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Abstract—Activity monitoring system is used in many fields 

such patient’s activity monitoring system for self-quarantine in 

their home. The IoT- based activity monitoring system uses the 

limited resources (e.g., bandwidth, battery and memory) for 

monitoring the user’s activity. The limited resources (such as 

battery) provide the limited lifetime battery in activity monitoring 

system. By resource efficiency, it will extend the battery lifetime. 

Resource efficiency is achieved by adaptively reporting user 

activity depending on the level of the user’s activity emergency. 

But, when the user’s activity reporting data is based on the 

emergency level, then it reduces the data detail and its activity 

recognition accuracy. So, we develop energy-savings techniques 

for user’s activity reporting and analyze the effect of energy-

savings techniques to the accuracy of activity recognition using 

different methods. The results show the energy-savings techniques 

can save battery life up to 8%, bandwidth up to 146,5 bytes/sec 

and memory up to 2,8% compared to non-energy saving 

technique. But the energy-saving techniques give less accuracy in 

the four different activity recognition methods up to 11% in 

average. 

Keywords—internet of things, energy-accuracy, activity 

recognition 

I.  INTRODUCTION  

Nowadays, human activity can be monitored using Internet 
of Things in the long distances. A user can monitor other user’s 
activity using Internet of Things in mobile devices. This activity 
monitoring system can be used in many fields, such as for 
infectious disease patient’s activity monitoring system like now 
COVID-19 pandemic period [1]. To avoid someone who takes 
care of the patient, get contact with the infectious patient, they 
can use this activity monitoring system for monitoring the 
patient’s activity. 

The two most used methods in Human Activity Recognition 
(HAR) are video-based HAR and sensor-based HAR [2]. The 
use of video-based HAR has some issues those are privacy, 
pervasiveness, and high cost-time consuming. People are not 
comfortable being recorded all day (privacy) and the video 
based HAR makes it difficult to collect the image data from the 
target individually. Video-based HAR is also highly cost and 
time consuming to process the video data. To overcome those 
issues, there is another method in HAR namely sensor based 
HAR. It is HAR that collects the data from wearable sensors. 

One of the wearable sensors used to collect motion data from a 
human is Accelerometer [3]. 

The mobile device as the one of IoT hardware can be used to 
get raw data from user’s activity using Accelerometer in it. 
There are some researchers who have concluded that the axis in 
Accelerometer provides the accuracy level in HAR. The 
research results that the same human activities could provide 
different accuracy level depending on which axis parameter 
measured [4][5]. 

For monitoring the user’s activity, the mobile device uses its 
resources (e.g., battery, memory, and bandwidth) continuously 
even though the mobile device has limited resources [6]. 
Activity monitoring system that is used to monitor the other 
user’s activity will give the accelerometer data continuously 
from the mobile device to the server. The more frequently data 
transfer, the more the battery level drain rapidly, the more 
memory, and consume the more bandwidth [7]. 

The system needs continuous data transfer to get the 
detail/continuous data for real- time activity recognition. For the 
usual continuously real-time activity monitoring system, it will 
get the raw data and transfer the data to the server in a certain 
period time [8]. If the activity monitoring system periodically 
transfers the amount of data to the server for activity recognition, 
it will run through more resources (e.g., battery, memory and 
bandwidth) that is a limited resources in mobile devices. 
Furthermore, there is a condition for the user that do not need to 
use the more resources in transferring the data in mobile 
devices continuously, like when the users doing the same 
activity in a certain period time and the mobile device 
continuing transfer the same data of the user’s activity 
[9][10]. This condition can be beneficial to reduce the 
utilization of the limited resources in mobile devices by 
establishing more dynamic data transfer from mobile devices 
to the server. If there is no activity change in user’s mobile 
device, then we do not need to transfer the raw data to the 
server and vice versa. If there is an activity change in the user’s 
mobile device, the mobile device transfers the raw data to 
the server. With this dynamic data transfer, the battery can 
have more lifetime and other resources. Memory and 
bandwidth can have more free space to handle the more other 
data required. 

