Fig. 14. Examples of ConvLSTM, U-Net, and LOS-Net outputs

Figure 14 shows example estimates of the LOS-Net, U-Net, and ConvLSTM. The LOS-Net can precisely recognize
activities with small errors at several activity boundaries. In the case of worker A, activities 2–10 comprise
screwing activities. These activities were incorrectly estimated as activities 3, 10 or 11 by the U-Net and ConvLSTM
as shown in Fig. 14 (a), resulting in the low macro-averaged F1-measures of these methods. In the screwing work,
similar screwing activities are iterated several times; therefore, it is important to capture long-term information
on surrounding activities to precisely recognize these activities. U-Net and ConvLSTM seem to fail to capture
these long-term dependencies, resulting in incorrect classification of all screwing activities into specific classes
(i.e., activities 3, 10, and 11). Similar incorrect predictions were observed for workers B, E, F, I, J, and K.

The hand motions of activities in the item checking work are dis-similar with each other unlike the screwing
work. Therefore, even when long-term dependencies cannot be extracted, these activities can be recognized with
relatively high accuracy. However, U-Net and ConvLSTM sometimes made wrong predictions when the duration
of the activity was long such as activity 1 in Fig. 14 (b). The LOS-Net suppresses such errors by leveraging prior
knowledge on the order of the work process.

5.2 Contributions of WPCP module, Boundary Detector, and Refinement Module
As shown in Table 6, the F1-measures of LOS-Net(-WPCP) are much poorer than those of LOS-Net, suggesting
that the WPCP module is the best contributor. Therefore, capturing long-term context is necessary to achieve the
high recognition performance for the ordered works. In addition, as shown through the results of LOS-Net(-R)
and LOS-Net, the refinement module also improves the F1-measures by approximately 2–5% for many workers.
The refinement module also leverages the predefined order of activities, indicating that information on the order
of activities is crucial in this task. The results of LOS-Net(-R2) and LOS-Net suggest that the data augmentation
conducted for the refinement also improved the F1-measures by approximately 1–2% in many cases. Moreover,
while it seems to be difficult to recognize the ordered work using only the boundary detector, the boundary
detector can fine-tune the prediction results.

5.3 Effect of Refinement
Figure 15 shows example estimates with and without the use of the refinement module; LOS-Net(-R), LOS-Net(-R2),
and LOS-Net. The prediction of the model without the refinement module, i.e. LOS-Net(-R), contained several
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Table 6. Results of ablation study

w/o Refinement Module w/ Refinement Module
Worker Work Type LOS-Net(-WPCP) LOS-Net(-B) LOS-Net(-R) LOS-Net(-R2) LOS-Net

A SCREW 0.372 0.804 0.750 0.811 0.831
(0.018) (0.015) (0.043) (0.025) (0.029)

B SCREW 0.366 0.828 0.790 0.801 0.835
(0.021) (0.026) (0.048) (0.046) (0.012)

C CHECK 0.805 0.875 0.871 0.874 0.880
(0.008) (0.003) (0.005) (0.004) (0.007)

D CHECK 0.815 0.857 0.854 0.855 0.858
(0.004) (0.005) (0.004) (0.006) (0.008)

E SCREW 0.729 0.901 0.902 0.917 0.923
(0.011) (0.008) (0.018) (0.006) (0.006)

F SCREW 0.481 0.743 0.771 0.781 0.795
(0.008) (0.016) (0.003) (0.006) (0.005)

G CHECK 0.754 0.734 0.856 0.855 0.859
(0.018) (0.201) (0.019) (0.013) (0.009)

H CHECK 0.506 0.541 0.599 0.608 0.617
(0.014) (0.146) (0.019) (0.016) (0.017)

I PACK 0.381 0.511 0.534 0.551 0.565
(0.01) (0.017) (0.010) (0.006) (0.009)

J PACK 0.329 0.493 0.489 0.489 0.505
(0.01) (0.008) (0.016) (0.013) (0.017)

K PACK 0.327 0.532 0.518 0.528 0.535
(0.007) (0.005) (0.013) (0.007) (0.005)

sporadic errors as shown in Fig. 15 (a). Activity 5 of worker I is a long-duration activity, lasting more than 10 s,
and the workflow shown in Fig. 13 (b) shows that there are no transitions from activity 5 to activities 2, 7 and 8.
However, the results of LOSNet(-R) contained transitions from activity 5 to activities 2, 7, and 8 multiple times, as
shown in Fig. 15 (b). The methods using the refinement module, i.e., LOS-Net and LOS-Net(-R2), managed to
suppress these incorrect transitions.

