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Abstract – The monitoring of indoor air quality (IAQ) is essential 

to prevent its potential effect on our health. One of the main sources 

of pollutants is the daily occupant activities, such as the use of 

cleaning products and cooking. To avoid that the levels of indoor 

pollution induced by these sources get harmful, and to aware people 

of their occurrence and impact, indoor air pollution events should 

be identified through the use of gas sensors. This work proposes a 

method of detection of indoor pollution activities through the 

estimation of the intrinsic dimensionality on windows of observation 

of metal-oxide gas (MOX) sensors. This approach was tested on a 

dataset extracted from 2 months of experiments in which typical 

household activities were performed in a 17m² room using 21 

unique models of MOX sensors. Results show that this method is 

capable of detecting activities in the environment but more 

understanding is needed to fully characterize it. 
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I. INTRODUCTION 

To monitor indoor air quality (IAQ) is to know how good is 

the air that we breath during most of our everyday life. 

Considering commutes to work, office and home periods, we 

spend at least 80% of our time indoors [1]. Daily activities 

such as cooking, housekeeping, smoking, use of candle and 

incense, are significant sources of pollutants and especially of 

volatile organic compounds (VOC) [2] and particulate matter 

(PM) [3] and health issues relative to poor IAQ, gathered as 

sick building syndrome, have been extensively reported [4].  

To avoid that pollutant levels become harmful, it is essential 

to detect when events responsible for high emissions happen. 

The task of detecting these emission events in the context of 

IAQ is often called just “Event Detection” [5]–[7], but in this 

work, as pollution events are often related to activities 

performed on the indoor environment, we are calling it 

Activity Detection.   

This task is usually performed by setting a threshold on the 

sensors’ measurements that signalizes the beginning of a 

pollution event when measurements go above it, and the end of 

a pollution event when measurements go below it. A few 

studies, however, try to go further by performing, for example, 

frequency analysis [8], support vector machines [7] or 

statistical analysis [2] on the sensors’ measurements to detect 

indoor activities.  

In this work, we propose the use of the intrinsic 

dimensionality estimation of metal-oxide based gas (hereby 

called MOX) sensors’ measurements as a metric to detect 

when indoor activities, such as cleaning the floor or cooking, 

are being performed, as this method is not affected by the long-

term drift of the sensors. In section II of this paper, we provide 

a short discussion on the choice of sensors. Section III provides 

the theoretical background as well as the method of detection. 

The experiment on which this method was tested is presented 

in section IV, followed by its results and discussions in section 

V and, finally, we present our conclusions in section VI. 

II. WHY MOX? 

Indoor activity detection can be achieved using a large 

variety of sensors, such as cameras, microphones or binary 

sensors. These technologies, despite providing good results in 

detection, pose a few problems. Cameras and microphones 

raise the concern about privacy when these sensors are spread 

through a residence. Moreover, when using cameras, there is 

also the need of high computational power to process the signal 

they provide [9].  

Binary sensors such as passive infrared motion detectors, 

magnetic reed switches, ultrasonic and float switches are 

frequently designed to detect presence. They can also provide 

good results on activity detection, as seen in [6], but they do 

not allow any detection of the gaseous emissions resulting 

from the daily pollution activity, (as well as cameras and 
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microphones) which is essential information in the context of 

IAQ. 

This leads us to gas sensors, which have been used 

successfully for both activity detection and recognition [10], 

[11]. Amongst this type of sensor, MOX sensors are the best 

candidates, as they are the cheapest and smallest gas sensing 

technology currently available and, despite their typical lack of 

selectivity, they can detect and quantify individual pollutants 

emissions when used in clusters [12].  

These sensors, however, often require the application of 

sophisticated signal processing techniques to their 

measurements, such as K-NNs [11] or neural networks [12], to 

be able to extract useful information. In this work we propose 

as a useful and efficient tool the estimation of the temporal 

Intrinsic Dimensionality of the sensors’ readings. 

III. INTRINSIC DIMENSIONALITY AND ACTIVITY DETECTION 

When dealing with sensors, we consider that a system 

containing D sensors has a dimensionality of D which is 

sometimes called the extrinsic dimensionality. On the other 

hand, the Intrinsic Dimension (ID) of a multidimensional 

system has been described initially by [13] as “the number of 

free parameters required in a hypothetical signal generator 

capable of producing a close approximation to each signal in 

the collection” and later by [14] as “the minimum number of 

free variables needed to represent the data without information 

loss”. 

This concept can also be understood as the "real" 

dimensionality of the system. In other words, if when plotting 

the data provided by the system using each sensor as an axis, 

the result is a line, the ID of this system is 1. Analogously, if 

the data results in a plane, the ID is 2, even if the number of 

sensors is greater than 2. 