In this paper, to determine the user’s activity change, the 
system runs through the change prediction techniques. Change 
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prediction techniques can be obtained by analysis of 
variances. Analysis of variances finds the similarity of two data 
groups. It will take the N previous raw data and the N current 
raw data, then the system will compare both data groups to 
predict the activity changes. If the previous N data group is 
like the current N data group, then there is no change activity 
occurs. If the previous N data group is not like the current N 
data group, then there is a change activity occurs. So, activity 
change prediction can be obtained by this analysis of 
variance. The activity change prediction is used to optimize 
the use of limited resources, and it needs to analyze its impact 
to the activity recognition accuracy. 

If the activity monitoring system do not use the activity 
changes prediction, then the system will transfer the data 
periodically and the system will get the more detail data to get 
the detail information of user’s activity. Otherwise, if the 
activity monitoring system uses the activity changes 
prediction, then the system will transfer the data dynamically, 
based on the presence of the user’s activity changes. So, the 
system will get the aggregated data to be transferred to the 
server. Because of this condition, it needs to be evaluated and 
analyzed the energy-savings techniques impacts (activity 
change prediction) to the activity recognition accuracy. There 
are some test scenarios, the first test scenario is to observe the 
resource usage (e.g., battery, memory and bandwidth) 
compared both systems using energy-savings techniques and 
non-energy-savings techniques. The second test scenario is 
to observe accuracy, comparing both systems using energy- 
savings techniques and non-energy-savings techniques. 

II. METHOD 

The aim of this research is to analyze the trade-off between 
the energy-savings techniques and the activity recognition 
accuracy in an activity monitoring system. Mobile devices are 
used to get raw data and transfer it to the server for activity 
monitoring system even though it has limited resources (e.g., 
battery, memory and bandwidth) to overcome the process. 
Activity monitoring system repeats the process continuously to 
keep monitoring the user’s activity. This process runs through 
the limited resources in mobile device although for the same 
user’s activity that kept being transferred to the server in the 
certain period time. The limited resources can be optimized by 
transferring the user’s raw data to the server simply when there 
is an activity change. This condition is used to reduce the limited 
resources utilization by predicting the user’s change activity 
using analysis of variance. 

The user’s activity type that used in this research are 
“laying”, “sitting”, “standing”, “walking” and “running”. In 
activity change prediction, we do not recognize the type of 
activity. But we predict if the activity changes or not. So, the first 
is the mobile device get the raw accelerometer data and divided 
into two data groups. They are, N previous raw data and N 
current raw data. Then, find the similarity of the two data groups 
using analysis of variance. If both of data groups is similar, then 
it indicates that there is no activity change, and the N current 
data is not transferred to the server. If both of data groups is not 
similar, then it indicates that there is an activity change, and the 
N current data is transferred to the server. 

Following the current data in the server, then the server 
recognizes the activity using the activity recognition method. 
The monitoring user can view the monitored user’s activity from 
a website. In this research, we tested some activity recognition 
methods to compare the accuracy of each method. Here is the 
overview of the whole system can be seen in Figure 1 and Figure 
2. 

 
Fig. 1. Architecture system overview 

 
 

Fig. 2. Flowchart system overview 

A. Change Prediction Techniques 

Activity monitoring system sends raw data frequently to the 
server that runs through the limited resources in mobile device. 
This process sometimes runs through limited resources with the 
condition that mobile device sends the same user’s activity in a 
certain period time. It throws away the limited resources used 
for transferring the same data for the user’s activity. 

For the same user’s activity, we do not need to update 
frequently. The monitoring user is usually concerned with the 
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monitored user’s activity changes. This condition is utilized for 
optimizing the limited resources for transferring the raw data of 
the user’s activity changes. The activity monitoring system only 
transfers the raw data to the server when there are a user’s 
activity changes. The user’s activity changes are predicted using 
change prediction techniques that are named by analysis of 
variance. It predicts the user’s activity changes by assigning the 
similarity between two data groups that in this case, the previous 
N data and the current N data. Analysis of variance examines the 
similarity of data and the other in a group (within-class). 
Furthermore, it also examines the similarity of  a data in a group 
and data in the other group (between-class). The following 
stages are the change prediction techniques using analysis of 
variance: 

 Define the total number of the sample data (N), the total 
number of the population (k) and the number of the sample 
data for each population (n) 

 Define the meaning of each population and the mean of all 
the mean of each population 

𝑥̿ =
𝑥1̅̅̅̅ +𝑥2̅̅̅̅ +𝑥3̅̅̅̅ +⋯+𝑥𝑘̅̅ ̅̅

𝑘
             (1) 

 Then, calculate the SSB (Sum of Square Between) and 
SSW (Sum of Square Within).  

