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Abstract. Due to the COVID-19 pandemic, home-office has turned to be a common 

practice in many companies to limit physical contact to reduce the rate of infections 
in the workplace. To quantify office workers' ADLs, this work demonstrates 

unobtrusive monitoring of activities of daily living (ADLs) of an office worker in a 

home-office environment with three low-cost sensors: an accelerometer and two 
light sensors. We extract four elementary events: distinct and fain chair movement, 

monitor, and fridge usage, from which we derived seven ADLs using predefined 

rules. This simple system can support the quantification of ADLs of home-office 
workers. 
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1. Introduction 

The COVID-19 pandemic has changed our lives in many ways. With the availability of 

telecommunication platforms, it is feasible to conduct much work without being at the 

office. To limit physical contacts and reduce infection rate in the workplace, home-office 

has turned to be a common practice in many companies. However, home-office could 

negatively influence office workers. For instance, the work-life balance can be disturbed 

to change the office workers’ physical and mental well-being [1]. 

The term activities of daily living (ADLs) is defined as the self-care activities that 

are important for health maintenance and independent living [2]. ADL is an indicator of 

health status as performing ADLs depends on cognitive (e.g., reasoning, planning), 

motor (e.g., balance, dexterity), and perceptual (including sensory) abilities [3]. With the 

advances in sensor technology, big data, and artificial intelligence, low-cost sensors can 

implement, when installed at proper locations, physiological monitoring and functional 

monitoring [4] for certain subjects, e.g., the elderly or patients with certain disabilities. 

For instance, with motion sensors and contact sensors, Kaye et al. recorded Alzheimer 

patients' daily life [5]. Similarly, our previous work profiled the hip fracture patients' 

behavior after discharge with multimodal Internet of things (IoT) sensors such as 

accelerometer, motion, vibration, and contact sensors [6][7]. The Massey University 

Student Enterprise (MUSE) group tracked the toilet use of an elderly person with a light 
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sensor in the rest room [8]. However, home-office has not yet been monitored by such 

simple systems. 

Inspired by the related work of monitoring the ADLs of the elderly and the patients, 

this work will demonstrate unobtrusive ADL monitoring of an office worker with low 

cost and simple out-of-the-shelf sensors. We also showcase the information that can be 

extracted from the sensor data. 

2. Methods 

2.1. Sensor setup 

We used a sensor kit (PLUX Biosignalsplux, PLUX wireless biosignals, S.A., Lisboa, 

Portugal) with sensors and hubs for data collection [9]. We used only three sensors (Fig. 

1):  

 

Figure 1. Hardware setup. 

� An accelerometer (ACC) attached to the headrest of the office chair tracks the 

movement of the office worker (Fig. 1-a). 

� A light sensor (LUX1) orthogonally attached to the monitor of the computer 

measures the display activity (Fig. 1-b).  

� A light sensor LUX2 attached next to the refrigerator light checks if the 

refrigerator is open (Fig. 1-c). 

We cabled ACC and LUX1 to a hub (HUB1) that then with Bluetooth connected to 

a smartphone (SF1), and LUX2 via another hub (HUB2) to another smartphone (SF2), 

which was placed near the fridge, as the computer was not within the Bluetooth reach 

from HUB2.  

Our sensors recorded data over four weekdays. The system was started each day at 

about 07:00 and shut down at about 17:00. We configured the sampling rate for all 

sensors to 1 Hz.  

2.2. ADL event extraction 

We divided the ADL event extraction from raw sensor data into two stages: elementary 

event and ADL events. We defined and extracted four types of elementary events: 

1. Distinct chair movements are caused by evident activities like standing up or 

sitting down in the office chair. We employed Butterworth and median filters 

to smooth the data and an empirical threshold to detect distinct movement.  

2. Faint chair movements are the slight movements at the workplace while the 

person remains in the chair.  
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3. Monitor on/off event is derived by the light sensor, which illustrates clearly 

ascending and descending slopes when the monitor turns on and off, 

respectively. We applied an offset to the sensor data due to cope with 

interferences from the surroundings and ambient light.  

4. Fridge open/closed event is detected directly from the signal as there is nearly 

no interfering light when the fridge is closed.  

Based on the four types of elementary events, we extracted seven ADL events based 

on the social rhythm metrics (SRM) [10]. Table 1 lists the rules. 

Table 1. Event extraction rules 

ID ADL Rule Timeslot 
1 Begin of the working day Distinct chair movement + monitor on 07:00 – 08:00 

2 Breakfast ≥ 2 × distinct movement chair + monitor off + fridge 
open/closed 

08:00 – 11:00 

3 Concentration phase Faint movement chair + monitor on 07:00 – 17:00 

4 Lunch ≥ 2 × distinct chair movement + monitor off + fridge 
open/closed 

11:00 – 14:00 

5 Afternoon Snack ≥ 2 × distinct chair movement + fridge open/closed 14:00 – 17:00 

6 General working break ≥ 2 × distinct chair movement + monitor off 07:00 – 17:00 
7 End of the working day Distinct chair movement + monitor off 16:00 – 17:00 

3. Results 

We obtained the elementary events. A sample set of events of a certain day is shown in  

(Fig. 2-(a)) with their starting- and ending-timestamps. Furthermore, after the event 

extraction, we can derive the target ADL events (Fig. 2-(b)) applying our rule set (Table 

1). To quantify the office worker's ADL, we provide a statistical summary (Table 2). 

 

Figure 2. Elementary and ADL events.  The IDs of the ADL events are at the top of the graph.  

 

Table 2. Summary of ADL events in four weekdays 

ID ADL Average time Average timeslot 
1 Begin of the working day - 07:45 – 08:15 

2 Breakfast ca. 20 min  09:00 – 10:00 
3 Concentration phase ca. 90 min 08:00 – 09:00 

09:30 – 11:00 

14:00 – 16:30 
4 Lunch ca. 45 min 11:00 – 13:30 

5 Afternoon Snack ca. 15 min 13:30 – 15:15 
6 General working break ca. 10 min 10:30 – 11:15 

7 End of the working day - 16:00 – 17:00 
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4. Discussion 

Our experiment demonstrated that applying a limited number of low-cost and out-of-the-

shelf sensors is feasible to track ADLs of workers in home-office. We designed the 

sensor deployment carefully to monitor the ADLs in an unobtrusive manner. Our data 

processing pipeline is easy to implement.  

Our results suggest that the monitored office worker's lifestyle was relatively stable 

within the monitored duration. There was barely any movements during the workday 

besides standing up to get some food. The obtained information may offer tips for healthy 

lifestyle. For example, to keep in work-life balance, people need to break more frequently 

during the workday [11]. 

In this work, we defined the ADL events according to the SRM. On the one hand, 

we showed the potential of automatically collecting data for the SRM using sensor 

technology. On the other hand, the sensor data can be used to verify the precision of the 

SRM diary, which is usually collected by manually survey with the subjects. 

The variety and the amount of sensors in the demonstrated system limit the ADL 

types that can be detected. The system cannot distinguish the work-relevant and non-

relevant activities when the worker is in the chair. The system cannot detect the activies 

out of the sensing scope either, e.g., the phone calls with colleagues in a different room.  

In future work, additional data from more test persons with more sensors can be 

derived to broaden our results over an extended period. In particular, we intend to include 

phone calls performed with wireless devices. Furthermore, a smartwatch with an 

accelerometer or motion sensor can be used to track a person's movements at home to 

verify the findings of the accelerometer on the office chair.  
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