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Abstract. This study presents a new method that supports the compar-
ative analysis of works performed by high- and low-performing factory
workers. Our method, based on explainable deep learning, automatically
detects a sensor data segment that potentially contains knowledge about
the skill of works by analyzing acceleration sensor data from high- and
low-performing workers. Our evaluation with industrial engineers using
sensor data from actual factory workers revealed that 78% of sensor data
segments detected by our method included knowledge about skill.

Keywords: Attention networks · Work performance · Wearable
sensor · Factory work

1 Introduction

1.1 Background

The skill level of a factory worker of assembly work significantly influences the
productivity of a production system in which the worker is involved. Assembly
work is a common part of line production systems and typically involves fac-
tory workers performing a repetitive work process consisting of a sequence of
operations, such as setting a board on a workbench and screwing parts onto the
board. Mistakes and delays in each work period, that is, one iteration of the
entire sequence of operations, are accumulated, significantly deteriorating the
overall performance of the production system. Therefore, developing skills for
low-performing workers is crucial to improve the efficiency of assembly work.
For this purpose, industrial engineers have manually compared video recordings
of works by a high-performing worker with those of a low-performing worker
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Fig. 1. Example time-series of acceleration data from two workers’ right wrists. The
yellow rectangles indicate segments that potentially contain knowledge about skill
extracted by our method.

to extract hidden knowledge about skills [6], which is useful for training low-
performing workers. However, because there are many workers in the factory, it
incurs huge costs for industrial engineers to analyze the work manually.

1.2 Research Goal

Owing to the recent progress in sensing technologies, studies on work man-
agement and analysis using wearable sensors have been actively carried out
[3,8,15,16]. Wearable sensors are a promising technology for achieving smart
manufacturing because they enable the capture of fine-grained activities by work-
ers that are difficult to capture by cameras in a factory where many obstacles
exist. This study focuses on a line production system and attempts to help
extract knowledge about skill from sensor data collected from high- and low-
performing workers performing the same work process in order to support man-
ual comparative analysis by industrial engineers. Specifically, we attempt to
automatically detect a sensor data segment from a high-performing worker that
potentially contains knowledge about skill, and then provide it to the industrial
engineers with a video recording capturing that moment. Note that, because
it is difficult for industrial engineers to understand the meaning of skill hidden
in the data by watching only the data (or video), we also find a corresponding
sensor data segment from the low-performing worker and present it to the indus-
trial engineers with the segment from the high-performing worker. For example,
when a segment corresponding to a screwing operation from a high-performing
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worker’s data is detected, we also find a segment corresponding to the screw-
ing operation from a low-performing worker’s data. Comparing these segments
(video recordings) permits the industrial engineer to understand the meaning of
the skills hidden in the data.

Figure 1 shows example segments extracted by our proposed method (high-
lighted in yellow) described below. The segments (and video from a top-down
view) reveal different postures between the high- and low-performing workers
when attaching a label, where the high-performing worker kneels down to the
level of the workbench by bending the knees to perform the work. In contrast,
the low-performing worker largely bends the spine to perform the operation,
and is more likely to suffer back pain. The industrial engineer can guide the
low-performing worker based on the information.

1.3 Challenges and Approaches

This study has two technical challenges. The first challenge is to extract a can-
didate sensor data segment containing meaningful knowledge about skill by ana-
lyzing only the sensor data. In this study, we hypothesize that it is possible to
extract meaningful knowledge about skills from candidate segments with the
following two characteristics. (i) Sensor data from different periods by a worker
are somewhat different. Segments containing a sensor data pattern (e.g., charac-
teristic hand movement) that are found in all these periods are expected to be
important and essential in the work process of interest [5]. (ii) When a sensor
data pattern with the above characteristics is only available in data from the
high-performing worker, the probability of the sensor data pattern relating to
skill is high.

