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Abstract

This paper proposes SenseDesk, a device designed to measure the center of gravity and weight on a desk to estimate the
user and their desk activities. SenseDesk, equipped with four load cells on an acrylic plate, calculates the center of gravity
and weight at 80 Hz and utilizes machine learning to estimate activities and users. We selected twelve desk activities, such
as “Lying face down on the desk,” “Using a mouse,” and “Writing on paper with a pen,” and evaluated their estimation
accuracy. Using the random forest method, we achieved an F value of 0.775 for Within-Individual activity estimation
and 0.671 for Between-Individual activity estimation. Additionally, the F value was 0.716 for user estimation. We then
aggregated these activities into four groups of high-level activity categories representing common work states: “PC work,”
“Writing work,” “Smartphone operation,” and “Break.” This abstraction improved the classification performance, yielding
an F value of 0.888 for Within-Individual and 0.796 for Between-Individual estimation.

Keywords Work activity recognition - User estimation - Posture classification - Table-top device - Center of gravity

1 Introduction

The impact of COVID-19 has accelerated the adoption of
teleworking globally (OECD 2021; Ministry of Internal
Affairs and Communications 2021). Telework offers ben-
efits such as reduced commute time and increased flexibil-
ity in terms of time and location. However, it also presents
challenges like communication difficulties and the blurring

>4 Yukino Sato
yukino.sato@x-lab.team

>4 Yuichi Itoh
itoh@it.aoyama.ac.jp

Kodai Ito
kodai.ito@it.aoyama.ac.jp

Takumi Hasegawa
hasegawa.takumi@]lmi.ne.jp

Takashi Oshima
oshima.takashi@lmi.ne.jp

College of Science and Engineering, Aoyama Gakuin
University, 5-10-1, Fuchinobe, Chuo-ku, Sagamihara,
Kanagawa 2525258, Japan

Link and Motivation Inc., Kabukiza Tower, 4-12-15, Ginza,
Chuo-ku, Tokyo 1040061, Japan

Published online: 07 February 2026

of work-life boundaries (de Macédo et al. 2020). Various
Human Activity Recognition (HAR) methods have been
proposed to estimate a user’s state. For instance, a study uti-
lized a camera and microphone placed in front of users to
identify their posture and behavior (Jaimes 2006). However,
this method can lead to excessive monitoring and psycho-
logical stress.

Murao and Terada (2016) suggested a camera-free
approach using acceleration sensors attached to the user’s
body for state estimation. Although this method avoids
visual monitoring, it may still cause physical and psycho-
logical discomfort. Alternative approaches, such as ambi-
ent sensing, have been explored to overcome these issues.
Tani and Yamada (2013) employed pressure distribution on
a desk to estimate activities, but using numerous sensors
complicates wiring and increases installation costs.

This paper introduces SenseDesk, a table-top device that
uses simple sensors to estimate the user and their desk activ-
ities. By using only four load cells, the system provides a
stress-free and unobtrusive way to monitor the user’s state.
The system can also identify different activities and users.

To improve productivity in an office environment, it is
important to estimate user states such as task concentra-
tion and psychological state. Monitoring desk work, esti-
mating user states, and providing real-time feedback and
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environmental adjustments can improve work efficiency.
Furthermore, by estimating each user’s state, it is possible
to provide personalized feedback, assign tasks at opti-
mal times, and recommend breaks as needed. This leads
to improvements in work efficiency, and contributes to
increased productivity across the entire office.

The primary contributions of this paper are as follows:

1. We defined desk activities to be estimated through a
questionnaire survey.

2. We used movements spanning several seconds as fea-
ture values instead of frame-by-frame postures, deter-
mining the optimal parameters for features such as
frequency and window size.

3. We conducted both Within-Individual and Between-
Individual estimations, applying models learned from
one user’s data to other users.

The structure of this paper is as follows. In Sect. 2, related
research is discussed. Section 3 provides an overview of
the implemented system and device. In Sect. 4, we conduct
performance evaluation experiments on the implemented
system, followed by discussions in Sect. 5. Finally, Sect. 6
concludes with a summary of this research.

2 Related work
2.1 Human activity recognition (HAR)

Several studies have explored HAR using various sensors to
estimate human behavior in different contexts. HAR meth-
ods utilizing cameras (Inoue and Matsusaka 2010; Joutou
and Yanai 2009) and wearable sensors (Ho and Intille 2005;
Kern et al. 2007) have been proposed. However, cameras
can lead to privacy concerns and psychological stress, while
body-mounted sensors may limit movement and cause
physical discomfort.