(a) Worker E (b) Worker I

Fig. 15. Examples of LOS-Net(-R), LOS-Net(-R2), and LOS-Net outputs
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5.4 Effect of Boundary Detection
The boundary detector greatly improved the F1-measures for workers G and H as shown in Table 6. Fig. 16
indicates that the boundary detector has an ability to suppress sporadic errors. In contrast, the boundary detector
was not very effective for workers A–E. This can be because we could achieve very high F-measures with only
the WPCP module. As for workers I–K, the boundary detector was also not very effective. Table 7 shows average
precision (AP) and its standard deviation of the boundary detection in the LOS-Net. The AP was first calculated
for each class and then averaged across all classes. The APs of the boundary prediction were poor for workers
I–K. This can be because the tasks undertaken by them, i.e., packing works, were highly variable. This is the
reason why the boundary detector was not effective for these workers.

(a) Worker F (b) Worker G

Fig. 16. Examples of LOS-Net(-B) and LOS-Net(-R) outputs

Table 7. Classification accuracy of boundary detection (macro-averaged precision)

Worker A B C D E F G H I J K
AP 0.485 0.554 0.682 0.722 0.790 0.655 0.662 0.376 0.172 0.072 0.089
(SD) (0.043) (0.055) (0.011) (0.011) (0.046) (0.016) (0.014) (0.006) (0.021) (0.014) (0.004)

5.5 WPCP Module versus Self-Attention
The role of the WPCP module is to gather information from a wide range of sources. Self-attention is considered
to play a similar role as the WPCP module because it focuses on important data segments. Herein, we analyze
self-attention in more detail. Fig. 17 shows the F1-measures of the attention-based methods with different numbers
of attention heads. As the number of attention heads increases, the performance tends to increase. However, the
F1-measures of the attention-based methods are similar to those of LOS-Net(-WPCP), i.e., LOS-Net without the
WPCP module, in most cases. In addition, the F1-measures of the attention-based methods are much lower than
those of LOS-Net.
Figure 18 shows an example output and the corresponding attention weight of LOS-Net(+attn32). As can be

seen in the example output, the prediction results of LOS-Net(+attn32) are unstable. In addition, the attention
head focuses only on specific time steps (of around 3 s) in all of the input acceleration data, suggesting that
LOS-Net(+attn32) is unable to focus on time steps that are useful to recognize each activity.

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 6, No. 2, Article 86. Publication date: June 2022.



Acceleration-based Activity Recognition of Repetitive Works with Lightweight Ordered-work Segmentation Network • 86:25

Fig. 17. F1-measures of LOS-Net(+attn) when we changed the number of attention heads

Fig. 18. Example of outputs (left panel) and corresponding attention weights (right panel) of LOS-Net(+attn32) when
recognizing acceleration data from worker A