To find candidate segments with the above characteristics, we leverage
explainable deep learning. Because deep learning does not require manual fea-
ture design, which is difficult for an industrial engineer for each work process,
the engineer can obtain desired segments by simply feeding raw sensor data into
a deep model. This is the advantage of the deep learning approach, and our
experiment revealed that a simple signal matching-based approach did not work
in our task. In this study, we first build a recurrent neural network that classifies
time-series sensor data corresponding to a period into a high- or low-performing
worker class. Because the network is trained to discriminate the sensor data of a
high-performing worker from those of a low-performing worker with high accu-
racy, the network is expected to identify sensor data patterns containing the
above two characteristics. This is because a sensor data pattern that is found
in all the data from the high-performing worker but not in the low-performing
worker data (and vice versa) is an important clue in the classification task. There-
fore, we can leverage the trained network to automatically identify segments that
potentially contain knowledge of skills. Our idea of revealing important sensor
data patterns identified by the neural network, which is regarded as a black box,
leverages attention mechanisms [14]. The attention mechanism provides infor-
mation about importance (attention) for each data point in time series, enabling
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us to find a candidate segment with high attention that potentially contains
knowledge about skill.

The above procedure extracts a candidate segment from the high-performing
worker. We then extract a segment from the low-performing worker corre-
sponding to the segment from the high-performing worker, which is the second
challenge. Assume that a candidate segment corresponding to the screwing is
detected from the high-performing worker data. This means that the screwing
operation is different between the high- and low-performing workers; it is difficult
to find a segment of screwing from the low-performing worker by using sensor
data similarity. Our idea to address this issue is to introduce an autoencoder
[10] into an attention-based network. The autoencoder extracts latent represen-
tations (compressed representations) of input data points while preserving the
main components of the original data points, making it easier to find segments
that are semantically similar to each other, that is, sensor data segments corre-
sponding to the same operation.

1.4 Contributions

– This is the first study to analyze factory work using attention-based explain-
able deep learning.

– We extract a segment that potentially contains knowledge about skill using
our network composed of an attention mechanism and an autoencoder.

– We performed qualitative and quantitative evaluations of our method using
sensor data from actual factories with industrial engineers.

2 Related Work

Early studies on knowledge extraction related to factory work have relied on
self-reporting [1,2], making it difficult to extract implicit knowledge about skills
that can be included in an operation performed subconsciously. Recent studies
have introduced activity data collected using electronic devices [4]. For example,
Mirjafarl et al. [12] used mobile phones, wearables, and beacons to study differ-
ences in daily behavioral patterns (e.g., sleep) between higher and lower work
performers in companies. Das Swain et al. [3] also leveraged sensors in commod-
ity devices to investigate the relationship between work performance and the
daily activities of workers. Many prior studies on analyzing work performance
using sensor data collected during factory work build machine learning models
that predict workers’ work scores [7,13]. In contrast, our method tries to detect a
data segment that potentially contains knowledge about skills using explainable
deep learning.

Few recent studies leverage attention mechanisms to analyze time-series
behavioral data. Zeng et al. [17] developed two attention models: temporal atten-
tion and sensor attention for detecting important sensor data segments and sen-
sor modalities, respectively, which can be applied to identify the most important
sensor data patterns and sensor modalities for detecting Parkinson’s disease.
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Maekawa et al. [9] also applied an attention-based neural network to animals’
trajectories in order to detect segments in trajectories that are characteristic of
one group, enabling biologists to focus on these specific segments and formu-
lating new hypotheses. In contrast, this study proposes a network composed of
an attention mechanism and autoencoder to enable a comparative analysis of
factory works by industrial engineers.

3 Factory Work Analysis with Attention-Based Network

3.1 Preliminaries and Overview

In this study, we assume that high- and low-performing workers perform the
same work process, with smartwatches worn on each worker’s wrists recording
three-axis accelerometer data. Multiple time-series data, with each time series
corresponding to a period, from each worker are given.

Our method is composed of two steps. First, we train an attention-based
neural network to automatically identify candidate segments that potentially
contain knowledge about skills. Then, for each candidate, we detected the cor-
responding segments of the other worker.