                      𝑆𝑆𝐵 = ∑ 𝑛𝑗(𝑥𝑗 − 𝑥̿)2𝑘
𝑗=1                   (2) 

were, 

k = the amount of population 

j = jth population 

𝑥𝑗̅= jth population mean 

𝑥̿= mean of mean from each population 

𝑆𝑆𝑊 = ∑ ∑ (𝑥𝑗𝑖 − 𝑥𝑗̅)2𝑛𝑗

𝑖=1
𝑘
𝑗=1              (3) 

Were, 

k = the amount of population 

j = jth population 

nj = the amount of data in jth population 

i = ith data of jth pop ulation 

xji = ith data in jth population 

𝑥𝑗̅ = mean of jth population 

 Calculate MSB (Mean of Square Between) and MSW 

(Mean of Square Within) 

 MSB is calculated by dividing SSB to degree of freedom. 

𝑀𝑆𝐵 =  
𝑆𝑆𝐵

𝑘−1
                    (4) 

 Where, k = the amount of population 

 MSW is calculated by dividing SSW to degree of freedom 

𝑀𝑆𝑊 = 𝑆𝑆𝑊/(𝑁 − 𝑘)                     (5) 

Where, 

N  =  the  amount  of  sample  data  of  the  entire population 

k = the amount of population 

  

 Then, calculate F Ratio 

𝐹 𝑅𝑎𝑡𝑖𝑜 =
𝑀𝑆𝐵

𝑀𝑆𝑊
                           (6) 

 Then, find F table in F distribution table by intersecting the 
degree of freedom of MSB, k-1, in the horizontal way and 
degree of freedom of MSW, N-k, in the vertical way as 
shown as Figure 3. (Example, N=8 dan k=2). 

 

Fig. 3. F distribution table 

 Then, the F ratio is examined. If F ratio > F table, then there 
is different population meaning (not similar). If F ratio <= F 
table, then there is no different population mean (similar) 

B. Activity Recognition Method 

The activity change prediction techniques are utilized to 
determine whether the raw data must be transferred or not. As 
the raw data transferred, then the server utilized the activity 
recognition method to determine the types of activity (e.g., 
“laying”, “sitting”, “standing”, “walking”, “running”). The 
activity recognition method assigns the user’s activity 
information. In this paper, we tested some activity recognition 
methods (Naïve Bayes, KStar, KNN and TreeJ48) to analyse the 
impacts of the change prediction techniques to the activity 
recognition method accuracy in some different method. 

 

III. RESULTS AND DISCUSSION 

The activity monitoring system is developed with the IoT-
based (Internet of things) that utilizes the client-server 
architecture as shown as Figure 4. The utilized experimental
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Fig. 4.  experimental environment overview 

 

 
Fig. 5.  experimental scenario for the evaluation 

 

 
Fig. 6. energy-savings system bandwidth utilization 
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Fig. 7. non-energy-savings system bandwidth utilization 

 

Fig. 8. energy-savings and non-energy-savings system memory utilization 

environment consists of three main components, they are 
monitored user mobile device (user A), server and monitoring 
user mobile device (user B). User A has three embedded 
modules, namely accelerometer module, activity change module 
and data transfer module. Server has two embedded modules, 
namely data receiver module and activity recognition module. 
User B has one embedded module, namely data view module. 

Activity monitoring system gets the user A’s activity using 
accelerometer module to get the raw data (x, y, z) from the 
accelerometer sensor. Then the raw data, assigned as the input 
to the activity change prediction module and assign the 
prediction output, whether the user’s activity changes or not. If 
the activity monitoring system assigns the output “no change”, 
then user A mobile device does not transfer the raw data and 
keep acquiring the raw data from accelerometer module. If the 
activity monitoring system assigns the output “change”, then 
user A mobile device activate the data transfer module to 
transfer the raw data accelerometer to the server. If the 
transferred raw data received by the data receiver module in the 
server, then the raw data are assigned as the activity recognition 

method input. Then, the activity recognition method assigns the 
result to the user B through data view module. 