5.6 Discussion
5.6.1 Amount of Training Data. The experimental evaluation used 10 periods of data as training data, which
comprised data with a duration of approximately 15 minutes. Here, we investigate the effect of the amount of
training data on the recognition performance of the methods. We used a set of ten-period data as test data and the
remaining periods were used as a pool of training data. Fig. 19 shows the F1-measures of the U-Net and LOS-Net
when we changed the amount of training data. As shown in the results, the LOS-Net outperformed the U-Net in
many cases even when the amount of training data is large. This can be because the WPCP module, which has a
large receptive field, captures long-term contexts that are difficult to capture by the U-Net. As for workers A
and B, the LOS-Net greatly outperformed the U-Net when the number of training period was five. Even when
the number of training period is less than five, the LOS-Net outperformed U-Net in many cases. Because the
number of parameters of LOS-Net is much fewer than that of U-Net, LOS-Net can efficiently capture crucial
information on ordered work with limited training data. Specifically, dilated convolution kernels of the WPCP
module provide a wide receptive field with few parameters. Note that, when the number of training periods is
low (e.g., 1–5), the test accuracy of the methods seems to be unstable. This might be because when the amount of
training data is limited, the test accuracy is greatly affected by the quality of the limited training data applied.
For example, sensor data of packing tasks greatly vary depending on items to pack. When outlying periods, e.g.,
packing many items or packing vary large items, are included in training periods, these outlying periods have a
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negative impact on the training process of LOS-Net. However, LOS-Net still outperforms U-Net even when the
number of training periods is very low, indicating the effectiveness of LOS-Net in such cases.

Fig. 19. Transitions of recognition accuracy of U-Net and LOS-Net when we vary the amount of training data. This experiment
was conducted five times by changing the random seed. Because the amount of data is limited for workers H and J, we did
not conduct this experiment for these workers.

5.6.2 Amount of Test Data. Herein, we investigate the effect of the number of test data on the recognition
performance of the different methods. We conducted the same experiments as described in Sec. 5.6.1, while
increasing the number of test data from 10 periods to 50% of all periods of each worker. The results are shown in
Fig. 20. The results do not differ significantly from Fig. 19 even for workers with limited periods such as Workers
A-E, indicating the high reliability of these experiment results.

We also conducted the experiment by varying the number of test periods. We used 10 periods of data as the
training data and the remaining periods as a pool of test data. Fig. 21 shows the results. The standard deviation of
the F1 measures becomes smaller when the number of training periods increases, whereas the mean of the F1
measure does not significantly change. These experiments suggests that the number of test periods has a small
effect on the evaluation.

5.6.3 Hyper Parameter Sensitivity. When we train a model with huge parameters on limited training data, the
selection of hyper parameters such as the learning rate of an optimizer greatly affects the performance of the
trained model. Fig. 22 shows the F1-measures of the U-Net and LOS-Net when we changed the learning rate and
optimizer. The procedures of the evaluation are identical to those in Section 4.2. Note that we trained the U-Net
for 400 epochs when the small learning rate of 0.01 or 0.001 was used because of the slow convergence speed.
Although the evaluation of the above experiments (Tables 5 and 6) was conducted with one optimization

setting, the LOS-Net could outperform the U-Net even when the optimization setting was changed. In addition,
the results suggest that the learning rate of 0.05, which was also used in the above experiments, is the best setting
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Fig. 20. Transitions of recognition accuracy of U-Net and LOS-Net when we varied the number of training periods. The
training setting is identical to that of Fig. 19, whereas the number of test periods was changed from 10 periods to 50% all the
data for each worker.

in many cases. The results of using the Adam optimizer were poorer than those of SGD. In addition, the results
of using the Adam optimizer are unstable when we use different initial learning rates. This can be because the
Adam optimizer, which automatically adjusts the learning rate based on the gradient computed from the training
data, does not work well when the number of the training data are limited.

5.6.4 Transfer Learning. Transfer learning is effective when training a huge model on limited training data
[29, 51]. In transfer learning for activity recognition, an activity recognition network is trained on training data
from a source domain in advance, and then the network is fine-tuned on limited training data from a target domain.
Here, we investigate the effectiveness of transfer learning on the U-Net. As training data from a source domain,
we selected the OPPORTUNITY dataset [44] because the dataset provides sensor data collected from the both
hands and is composed of a sequence of hand gestures. We first trained the U-Net on the OPPORTUNITY dataset
for gesture recognition. Subsequently, we fine-tuned the U-Net on our dataeset. Table 8 shows the F1-measures
of the U-Net when we conducted transfer learning with the learning rate of 0.05 or 0.001. The number of epochs
is 100, which was sufficient for these learning rates. Table 8 also shows the F1-measures of the U-Net when we
did not conduct transfer learning (“No Transfer” row). Note that the results of this condition are identical to
the results of U-Net in Table 5. The results of the large learning rate of 0.05 are similar to the results without
transfer learning. Moreover, the results of the small learning rate were poorer than those of the other methods.
In general, the transfer learning enables to learn convolution kernels that detect characteristic waveforms using
sufficient training data from a source domain. However, the results of this experiment indicate that the transfer
learning did not work well in the ordered work recognition. Because important information for the ordered work
recognition is considered to be long-term contexts regarding the previous/next activities, which is dependent
on work processes, acquiring such information using transfer learning was difficult. In addition, even when we
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Fig. 21. Transitions in recognition accuracy of U-Net and LOS-Net when we varied the number of test periods. The number
of training periods is set to 10 periods. This experiment was conducted five times by changing the random seed.