2.1.1 Ambient sensing

Research with ambient sensing methods has been investi-
gated to estimate human states more naturally without caus-
ing physical or psychological stress. Some studies have
used infrared sensors to detect user movements and identify
occupants (Murao et al. 2012).

For example, pressure sensors installed in chairs have
been used to identify posture and movement during seat-
ing (Mutlu et al. 2007). Arnrich et al. (2010) demonstrated
that pressure distribution during seating can indicate stress
levels. While ambient sensing can provide valuable data
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without user awareness, the high cost and complexity of
sensor installation can be still challenging.

In recent years, research on activity recognition using
deep learning and multimodal approaches has been pro-
gressing. Maradana et al. (2024) have utilized deep learn-
ing to achieve activity recognition. However, it requires a
large amount of data and training time. Haresamudram et
al. (2024) integrated multiple sensors and achieved activity
recognition. However, there is a problem that synchroniza-
tion and integration between sensors is difficult.

2.1.2 Estimation of desk activities

“iWood,” an interactive plywood that can sense vibrations
due to frictional charging, and proposed a method to detect
various user actions and gestures from the vibration patterns
(Wu and Yang 2022). It identified four gestures and twelve
everyday actions and achieved an accuracy of over 90% for
both actions and gestures.

However, many studies on the identification of desk
activities use pressure sensors, and (Chang et al. 2006)
developed a dining-type table device that can automatically
record meals to improve the diet. Hernandez et al. (2014)
showed that pressure changes significantly when the user is
stressed and when the user is not, based on text transcription
and mouse clicks using a pressure-sensitive keyboard and a
capacitive mouse. Thus, by using a desk as a sensing device,
it is possible to obtain information on the body without the
psychological stress of being monitored or the physical bur-
den of wearing the device. However, motion identification
using pressure sensors requires a large number of sensors,
which complicates the wiring and incurs high installation
costs.

2.2 Sensing by center of gravity and weight

As alow-cost and robust sensing method, some studies have
estimated user states using the center of gravity and weight
measurements from strain gauges and load cells.

2.2.1 Activity estimation using center of gravity and
weight

Zhang et al. (2020) developed a fork that detects the ges-
tures of lifting food and the weight of each bite to help
users understand their eating speed and increase their eating
awareness. An inertial measurement unit was used to detect
gestures and a load cell was used to estimate the amount
of food. Although this method provided useful insights, the
heavy fork (approximately 780 g) made normal eating dif-
ficult, similar to wearable sensors.
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Fig. 1 System configuration
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Fig.2 SenseDesk

Kitabayashi et al. (2011) used body sway measurements
by a center of gravity sway testing system to assess changes
in physical condition and state. Yoshida et al. (2022) devel-
oped “Flexel,” a floor interface using load cells placed at
the four corners of the floor-type device to track user move-
ments and detect object positions. Matsumoto et al. (2015)
used a chair equipped with strain gauges to identify seated
user states with a high accuracy of 87%.

2.3 Identification of desk activity

Schmidt et al. (2003) proposed a context acquisition sys-
tem using load cells at the four corners of tables, floors, and
furniture to detect object addition/removal and user move-
ments. They also conducted research to detect events, such
as touch, clicks, and tracking (Schmidt et al. 2002). Murao
et al. (2017) used load cells mounted on four corners of a
desk to provide three functions: object detection, action rec-
ognition, and user identification. The system was also able
to recognize four types of actions with 94% accuracy and
identify users with 89% accuracy for four participants and
65% accuracy for ten participants. The objective of their sys-
tem is similar to that of our system. However, they identified
only four activities, the criteria for which remained unclear.
Moreover, their estimation was based on frame-by-frame
postures for identification, neglecting user movements and
behaviors. Consequently, its applicability was limited. Fur-
thermore, because they conducted only Within-Individual
estimations, their system versatility remained ambiguous. In
this study, we adopted twelve desk activities through a ques-
tionnaire survey to estimate activities during desk work. For

these estimations, by utilizing the features of user move-
ments spanning several seconds, we aimed to capture the
characteristics of desk activities more accurately. We also
determined the optimal parameters for this purpose, such
as frequency and window size. Finally, we verify the ver-
satility of the proposed system through Between-Individual
validation.