The evaluation is assigned to observe the activity change 
prediction impacts to the energy- savings of the limited 
resources in mobile devices. There are three parameters to be 
evaluated, namely battery utilization, memory utilization and 
bandwidth utilization utilization. Furthermore, the system 
evaluated for the energy-savings impacts to the activity 
recognition accuracy compared to four different methods, 
namely Naïve Bayes, KNN, KStar and TreeJ48. 

The system (using energy-savings techniques) will be 
compared to the non-energy- savings techniques. The system 
runs through the same scenario as shown as Figure 5 with the 
ten activity changes. We tested the bandwidth utilization 
between the energy-saving techniques system and non-energy-
savings techniques. The result as shown as Figure 6 and 7. From 
the experimental result of bandwidth utilization, the energy 
savings system bandwidth utilization about 62.6 bytes/sec, 
whereas the  non-energy  savings system bandwidth utilization 
about 209.1 bytes/sec. 
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 The energy-savings system utilizes less bandwidth 
compared to the non-energy savings system. It assigns more 
space free up for other data needed. 

From the experimental result of memory utilization, the 
energy savings system memory utilization about 54%, whereas 
the non-energy savings system bandwidth utilization about 
56.8%. The energy savings system utilize less memory 
compared to the non-energy savings system. It assigns more 
space free up for other data needed. 

Battery level comparison between energy- savings 
and non-energy-savings system 

 

 

Fig. 9. Battery level derivation comparison between energy-savings and non-

energy-savings system 

From the experimental result of battery utilization, the 
energy savings system sustains the battery level derivation of 
about 84%, whereas the non- energy savings system sustains the 
battery level derivation of about 92%. The energy savings 
system uses less battery utilization compared to the non- energy 
savings system up to 8% in difference. It assigns the more 
lifetime battery. 

From the experimental result of bandwidth, memory and 
battery utilization, the energy-savings techniques can use less 
resource utilization that the mobile devices have the limited 
resources. Consequently, it sustains the accuracy reduction. 

The system tested for the activity recognition accuracy. It 
tested in the four different methods for comparisons, namely 
Naïve Bayes, KNN, Kstar and TreeJ48. The selected methods 
are the the most common method for activity recognition. The 
test was conducted comparing several methods by carrying out 
4 activities (sitting, standing, walking and running) in a certain 
period. The experiment compared in different method of: 
1. Naive Bayes provide the activity recognition accuracy of 

82% in energy savings system and 89% in non-energy 
savings system. It makes 7% in accuracy difference. The 
experimental result is shown as Figure 10. The experimental 
results show that the energy- savings techniques reduce the 
activity recognition accuracy as much as 7% in average. 
 

 

 
Fig. 10. The Activity Recognition Accuracy Comparison between Energy-savings and non-energy-savings system 

 

2. KNN provide the activity recognition accuracy of 78% 
in energy savings system and 83% in non-energy savings 
system. It makes 5% in accuracy difference. 

3. KStar provide the activity recognition accuracy of 76% 
in energy savings system and 85% in non-energy savings 
system. It makes 9% in accuracy difference. 

4. TreeJ48 provide the activity recognition accuracy of 75% 
in energy savings system and 89% in non-energy savings 
system. It makes 14% in accuracy difference. 

The experimental result as shown as Figure 10. The 
experimental result shows that the energy- savings techniques 
reduce the activity recognition accuracy as much as 8.75% in 
average of the four activity recognition methods. 

Battery 

level 

Non-energy-savings system

Energy-savings system 
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IV. CONCLUSION 

As the research experimental results, it can be concluded that 
energy-savings techniques in the activity monitoring system can 
save the limited resources in mobile device such as bandwidth, 
memory and battery lifetime. Consequently, the energy-savings 
techniques reduce the activity recognition accuracy method by 
as much as 8.75% in average compared to the non-energy-
savings system. 
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