3.2 Network for Comparative Analysis of Factory Work

Network Architecture. We designed an attention-based neural network to
classify time series from high- and low-performing workers, as shown in Fig. 2.
The autoencoder architecture, which is responsible for extracting feature rep-
resentation f that preserves main components of an input, consists of three
encoding blocks, including an 1-D convolutional layer (1D CNN), a batch-
normalization layer (BatchNormalization) and a maxpooling layer (Maxpool-
ing), and three decoding blocks, including an “1D CNN,” a “BatchNormaliza-
tion,” and an upsampling layer (Upsampling). In addition, in the attention-based
worker classifier architecture, four stacks of long short-term memory (LSTM) lay-
ers are connected to the encoder’s output to extract long-term dependencies in
the data used for high- and low-performer classification, enabling the extraction
of candidate segments at various time scales. A block labeled “LSTM” includes
LSTM and BatchNormalization layers. A block named “Atten” processes the
output of “LSTM” using Eq. 1, which calculates the attention weight of the
“LSTM” layer output. For each time-series input, a corresponding attention
series is computed in each “Atten” layer, with the input series with a higher
attention weight being more important over the entire input series for classi-
fication. A Block labeled “Mul” multiplies the attention and the outputs of
“LSTM” to emphasize important timings for classification. Blocks “Concate-
nate” and “Softmax” refer to the concatenate and softmax layers, respectively.
The equation of calculating attention at time t is denoted as follows:

αt = exp(zt)/
T∑

s=1

exp(zs) (1)
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Fig. 2. Overview of proposed network.

zt = tanh(Wht + b) (2)

where T is the length of the latent representation f , zt is a D-dimensional vector
calculated by “Atten” at time t (t ∈ {1, ..., T}), and ht is a hidden-state vector at
time t output by “LSTM.” W and b are the weight matrix and bias in “Atten,”
respectively.

Network Training. The loss of the network is composed of two components:
reconstruction loss La (mean squared error between input and reconstructed
input) and binary cross-entropy loss Lc. The reconstruction loss aims to learn
latent representations using the autoencoder in an unsupervised manner while
preserving the main components in the data. The binary cross-entropy loss is
responsible for the binary classification (high- vs. low-performers). The overall
loss function of the network is defined as L = La + λLc, where λ controls the
trade-off between La and Lc.

Detecting Candidate Segments with Attention. Because the time-series
data of different periods performed by a worker are different, we first find a repre-
sentative input (period) for each worker that is most similar to all the remaining
periods of the worker (i.e., the centroid of all instances). We use the dynamic time
warping (DTW) algorithm to calculate the distance between each pair of time-
series data, with the centroid instance giving the smallest overall distances.

After obtaining a centroid period for each worker, the corresponding attention
values of the centroid from the trained network are used to extract the candidate
segments. Because the attention values reveal the importance of each data point
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in the time series for predicting the skill level of performers, we extract segments
with the top-k attention values as candidates for each layer (except the 1st layer),
and then merge overlapping candidate segments.

3.3 Detecting Corresponding Segments
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Fig. 3. Overview of the procedures to detect corresponding segments. (a) We start by
clustering all data points using f to cluster similar activities. (b) We then symbolize the
data points of high- and low-performers. (c) For each candidate of the high performer,
we detect a corresponding segment of the low performer using a combination of simi-
larity and temporal scores. (d) We present a pair of the candidate and corresponding
segment to industrial engineers.

To support comparative analysis by industrial engineers, we then find the cor-
responding sensor data segment of each candidate segment. Figure 3 introduces
the main idea of detecting a corresponding segment for a candidate, which is
composed of four steps. First, we employed the k-means algorithm to cluster
all data points using their latent representations f to group similar activities
of the high- and low-performers into the same cluster, as latent representations
of similar activities are supposed to be similar. Then, we symbolized each data
point according to the clustering result. For each candidate, which was detected
in the previous procedure, we identified a corresponding segment of a centroid
period of the other worker by using a sliding time window across the entire data
of the centroid period. For each time window, we calculated a combination of
similarity and temporal scores, where the similarity score calculated the simi-
larity between the symbolized candidate segment and symbol segments in the
time window (inverse of Hamming distance), and the temporal score evaluates
the temporal distance between the occurrence timings of the two segments in
the periods because the occurrence times of the same operation in a period are
expected to be similar between the high- and low-performing workers. Finally,
we selected the segment with the highest score as the corresponding segment of
the candidate segment.
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Fig. 4. Errors of the methods for detecting corresponding segments in two data sets.

4 Evaluation

4.1 Data Set

We used two acceleration data sets from four workers in a real factory using
Sony SmartWatch3 SWR50 with a sampling rate 60 Hz. In the data set named
“Screwing,” workers were employed to install screws on the circuit boards. The
number of periods for the high- and low-performers was 38 and 41, respectively,
and the total duration of the data was 2337 and 2713 (s), respectively. In the data
set named “Final check,” workers were required to check the final products and
record results; the number of periods for the high- and low-performers was 42
and 44, respectively, and the total duration was 2380 and 2797 (s), respectively.