3 SenseDesk

We developed SenseDesk, a device that measures the series
of the center of gravity and weight on a desk to estimate
desk activities and identify users unconsciously. Strain
gauges have excellent load-bearing capabilities and can be
used to identify human conditions by using a small num-
ber of sensors. Furthermore, unlike camera-based monitor-
ing and body-worn sensors, SenseDesk enables stress-free
identification. In this section, we describe the details of
SenseDesk implementation and an analysis to identify who
is doing what.

3.1 Configuration of devices

Fig. 1 illustrates the system configuration, and Fig. 2 shows
the developed device. The device is 10 mm thick, 800 mm
wide, and 450 mm deep, which is sufficiently large to hold
a keyboard and mouse. Four load cells (rated capacity of
5 kg) are placed at the four corners of the acrylic plate that
served as the top panel, and all loads on the top panel are
applied to these four load cells. U-shaped aluminum chan-
nels are attached to the two long sides of the top panel to
reduce panel deflection. The load cell used in this study
can be adapted to another desk as long as it is a level desk
large enough to hold a keyboard and mouse. Furthermore, if
the rigidity is high, we believe that materials such as glass,
metal, and wood can be used instead of the acrylic plates
used in this study.

As shown in Fig. 1, each load cell is shortly connected
to an A/D converter (HX711) to prevent noise, converting
weight data into digital data. An ESP32-DevKitC micro-
computer with a Wi-Fi module sends the data to a PC at 80
Hz. Our system’s sampling rate of 80 Hz would allow for
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more accurate data acquisition than Murao et al.’s system
(15 Hz.)

3.2 Measurement of center of gravity and weight

The center of gravity and weight for identifying desk activi-
ties are calculated based on sensor data from the desk cor-
ners. As shown in Fig. 3, the values of the sensors at the four
corners are TopLeft(TL), TopRight(TR), BottomLeft(BL), and
BottomRight(BR), and the coordinates of the device center
are (0, 0). If the length and width of the device are Length
and Width, respectively, the center of gravity coordinates X
and Y and weight ¥ can be calculated using the following
equations:

(TR+ BR)— (T'L+ BL) Length
X = X (1)
(TL+ TR+ BL + BR) 2
v _ (TL+TR) — (BL+ BR) Width )
- (I'L+TR+ BL+ BR) 2 @)
W =TL+TR+ BL+ BR 3)

Due to the characteristics of the sensors, an error of 5 g or
0.1% of the rated capacity may occur even when there is
nothing on the desk, resulting in a total error of 20 g when
four sensors are used. To avoid affecting the center of grav-
ity measurement, the position of the center of gravity was
corrected to (0, 0) if it is smaller than 20 g.

3.3 Methods of activity estimation and user
estimation

To estimate desk activities and identify users using the
measured data, firstly, the center of gravity X and Y and the
weight W are calculated using Egs. (1), (2), and (3) with
the obtained data. Second, the data are standardized and
subjected to the short-time Fourier transform while varying

Length

TL TR

Width

BL BR

Fig. 3 Coordinates of center of gravity
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parameters such as the sampling rate and window size. The
features include frequency components in the X — axes,
Y — axes, and W, and machine learning is used for motion
estimation and user identification.

4 Evaluation experiment

We conducted performance evaluation experiments to ver-
ify the accuracy of our developed table-top device in recog-
nizing desktop activities.

4.1 Experimental methods

Twelve participants (six males and six females, age
22 £ 0.707 years, weight 57.1 = 10.5 kg), who were under-
graduate and graduate students, participated in the study.
Each participant was asked to perform five sets of 10-sec-
ond measurements for each activity. The data collected
in the experiment included the process of beginning the
movements and not only after the movements stabilized.
Before each trial, the weight was reset to 0 g. However,
as described above, due to the characteristics of load cells,
an error of approximately 20 g can occur when no load is
applied. Therefore, we collected data for 10 s after the total
weight exceeded 20 g.

4.2 Target desk activities

Although Murao et al. chose only four desk activities, their
selection criteria were not clarified. In this study, to ensure
that our system has sufficient functions targeting desk work,
we defined desk activities through a questionnaire sur-
vey. The survey involved twelve university students who
reported their most frequent desk activities. Since our pro-
posed method identifies desk activities based on their center
of gravity and weight, activities not involving direct contact
with the desk were excluded. Consequently, we selected the
twelve desk activities listed in Table 1. In “e. Typing on a
keyboard” and “f. Reading a book,” participants were asked
to copy Kenji Miyazawa’s “Pollano Square” (Miyazawa
2005). Fig. 4 shows a scene of each activity.