conducted transfer learning, the U-Net could not outperform the LOS-Net. However, the results of this experiment
indicate that the transfer learning did not work well in the ordered work recognition. U-Net with transfer learning
could not outperform U-Net without transfer learning or LOS-Net. Because important information for the ordered
work recognition is considered to be long-term context regarding the previous/following activities, which is
dependent on the work processes, acquiring such information using transfer learning was difficult.

Table 8. Results of transfer learning using U-Net

Worker A B C D D F G H I J K
Transfer (lr=0.05) 0.483 0.554 0.824 0.806 0.739 0.454 0.800 0.513 0.439 0.281 0.369

(0.031) (0.031) (0.013) (0.015) (0.072) (0.046) (0.02) (0.016) (0.023) (0.052) (0.021)
Transfer (lr=0.001) 0.374 0.429 0.650 0.624 0.478 0.283 0.579 0.372 0.308 0.213 0.265

(0.023) (0.03) (0.024) (0.032) (0.053) (0.026) (0.035) (0.029) (0.016) (0.018) (0.024)
No Transfer 0.497 0.631 0.852 0.833 0.888 0.727 0.815 0.571 0.537 0.398 0.450

(0.055) (0.022) (0.015) (0.029) (0.011) (0.04) (0.034) (0.026) (0.011) (0.086) (0.024)

5.6.5 Change in Work Process. To deal with changing demands of customers and suppliers, a factory manager
can modify the work process, e.g., adding a new activity (operation), removing an activity, or changing the order
of activities. Because workers conduct activities according to an instruction document of the modified work
process, the observed sensor data from the workers also change. In such a case, we should re-correct the training
data of the modified work process. Note that we believe that it is possible to use transfer learning to adapt to the
changes with a limited number of new training data. As a part of our future study, we plan to develop a transfer
learning method that enables an adaptation to the modified work process.
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Fig. 22. Recognition accuracy of U-Net and LOS-Net when we change the learning rate and optimizer. The average F1-
measure (and the standard deviation) is shown in the bar.

5.6.6 Applications of Activity Recognition. The activity recognition results of our method can be used to improve
the work performance and detect anomalies. For example, when the duration of a certain activity by a worker is
much longer/shorter than usual, we can speculate that the worker makes a mistake. In addition, when a worker
conducts the activities in the incorrect order, it should be detected and notified to a manager to prevent a defective
product. Because our activity recognition method is responsible for only the activity recognition, we should
prepare new modules that process the activity recognition results for such applications. For example, we should
prepare a new module that checks if the recognition results of the worker of interest are in accord with the
pre-defined workflow. When an incorrect order is detected, the module notifies it to the manager of the worker.

5.7 Leave-one-worker-out Cross Validation
In the main experiment of this study, an activity recognition model for a target worker was trained on data
collected from the same target worker. Herein, we investigate the performance of LOS-Net using a leave-one-user-
out cross validation using our packing work data because a set of activity classes of each of the three different
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workers conducting the work is almost identical among the three workers. Fig. 23 shows the results. As shown in
the results, the overall recognition performance of this setting is poorer than that of our original setting (Table
5) because of the difference in sensor data between the workers. However, LOS-Net also greatly outperformed
U-Net in this setting. Because the orders of activities performed in the work are similar among the three workers,
LOS-Net seems to be able to capture long-term context of the work. As above, we could confirm the effectiveness
of LOS-Net even when training data are collected from different workers who conduct the same work.