4.2 Evaluation Methodology

We performed quantitative analysis to evaluate the performance of detecting
corresponding segments. We prepared the following methods: (i) Proposed: The
proposed method. (ii) W/o Simi: The proposed method without using the simi-
larity score, (iii) W/o Temp: The proposed method without using the temporal
score, and (iv) DTW: A method using raw sensor data and the DTW algorithm
to find a corresponding segment. We calculated the mean squared error (MSE)
between the estimated starting time of each corresponding segment by a method
and the ground truth, which was manually identified.
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Fig. 5. Clustering result of latent representations for “Screwing” data set visualized
by PCA. Different colors indicate different clusters.

We also performed a qualitative analysis to evaluate the ability of our
attention-based network to detect knowledge about skills. The industrial engi-
neers judged whether each candidate segment extracted by our method contained
knowledge about the skill.

4.3 Results

Performance of Detecting Corresponding Segments. Figure 4 shows the
MSE over all candidate segments in each data set. The proposed method achieved
significantly small MSEs in the both data sets. In contrast, the DTW method had
large MSEs on the datasets, indicating the difficulties in finding corresponding
segments by only calculating raw sensor data similarity.

Figure 5 presents the clustering results of the latent representations corre-
sponding to the two centroid instances of the “Screwing” data set visualized by
principal component analysis (PCA). When we did not use the decoder block,
the distributions of latent representations corresponding to the high- and low-
performers are different. In contrast, our method generates similar distributions
for high- and low-performers (e.g., distributions for screwing located at almost
the same positions in Fig. 5). This result indicates that our idea of introducing
the autoencoder enables the identification of corresponding segments (opera-
tions) of the other worker.

Analysis of Detected Segments by Attention. We qualitatively analyzed
our method by asking industrial engineers to assess whether useful knowledge
about skill exists in the detected segments, who followed the “principles of motion
economy” strategy [11], which defines a set of rules to improve the manual work
and reduce fatigue by manufacturing workers.

Table 1 shows knowledge about skill for each candidate segment detected
in the two data sets, in which 7 out of 9 segments included knowledge of skill
identified by the industrial engineers. The detected knowledge about skill was
classified into three groups based on the principles of motion economy, which are
(1) arrangement of the work place (No. 3 in “Final check”), (2) time conservation
(No. 2 in “Screwing” and No. 5 in “Final check”), and (3) use of human body
(No. 3, 4 in “Screwing” and No. 1, 2 in “Final check”). As mentioned above,
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we demonstrated that our method detected segments with knowledge of skill
with high precision. In general, it takes a much longer time than the duration of
the sensor data to analyze the data by an industrial engineer. We believe that
our method will significantly reduce the efforts of engineers regarding the manual
screening of long-term sensor data from many factory workers. While it is difficult
to evaluate the recall of our method because the ground truth is unknown,
the engineers noticed that our method could not detect one minute action of
grabbing a tool that contains knowledge during the experiment. Improvement
of our method to detect such minute actions is our important future work.

Table 1. Skill information for screwing and final check

No. Detected operations in screwing Knowledge
1 Set box and push button (4.23s) -
2 Wait for next item (4.92s) Quickly complete previous operations
3 Screwing (3.43s) Use both hands simultaneously
4 Screwing (3.85s) Use both hands simultaneously

No. Detected operation in final check Knowledge
1 Attach small label on box (4.63s) Use left hand to guide labeling
2 Attach large label on box (4.10s) Bend knees to reduce load
3 Stick large label on table (2.50s) Put labels close to worker
4 Rotate box for final-check (3.03s) -
5 Set box on table (4.63s) Optimize the order of operations

5 Conclusion

In this study, we proposed an attention-based explainable neural network to
extract sensor data segments that potentially contain knowledge about skill,
which was applied to support industrial engineers to find knowledge about skill
from workers. We employed the attention mechanism to emphasize important
timings as candidate segments and clustered similar activities to detect corre-
sponding segments. The results proved that industrial engineers can efficiently
find knowledge about skill from the detected segments by using our method.

As part of our future work, we plan to increase the ability of our method to
detect minute actions of workers with useful knowledge about skill.
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JP21K19769.
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