Because this device identifies desk activities based on the
center of gravity and weight series, participants were asked
to place their hands or arms on the desk before starting each
task. They were allowed to place their hands or arms in any
manner and were instructed to perform their usual move-
ments as naturally as possible.
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Table 1 List for experimental task

Activity

a Lying face down on the desk

b Resting cheek on left hand

c Resting cheek on right hand

d Using a mouse (Create shapes in PowerPoint)

e Typing on a keyboard (Transcribe “Pollano
Square” on the keyboard)

f Reading a book

g Writing on paper with a pen (Transcribe
“Pollano Square” on paper)

h Erasing text on paper

i Eating a meal

j Watching a video on a smartphone

k Typing text on a smartphone

1 Browsing a website on a smartphone

c. Resting cheek
on right hand

C .

b. Resting cheek
on left hand

a. Lying face down
on the desk

y
f. Reading a book

e. Typing on
a keyboard

d. Using a mouse

k. ak

{ 4

ol \
g Wn.tlng on paper h. Erasing text i. Eating a meal
with a pen on paper

k. Typing text on
a smartphone

j- Watching a video
on a smartphone

I. Browsing a website
on a smartphone

Fig.4 Scene of each activities

4.3 Results of experiments
4.3.1 Feature extraction
We selected nine features extracted from the data: the mean

and variance values for the center of gravity X — axes and
Y — axes, and weight W within a specified window, as

Table 2 Classification accuracy results for within-individual estima-
tion

Accuracy Precision Recall F-measure
Random Forest 0.769 0.781 0.769 0.775
Decision tree 0.633 0.634 0.633 0.633
Logistic regression ~ 0.599 0.581 0.599 0.590
k Neighbor (k=3)  0.506 0.498 0.506 0.502
Linear SVM 0.575 0.571 0.575 0.573

well as values obtained by applying the short-time Fourier
transform to each value. The short-time Fourier transforms
were applied after resampling the data at equal intervals to
account for time deviations during data transmission. The
resampled data were standardized for each participant to
mitigate individual differences. The short-time Fourier
transform used a window size of S, sliding the window by
S/2. The bandwidth of frequencies output by the short-time
Fourier transform was divided into feature values. In addi-
tion to the output results of the short-time Fourier transform,
the mean value and variance of the standardized data for X,
Y, and W were calculated by sliding the window by S/2 with
a window size S. Nine values of the mean and variance of
each of X, Y, and I, and the power of each frequency com-
ponent obtained by the short-time Fourier transform were
calculated at sampling rates of 80 Hz, 40 Hz, and 20 Hz, and
defined as features. These features were calculated for each
window and used as samples for machine learning.

The parameters were compared for three different sam-
pling rates Fs and three different window sizes S of the
short-time Fourier transform; that is, nine different combi-
nations were considered.

4.3.2 Within-individual estimation of activity

For Within-Individual estimation, a 5-fold cross-valida-
tion was conducted with four sets of training data for each
participant and one set of test data for the remaining par-
ticipants, and the identification rate was calculated as the
average of all participants in the experiment. Table 2 shows
the highest classification accuracy of the activities among
the nine parameters based on Within-Individual estimation.
An F value of 0.775 was obtained using RandomForest. Fig.
5 shows a confusion matrix, where activities are labeled a-1
as shown in Fig. 4. “d. Using a mouse” and “a. Lying face
down on the desk” achieved accuracies 0f 99.3% and 97.6%,
respectively. However, “f. Reading a book” and the three
activities involving a smartphone tend to be misclassified.

4.3.3 Between-individual estimation of activity
For Between-Individual estimation, eleven participants’

data were used as training data and one participant’s data as
test data. The process was repeated twelve times, using each
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Fig.5 Confusion matrix of within-
individual estimation
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0 0136 0.003 0.001 0.017
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Table 3 Classification accuracy results for between-individual estima-
tion

Accuracy Precision Recall  F-measure
Random Forest 0.672 0.670 0.672 0.671
Decision tree 0.558 0.563 0.558 0.560
Logistic regression ~ 0.537 0.528 0.537 0.532
k Neighbor (k=3)  0.365 0.363 0.365 0.364
Linear SVM 0.516 0.516 0.516  0.516

participant as test data once, and the average identification
rate was calculated. In Table 3, an F value of 0.671 was
obtained by using RandomForest. Fig. 6 shows a confusion
matrix. Classification accuracy of “c. Resting cheek on right
hand” and “a. Lying face down on the desk” was 92.4% and
88.7%, respectively. On the other hand, there were many
cases of misclassification within “k. Typing text on a smart-
phone” and “l. Browsing a website on a smartphone.” Addi-
tionally, “i. Eating a meal” was misclassified as “e. Typing
on a keyboard.” In addition, compared to the fast Fourier
transform and wavelet transform, the short-time Fourier
transform was the most accurate for both within-individual
and between-individual estimation.