Fig. 23. Results of leave-one-worker-out cross validation for packing work

6 CONCLUSION
This study presented a new activity recognition method for ordered manual tasks, such as assembly work and
packaging tasks in factories. The proposed LOS-Net is a lightweight model that can be trained on a limited
amount of training data. The LOS-Net is designed to extract necessary information related to the order of work:
(i) the boundary information between consecutive activities and (ii) the long-term context regarding the ordered
works, e.g., information regarding the previous/next activities. The LOS-Net also has a module for correcting
sporadic errors in estimates according to prior knowledge related to the predefined order of activities. Using
data collected in actual industrial scenarios, our experiment demonstrated the effectiveness of the LOS-Net. The
LOS-Net significantly outperformed other state-of-the-art deep models. As a part of our future study, we plan to
extend our method to solve the panoptic segmentation task [24].

7 DATASET
To accelerate activity recognition studies for industrial domains, we are building a multimodal activity recognition
dataset called “OpenPack Dataset” that captures manual packaging works in the industrial domain. See https:
//open-pack.github.io/ for more detail about the dataset.
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A APPENDIX

A.1 Validation with Other Datasets
Herein, we investigate the performance of LOS-Net in other public datasets of other human activity recognition
tasks and recognition tasks other than human activity recognition.

A.1.1 Other Human Activity Recognition Tasks. The publicly available datasets of manual work processes include
the “LARa dataset” [32] and “Skoda mini checkpoint dataset” [59]. The LARa dataset contains activity data of two
different work types, manual order picking and manual packing, in a logistics center. In the dataset, IMU data
from eight and seven subjects are available for the picking (LARa-S2) and packing (LARa-S3) tasks, respectively.
Five IMU sensors were attached to the left/right wrists and limbs and torso, and the acceleration data from the
five sensors were used in this experiment. The definition of an activity class in this dataset is coarser than that in
our dataset. In our dataset, the activity of packing items on a desk and that of making a box on a desk are defined
as different classes. However, in the LARa dataset, the difference between these activities is not considered in the
definition of activity classes; instead, these activities are defined as just a Handling class. Therefore, a predefined
order of these fine-grained activities is unavailable in the LARa dataset. While there were initially eight activity
classes for the picking and packing tasks in this dataset, we excluded the activities corresponding to sensor
calibration, resulting in seven activity classes in this experiment. Subjects with more than ten periods of data
were used in this experiment, resulting in seven and six subjects for the picking and packing tasks, respectively.
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Validation was performed in a leave-one-period-out manner, where one period was used as test data and the
model was trained on the remaining periods for each subject, because the number of periods for each subject
was limited. Because this dataset does not provide information about a predefined order of activities, in this
experiment, we did not calculate the transition cost in the refinement module. For the LARa dataset, we removed
DiConv(·, 𝑘 = 7, 𝑟 = 3) and DiConv(·, 𝑘 = 15, 𝑟 = 12) from the WPCP module because the lengths of the activities
are shorter than those of the activities in our dataset in many cases.

The Skoda dataset records the activity data of car inspection tasks from a single subject using the acceleration
sensors attached to the left/right wrists and arms. In this dataset, data are published in a format such that
time-series sensor data are split into multiple data segments (data files), with each corresponding to an instance of
an operation, making it difficult to use them for segmentation tasks. Therefore, in this experiment, we generated
a pseudo time-series corresponding to the work period by concatenating the data segments of the operation
instances according to a predefined order specified in the original paper. We generated 70 pseudo time-series,
with each time-series containing a series of ten different operations, including the null class. In this experiment,
similar to the evaluation configuration of our dataset, we trained the models on two periods and tested them on
the remaining periods while changing the training/test periods.
Table 9 shows the recognition performance of these datasets calculated for each subject. In the picking task

of the LARa dataset (LARa-S2), the performance of LOS-Net is similar to that of U-Net, whereas in the packing
task of the LARa dataset (LARa-S3), U-Net outperformed LOS-Net. In the packing task of the LARa dataset,
the subjects performed the activities almost in random order, as shown in Fig. 25, unlike our dataset. Because
LOS-Net is designed to capture the long-term context of ordered works, it did not work well on the packing task
of the LARa dataset. The main activity classes included in the packing task are Handling (upwards), Handling
(centered), and Handling (downwards), which are defined as handling items and boxes at different positions. For
example, in Handling (upwards), a subject handles items with at least one hand reaching the shoulder height.
Because the subjects switched these activities almost randomly, the WPCP module, which is designed for ordered
work, could not extract useful information for recognition.

As shown in Table 9, the recognition performances of LOS-Net and U-Net are very high for the Skoda dataset.
This can be because the sensor data in the Skoda dataset are easy to recognize. However, LOS-Net slightly
outperformed U-Net because it could correct sporadic errors with its refinement module, as shown in Fig. 24 (a).
However, LOS-Net also suffers from short sporadic errors at the start/end of a few activities, as shown in Fig. 24
(a).

Next, we focus on a dataset containing exercise activities because exercise activities, such as rowing and
jumping, comprise atomic movements, similar to factory activities. The DSADS dataset [7] records 19 daily and
exercise activities from eight subjects using inertial sensors attached to the left/right arms and legs and torso.
In this dataset, the time-series data for each activity are split into multiple 5-s data segments (data files). This
dataset has eight subjects, and each subject has 60 segments for each of the 19 activities. Therefore, similar to the
experiment of the Skoda dataset, we generated a pseudo time-series corresponding to one period by concatenating
the data segments of the activities according to an order described in the list of activities in the original paper.
We generated 60 pseudo time-series, with each time-series containing a series of 19 different activities. In this
experiment, we also trained the models on ten periods and tested them on the remaining periods while changing
training/test periods, similar to the experimental setting of our dataset. As shown in Table 9, LOS-Net significantly
outperformed U-Net in many cases, indicating that LOS-Net could capture the atomic actions found in exercises
and the temporal relationships among them. As shown in Fig. 24 (b), U-Net mistakenly classified an instance
of activity 10 (walking in a parking lot) as an instance of activity 13 (exercising on a cross trainer). These two
activities are difficult to distinguish because they both capture walking motions. LOS-Net can recognize these
activities by capturing the temporal relationships between these activities and those performed before/after these
activities.
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We also investigated the performance of LOS-Net on a daily activity dataset: “opportunity challenge dataset”
[44], which was also used in our transfer learning experiment. The opportunity challenge dataset contains four
types of body states (classes), including standing and walking in daily life. The acceleration data from the two
IMUs attached to the left and right lower arms (i.e., RLA/LLA as defined in the original paper) were used as inputs
for LOS-Net. Because the dataset included only five sessions from each of the three subjects, the cross-validation
scheme, where one session was used for training and the remaining sessions were used for testing, was applied to
each subject, similar to the evaluation configuration of our dataset. There are very few samples belonging to the
Lie activity class (less than 5% of the total instances in a subject), and it is difficult to train the models using data
from only a single session. Therefore, we excluded this class in this experiment. Because the activities contained in
the dataset do not have a predefined order, we did not calculate the transition cost in the refinement module in this
experiment. Similar to the LARa dataset, we also removed DiConv(·, 𝑘 = 7, 𝑟 = 3) and DiConv(·, 𝑘 = 15, 𝑟 = 12)
from the WPCP module.
Table 9 shows the recognition performance calculated for the opportunity dataset. As shown in the results,

while U-Net outperformed LOS-Net, the recognition performance of U-Net was almost identical to that of LOS-Net.
This can be because the subjects performed daily activities, such as standing and walking, in random order,
similar to the LARa dataset, as shown in Fig. 25. Therefore, LOS-Net, which is designed to capture the long-term
context, did not work well.