4.3.4 User estimation

For user estimation, 5-fold cross-validation was performed
with four of the five sets of data containing all activities of
the twelve participants as training data and the remaining
set as test data. In Table 4, an F value of 0.721 was obtained
by using RandomForest. Fig. 7 shows a confusion matrix.
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Participants H and L were identified with high accuracies
of 84.5% and 80.2%, respectively, while participants G and
K had lower accuracies of 51.7% and 62.9%, respectively.

4.3.5 Parameter comparison

As mentioned above, we varied the sampling rate (80, 40,
and 20 Hz) and window size (4, 2, and 1 s) for the short-time
Fourier transform, resulting in nine parameter combinations.

Table 5 presents the accuracy results. The accuracy did
not significantly change with downsampling. The accuracy
was higher for window sizes of 2 s and 1 s compared to 4 s.

4.4 High-level activity classification through class
aggregation

The accuracy mentioned above leaves room for improve-
ment for practical applications. To address this, we per-
formed class aggregation on the twelve types of desk
activities, combining them into four high-level activity cat-
egories: “PC work,” “Writing work,” “Smartphone opera-
tion,” and “Break,” and conducted classification at this
higher contextual level. The activities assigned to each cat-
egory are shown in Table 6.

We performed classification for the four high-level activ-
ity categories in both Within-Individual and Between-Indi-
vidual scenarios, following the same procedure used for
the twelve activities. The classification was based on the
parameters that achieved optimal performance in the twelve
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Fig.6 Confusion matrix of

between-individual estimation a 0.037 0.003 0002 © 0 0005 0.028 0.005 0.002 0 0.032
b 0 0.002 0.003 0.044 0.055 0.010 0.018 0.003 0.002
c 4 0.049 0 0 0.003 0.007 0.002 0.003 0.001 0.003
d4q O 0 0.010 0.014 0 0 0.077 0.004 0.011 0.013
e4 O 0.001 0 OWEEE 0.002 0.067 0.155 0 0.010 0
f 40.001 0.002 0.003 0.002 0.075 0.165 0.153 0.123
g 10.005 0.013 0.002 0 0.059 0.003 0 0
h 40.024 0.022 0.005 0 0.008 0.004 0.006 0
i 410.004 0.009 0.003 0.008 0.005 - 0.027 0.050 0.004
j 410.002 0.010 0.032 0.003 0.006 0.237 0.012 0.002 0.033 0.250 0.143 0.271
k4 O 0.001 0.002 0 0.006 0.152 0.002 0.002 0.101 0.094 - 0.105
| 40.022 0.011 0.009 0.002 0.005 0.275 0.002 0.004 0.025 0.271 0.166 0.210
a b c d e f g h i J k |
Table 4 Classification accuracy results ff)r. user estimation activity recognition task: a sampling frequency of 20 Hz and
Acouracy Precision Recall F-measure a window size of 1 s. The classification accuracy for Within-
Random Forest 0.720 0.722 0720 0721 Individual recognition is shown in Table 7, while Table 8
Decision tree 0.518 0.524 0.518 0.521 .. ..
L . presents the results for Between-Individual recognition.
Logistic regression  0.364 0.355 0.364 0.360 Additi IIv. th fusi trix for Within-Individual
k Neighbor (k=3)  0.355 0367 0355 0361 thionatly, the contusion matrx- for Within-individua
Linear SVM 0.501 0.493 0501 0497 recognition is depicted in Fig. 8, and the confusion matrix
for Between-Individual recognition is shown in Fig. 9.
Fig. 7 Confusion matrix of user
estimation A JOREE 0.023 0.005 0.020 0.038 0.069 0.007 0.006 0.010 0.033 0.007
B 0.003 0.055 0.002 0.011 0.025 0.009 0.016 0.104 0.005
C 40.024 0.004 0.025 0.026 0.038 0.032 0.009 0.049 0.016 0.013
D 40.027 0.013 0.007 0.060 0.039 0.004 0.049 0.002 0.019 0.077
E 40.029 0.067 0.043 0.006 0.020 0.015 0.025 0.084 0.025 0.006
F 40.032 0.002 0.033 0.037 0.063 0.018 0.020 0.006 0.006 0.007
G 40.110 0.016 0.019 0.044 0.008 0.075 0.010 0.048 0.006
H 40.001 0.008 0.006 0.004 0.003 0.010 0.013 0.017 0.094 0
1 40.013 0.020 0.021 0.050 0.025 0.013 0.037 0.017 0.052 0.009
) 40.025 0.036 0.038 0.003 0.107 0.013 0.023 0.019 0.034 0.006
K 40.025 0.063 0.009 0.002 0.014 0.003 0.025 0.122 0.046 0.001
L 40.017 0.014 0.010 0.067 0.003 0.016 0.033 0 0.004 0.001
A B € O E F G6 H 1 J K L
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Table 5 Accuracy for each parameter