(a) Skoda (b) DSADS (Subject 1)

Fig. 24. Examples of U-Net and LOS-Net outputs for the skoda and DSADS datasets

A.1.2 Tasks Other Than Human Activity Recognition. Finally, we investigated LOS-Net on time-series data other
than human activities. For this experiment, we used the time-series of EEG data and animal activity acceleration
data.
The Sleep-EDF dataset [23] is a benchmark dataset that is often used in sleep stage estimation algorithms

including U-Net based networks [36]. It consists of 197 whole-night PolySomnoGraphic sleep recordings, with
each containing sensor data such as EEG, EOG, and chin EMG. According to the Rechtschaffen and Kales manual,
time series data are annotated based on four non-REM sleep stages (S1, S2, S3, and S4) and four other stages (R,
W, M, and “?”) [38]. Following the procedure of Perslev [36], the EEG (Fpz-Cz) included in the sleep cassette
study, a subset of the Sleep-EDF dataset, was used in this experiment. We estimated the five sleep stages (N1, N2,
N3, R, and W) as defined by the American Academy of Sleep Medicine (AASM) [9], which was also used in the
U-Net based study [36]. The difference between the AASM definition and the Rechtschaffen and Kales manual
definition is that S3 and S4 are merged into N3 in the former.
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Table 9. Recognition results for other activity recognition datasets

U-Net LOS-Net
Dataset Subject F1 (std) F1 (std)

LARa-S2 (Pick) 7 0.591 (0.023) 0.607 ( 0.026 )
8 0.364 (0.020) 0.343 ( 0.017 )
9 0.578 (0.022) 0.557 ( 0.044 )
10 0.573 (0.023) 0.564 ( 0.022 )
11 0.617 (0.018) 0.634 ( 0.009 )
13 0.598 (0.008) 0.594 ( 0.016 )
14 0.611 (0.008) 0.617 ( 0.018 )

LARa-S3 (Pack) 7 0.694 (0.009) 0.680 ( 0.007 )
8 0.617 (0.016) 0.575 ( 0.021 )
9 0.498 (0.026) 0.486 ( 0.032 )
12 0.487 (0.017) 0.474 ( 0.023 )
13 0.504 (0.018) 0.478 ( 0.022 )
14 0.535 (0.021) 0.546 ( 0.011 )

Skoda 1 0.904 (0.006) 0.906 ( 0.008 )
DSADS 1 0.927 (0.009) 0.981 ( 0.011 )

2 0.915 (0.005) 0.986 ( 0.006 )
3 0.948 (0.005) 0.995 ( 0.002 )
4 0.954 (0.005) 0.994 ( 0.002 )
5 0.991 (0.004) 0.995 ( 0.003 )
6 0.901 (0.008) 0.987 ( 0.008 )
7 0.882 (0.009) 0.988 ( 0.005 )
8 0.893 (0.010) 0.986 ( 0.008 )

Opportunity 1 0.893 (0.002) 0.883 ( 0.009 )
2 0.810 (0.008) 0.798 ( 0.012 )
3 0.804 (0.020) 0.807 ( 0.015 )

In this experiment, we used recordings of the first night of the first ten subjects in the dataset to evaluate
LOS-Net. To evaluate the performance on a small amount of training data, we used recordings from two subjects
(Subjects 0 and 1) as test data and recordings from eight subjects (Subjects 2–9) as training data. As a preprocessing
step, the signals before the first sleep stage and after the last sleep stage were eliminated. Subsequently, a sliding
window with the length of approximately 17.5 min was applied. We used the data window as input to the models.
The average duration over the preprocessed recordings was approximately 7.4 h per user, and the sampling rate
was 100 Hz

In the sleep dataset, the sampling rate and the duration of the sleep stage are very different from those of the
dataset for action recognition. Therefore, to extract information using LOS-Net from a broader range in time,
we modified the parameters of the WPCP module and refinement block so that the receptive field of the WPCP
module was approximately 10 min, and the receptive field of the refinement block was approximately 2 min4. We

4We modified the kernel size and dilation rate (𝑘, 𝑟 ) in the dilated convolution layers for intra-activity and inter-activity information in the
WPCP module as follows: (𝑘, 𝑟 ) = [ (7, 1), (7, 8), (15, 100), (15, 500) ]. For the refinement block, the kernel size and dilation rate in the dilated
convolution layers were set as: (𝑘, 𝑟 ) = [ (11, 3), (21, 6), (21, 300), (21, 600) ] .
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Fig. 25. Transition matrices of Worker I (our dataset), Opportunity, and LARa. The matrix shows a transition probability
from an activity to another activity. For example, in the transition matrix of Worker I, the value at the (1,2)-th cell indicates
that the transition probability from activity C01 (Picking) to activity C02 (ReplaceLabel) is 80%.

trained the model for 200 epochs using the Adam optimizer according to [36]. The initial learning rate was set to
5.0 × 10.0−6 according to [36]. The batch size was set to four owing to memory constraints of our GPU devices.
Although there is no clear order of sleep stages, we can observe a trend in sleep stage transitions as shown

in Fig. 26 (a), which is a transition matrix among sleep stages obtained from the entire Sleep-EDF dataset. For
example, in most cases, W (wakefulness) is followed by N1 (non-rem). LOS-Net calculated the transition costs
based on a directed graph computed from the transition matrix. Note that a transition with a probability smaller
than 0.10 was ignored in the graph.
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Note that Perslev et al. [36] proposed a sleep stage prediction model based on U-Net. In addition to the original
U-Net architecture used in the main experiment, we also evaluated the U-Net model whose parameters were
tuned for the sleep data in this evaluation. We used the hyperparameters from their model, and we will refer to
the model as “U-Net for sleep [36].”
As shown in the results in Table 10, LOS-Net greatly outperformed U-Net. Fig. 27 shows an example of the

sleep stage ground truth and estimates by LOS-Net and U-Net, showing that the estimates by U-Net contains
many sporadic errors, which can be caused by noisy EEG signals. By contrast, the estimates of LOS-Net appear
to be stable because it can extract information from broader ranges in time through its wide receptive fields. In
addition, LOS-Net slightly outperformed U-Net for sleep [36], which is designed for the sleep data.
As acceleration data other than humans, we investigated LOS-Net on a dataset of animal behaviors. To

observe/investigate the ecology of wild animals in their natural environments, animal borne inertial sensors have
been employed in the biology field. In this experiment, we used a dataset of acceleration data obtained from two
captive foxes [37]. We refer to this dataset as FOX. The dataset contains approximately 4 h of data from a single
triaxial accelerometer recorded at 33.33 Hz, and the ground truth labels of seven different behaviors, such as eating,
grooming, resting, sniffing, trotting, walking, and caching (bury food to consume it later), are provided. This
dataset is provided as a single CSV file containing time-series acceleration data without information regarding
identifiers of individual foxes. A 60 s sliding window with no overlaps was simply applied to this time-series
data and used as input to the models. Because it is difficult to split the animal behavior data into periods, such
as work periods in the main section, the data were divided into four segments of equal length and evaluated
by the leave-one-fold-out cross-validation using the four segments. Because a pre-defined order of behaviors is
unavailable in the captive foxes, we did not calculate the cost, similarly to the evaluation of the LARa dataset.

Table 10 shows the results of the fox activity recognition. LOS-Net outperformed U-Net by 0.026. Interestingly,
the F1-measures of eating, sniffing, and caching for LOS-Net improved by approximately 5% compared with those
of U-Net. This result indicates that foraging-related activities of foxes has a hidden order and LOS-Net could
capture it.

Table 10. Recognition results for tasks other than human activity recognition datasets

U-Net U-Net for sleep [36] LOS-Net
Dataset F1 (std) F1 (std) F1 (std)
SleepEDF 0.491 (0.035) 0.551 ( 0.035 ) 0.560 ( 0.081 )

FOX 0.705 (0.030) - - 0.731 ( 0.047 )
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(a) Transition Matrix (b) Directed Graph for Sleep Stages

Fig. 26. Transition matrices (a) and directed graph (b) of the sleep dataset

Fig. 27. Examples of U-Net and LOS-Net outputs for the sleep dataset
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