Sampling Window Within Between User
rate [Hz] size [s] (F value) (F value) (F value)
80 4 0.723 0.651 0.689
80 2 0.738 0.663 0.707
80 1 0.745 0.664 0.719
40 4 0.708 0.652 0.704
40 2 0.756 0.669 0.718
40 1 0.771 0.668 0.721
20 4 0.740 0.652 0.688
20 2 0.751 0.671 0.703
20 1 0.775 0.662 0.716

Table 6 high-level activity categories
State Activities
1. PC work

2. Writing work

d. Using a mouse, e. Typing on a keyboard
g. Writing on paper with a pen, h. Erasing
text on paper

3. Smartphone j. Watching a video on a smartphone, k.

operation Typing text on a smartphone
1. Browsing a website on a smartphone
4. Break a. Lying face down on the desk, b. Resting

cheek on left hand
c. Resting cheek on right hand, f. Reading
a book, i. Eating a meal

Table 7 Classification accuracy results for within-individual estima-
tion in high-level activity categories

Accuracy Precision Recall F-measure
Random Forest 0.882 0.892 0.884 0.888
Decision tree 0.79 0.804 0.805 0.805
Logistic regression  0.765 0.787 0.754 0.770
k Neighbor (k=3)  0.633 0.632 0.649  0.640
Linear SVM 0.7 0.722 0.704  0.713

Table 8 Classification accuracy results for between-individual estima-
tion in high-level activity categories

Accuracy Precision Recall  F-measure
Random Forest 0.790 0.802 0.791 0.796
Decision tree 0.704 0.709 0.706 0.707
Logistic regression ~ 0.713 0.711 0.703 0.707
k Neighbor (k=3)  0.578 0.580 0.583 0.581
Linear SVM 0.707 0.701 0.700 0.700
1. PC work

2. Writing work
3. Smartphone operation

4 Break

Fig. 8 Confusion matrix of within-individual estimation in high-level
activity categories
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1. PC work 0.054 0.038 0.068

0.245 0.038

2. Writing work

R YBN 0.036

3. Smartphone operation

0.076 gowgs)

4 Break

Fig. 9 Confusion matrix of between-individual estimation in high-
level activity categories

The performance evaluation results indicated that the
RandomForest classifier achieved the highest discrimination
rates for both Within-Individual and Between-Individual
scenarios, with F-scores of 0.888 and 0.796, respectively,
consistent with the results obtained for the twelve activity
classification.

In the Within-Individual scenario, the most frequent
misclassifications occurred between “Writing work” and
“Smartphone operation.” Specifically, “Writing work” was
often misclassified as “Smartphone operation.” Addition-
ally, “Break” was frequently misclassified as one of the
other three high-level activity categories.

5 Discussion
5.1 Discussion of the proposed method

This study proposes a method to identify twelve types of
desk activities and estimate users based on the center of
gravity and weight data using the developed SenseDesk. We
conducted experiments to verify the accuracy of desk activ-
ity identification and user estimation.

5.1.1 Classifier

First, we discuss the classifier results. The highest accuracy
was achieved with Random Forest for both Within-Individ-
ual and Between-Individual estimations. This can be attrib-
uted to Random Forest being an ensemble learning method
using decision trees, which is less susceptible to outliers.
Additionally, the large variance in center of gravity and
weight data across the twelve activities contributed to the
method’s effectiveness.

5.1.2 Within-individual estimation
For Within-Individual estimation, Random Forest achieved

the highest accuracy of 0.775, with “d. Using a mouse”
identified at 99.3% accuracy and “a. Lying face down on the
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desk” at 97.6%. “d. Using a mouse” had high accuracy due
to similar activities performed within a certain range, while
“a. Lying face down on the desk” was identified because of
the small center of gravity shift and heavier weight. How-
ever, “f. Reading a book” and the three activities using a
smartphone were prone to misclassification owing to simi-
lar arm positions and relatively static movements. Although
our system achieved an estimation accuracy comparable to
that of Murao et al., they estimated only four movements,
whereas we achieved a high accuracy in estimating twelve
movements.

5.1.3 Between-individual estimation

For Between-Individual estimation, Random Forest
achieved the highest accuracy of 0.671, with “c. Resting
cheek on right hand” and “a. Lying face down on the desk”
were classified at 92.4% and 88.7% accuracy, respectively.
The high accuracy of the former can be attributed to its
unique static nature with the weight applied to one side. “g.
Writing on paper with a pen” and “h. Erasing text on paper”
also had high accuracies exceeding 80% owing to signifi-
cant center of gravity shifts and weight changes. However,
“i. Eating a meal” was misclassified as “e. Typing on a key-
board” possibly because the participants rested their arms
on the desk, resembling a keyboard typing posture.

5.1.4 User estimation

For User estimation, Random Forest achieved the highest
accuracy of 0.721. Participants H and L had high accuracies
of 84.5% and 80.2%, attributed to distinct behaviors, such
as central positioning on the desk and heavier weight on the
desk. However, participants K and G exhibited lower accu-
racies at 62.9% and 51.7%, respectively. They were mis-
classified by the other participants because their movements
were generally not very characteristic. These results indi-
cate that the proposed method can achieve high accuracy in
user estimation for participants with strong characteristics
and habits. While Murao et al. achieved an estimation for
ten users, we conducted an estimation for twelve users and
achieved a higher level of accuracy.

5.1.5 Parameter comparison

In the analysis, we changed the sampling rate and the win-
dow size when performing the short-time Fourier transform.
We then compared the results of the nine patterns of param-
eter combinations to determine the best parameter. The
results showed that downsampling from 80 Hz to 40 Hz or
20 Hz did not significantly change accuracy. Window sizes
of 2 s and 1 s were more accurate than those of 4 s. The

frequency of the human motion is typically less than 10 Hz.
Therefore, it is believed that the accuracy did not change
significantly because the power of the frequencies up to 10
Hz was obtained at a sampling rate of 20 Hz. Regarding the
window size, the movement time was 10 s per task, and the
larger the window size, the fewer the number of samples. It
is believed that higher accuracy can be obtained by increas-
ing the number of samples per task, even if the window size
is changed.

5.2 High-level activity classification through class
aggregation

For Within-Individual estimation, the highest accuracy with
an F value of 0.888 was obtained in the RandomForest.
Misclassification was most frequent for “Writing works”
and “Smartphone operation. This may be due to the fact
that many misclassifications were made for “f. Reading a
book” among the “Writing works” and for the three tasks
using a smartphone, as was the case in the identification of
twelve types of tasks. For Within-Individual estimation, the
highest accuracy was obtained with an F value of 0.796 for
RandomForest. Similar to the Within-Individual estimation,
“Writing works” was misclassified as “Smartphone opera-
tion. In addition, “Break” was misclassified as one of the
other three states. The “Break” task included the “i. Eat-
ing a meal” task, which was misclassified into various states
because there were large individual differences in what peo-
ple ate and how they ate it.

5.3 Privacyissues

Existing methods using cameras have privacy issues, such
as the reflection of faces (Jaimes 2006). The body move-
ment data used in this study are abstract, and if someone
else is sitting at a desk, it is not possible to identify who
that person is. Therefore, it can be said that privacy is cur-
rently protected compared to existing methods. However,
as the accuracy of identification improves, the possibility
of recognizing individuals may increase, raising new pri-
vacy concerns. As such, future work should consider strate-
gies for anonymization, informed consent procedures, and
compliance with applicable privacy regulations and ethical
guidelines.

5.4 Limitation

The evaluation experiment revealed that misclassification
occurred for movements with similar arm placement, and
user estimation accuracy was lower for participants with
fewer movement characteristics. To address these issues,
the following two solutions were identified:

@ Springer
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1. Collecting more data: In this experiment, twelve par-
ticipants were asked to perform five sets of 10 s each.
Therefore, increasing the amount of data for each par-
ticipant and collecting data from more participants is
expected to improve the discrimination rate for similar
activities. In addition, there was a bias in the age and
weight of the participants. Therefore, as future work,
it is required to collect and evaluate data from a wider
range of age groups and body sizes. Furthermore, col-
lecting long-term data on a daily basis may better cap-
ture movement characteristics and behavior patterns.

2. Exploring more parameters: Comparing more param-
eters and other features during feature extraction could
capture features not identified by the current method.
In activity recognition and user estimation, varying the
sampling rate, window size, and frequency band, as
well as adding additional features, could enhance accu-
racy. In addition, other features not used in this study
will also be considered. Furthermore, incorporating
advanced feature extraction techniques and exploring
sophisticated machine learning methods, such as deep
learning models, are planned as part of future work to
enhance classification performance.

In a natural work environment, it is also expected that peo-
ple will work while switching between multiple activities,
such as “d. Using a mouse” and “e. Typing on a keyboard.”
In such a case, the twelve categories may be too detailed,
and it may be better to capture a person’s state in broad cat-
egories such as “Fatigue state,” “PC work,” and “Writing
work.” These categories should be defined depending on the
type of status to be estimated. In this experiment, only the
center of gravity and weight were used for identification,
and an F value of 0.775 was obtained for Within-individual
estimation, and 0.671 for Between-individual estimation. To
improve the accuracy, we will also consider using other sen-
sors such as keyloggers, cursor movements, and smartphone
sensors, as Chang et al. did with a combination of weight
sensors and RFID to record meals (Chang et al. 2006). In
addition, a compound operation such as “e. Typing on a key-
board” with the left hand and “d. Using a mouse” with the
right hand could be expected. As a solution, it may be pos-
sible to estimate the feature values of complex motions by
synthesizing the multiple feature values of a single motion.

5.5 Application

This study achieved desk activity estimation, and captur-
ing more detailed features could enable the estimation of
the user’s mental state without wearable devices or cam-
eras. This system contributes to the creation of a more adap-
tive and health-conscious work environment by identifying

@ Springer

suboptimal postures and evaluating fatigue and stress lev-
els. Previous studies have shown that a person’s mental state
may be reflected in their movements (Arnrich et al. 2010;
Hernandez et al. 2014; Kitabayashi et al. 2011). Although
this experiment was conducted in a defined environment,
we plan to conduct long-term evaluations in natural envi-
ronments such as actual office environments in the future.
Installing this system in an office could visualize employ-
ees’ conditions and fatigue levels.

One application is to visualize the time spent. By record-
ing their own work as data, employees can objectively see
how much work they do and what kind of work they have
done, potentially improving work performance.

The second possible application is the estimation of the
degree of concentration at work. By continuously collecting
data over long periods, it may be possible to assess work
progress through self-assessment labeling. If work is not
progressing well, breaks can be encouraged to maintain
good working conditions.

Third, when users behave unusually, their psychological
state can be checked, and countermeasures such as breaks
can be proposed. Furthermore, long-term data collection
may predict decreases in psychological safety and suggest
preventive measures, improving mental and physical health,
concentration, and work efficiency.

Furthermore, because the center of gravity and weight
are affected by the user’s weight, sitting posture, and other
factors, the generality of the model is an issue. However, we
believe that when this system is introduced to offices in the
future, it will be possible to achieve highly accurate clas-
sification by creating a model for each individual user rather
than a single model for all users.

6 Conclusion

This study proposes a method to measure the center of grav-
ity and weight on a desk using load cells to estimate the
user’s state unconsciously. We developed a table-top device,
SenseDesk, and used machine learning to identify twelve
desk activities and users. Using the Random Forest method,
we achieved an F value of 0.775 for Within-Individual
activity estimation, 0.671 for Between-Individual activity
estimation, and 0.716 for User estimation. The Classifica-
tion accuracy of the twelve activities was not very high.
However, an F value of 0.888 for Within-individual esti-
mation and 0.796 for Between-individual estimation was
obtained for state estimation by dividing the twelve activi-
ties into four high-level activity categories, suggesting that
state estimation is sufficiently feasible.

Future work will focus on improving classification accu-
racy by exploring other classification methods such as deep
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learning. We also plan to investigate additional feature
extraction techniques to better distinguish between over-
lapping activities and enhance overall system robustness.
Additionally, we plan to deploy the system in real office
environments to estimate user states, such as work concen-
tration and psychological conditions.
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