In this work, we use the ID estimation method proposed by 

Grassberger and Procaccia [15] with the implementation 

suggested in [16]. To understand how this method computes 

ID, consider a cube of side r placed on the space formed by the 

sensors’ readings, that is, the measurement of each sensor will 

represent one axis (dimension) of this space, as the sub-figures 

on the right part of Figure 2. By counting the number of 

samples contained inside this cube, we obtain a value C, a 

number that represents a simplification of the correlation 

integral presented in [15]. By varying the size r of the cube 

inside a certain range and by counting the respective number of 

samples C(r) inside of it, we obtain a relation of 

proportionality between C(r) and r
d
, that is        , in 

which d is the intrinsic dimensionality of the dataset. By 

calculating the logarithm of this relation, we get         
       , in which h is the differential entropy of the dataset 

[16]. By plotting the relation log(C(r)) x log(r) as r varies, we 

get a curve in which the slope corresponds to the estimation of 

ID as can be seen in Figure 1. 

One of the preprocessing steps of this method is to 

normalize the sensors’ data to avoid over-influence of sensors 

that provide large measurements compared to others. By doing 

that, when no excitation is being presented to the sensors, their 

measurements are dominated by the random noise, which will 

be amplified by the normalization step and occupy the whole 

space provided by the D sensors, that is, the resulting ID is D. 

On the other hand, when the sensors are presented to an 

excitation, in the form of an indoor activity, their 

measurements will be dominated by their transient response, 

which will reflect as a low dimensional structure on the space 

provided by the sensors. This phenomenon is illustrated on 

Figure 2. 

By sliding a window of observation of duration T through 

the signal, we can extract the ID of the observations in these 

time intervals and study if there was activity, or not, by 

measuring the minima of the resulting IDs. We call the 

analysis of ID through time as temporal ID, and we consider 

that there is activity on the observed T long segment of the 

signal when the resulting temporal ID is below a certain 

threshold. 

 

 
Figure 1. Illustration on how the ID estimation method works. On the top 

left, a dataset with three distinct intrinsic dimensions, 1D near the green 

cube, 2D near the red cube and 3D around the black cube. The remaining 

images refer to the log(C(r)) x log(r) plot as r varies in the three different 

regions of the image on the top left, the numbers along the plot represent 

the slope, equivalent to the ID in this region. Top right is the resulting 

graph for the area around the green cube. Botton left, represents the area 

around the red cube. And bottom right, represents the are around the 

black cube. 

But how is this different from applying a threshold directly 

on the sensors’ measurements? There are a few reasons to use 

the approach, the first one is that this method is not sensitive to 

absolute values, this means that the known problem of long-

term drift of MOX sensors [17] does not affect this type of 

measurement. Another reason is that this method is easy to 

adapt if a new sensor is needed to be added to or suppressed 

from the system. 
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However, this method may require computational resources 

that are not suitable for less powerful microcontrollers, making 

it difficult to embed it. This comes as a consequence of the 

approach chosen to estimate ID, using the correlation 

dimension, that is known to need large amounts of samples to 

avoid biased estimations [16]. 

 

 
Figure 2. Measurements out of activity (top) and during activity (bottom). 

On the left, we have the raw measurements of three MOX sensors, that 

when shown on the scatter plot on the right, either occupy most of the 

available space (when there is no activity being performed, top) or form a 

low dimensional structure (a line in this case, when cooking is being 

performed). 

IV. THE EXPERIMENT 

This method was put to test on a database extracted from an 

indoor activity experiment. This dataset was collected in a 17 

m² room, in which 26 unique models of MOX sensors were 

distributed between 6 unique IAQ monitoring modules. All 

modules had at least one copy performing measurements along 

with it. However, due to missing measurements and module 

failure we used, in fact, 21 unique models of MOX in 4 unique 

IAQ monitoring modules. One module with 4 sensors, one 

module with 6 sensors and two modules with 10 sensors each. 

The activities performed were of 10 types: (i) Static activity 

(human present in the room seated at a desk); (ii) 

Cooking/eating (oil frying and eating an egg); (iii) humid 

activity (towel drying, no one in the room); (iv) Vacuum 

cleaning; (v) Floor cleaning using bleach and detergent; (vi) 

Low intensity exercise; (vii) Scented candle use; (viii) Aerate 

the room by opening a window; (ix) Emissions from the use of 

hot glue; and (x) Emissions from woodcutting and wood 

drilling. The activities were chosen to simulate normal 

household activities as best as possible. The activities had a 

suggested duration but, as to simulate a real-world scenario, 

variation on the duration was allowed within acceptable limits. 

In total, 276 activities were performed between November 

and December of 2022, and between February and March of 

2023, totaling 26 days of presence in the room. Two people 

were responsible to perform the activities and each performed 

about half of them. All the performed activities had their start 

and end time, recorded in a spreadsheet annexed to the dataset. 

V. RESULTS 

The dataset had a sampling period of 10 seconds, therefore, 

to allow for a large enough number of samples and reduce the 

ID estimation bias to acceptable levels [16], we set the window 

size, T, to be equal to 1 hour, resulting in 360 samples. This 

sample size is large enough to estimate ID of dimensionality up 

to 5 within acceptable limits of bias on the estimation, and the 

duration is reasonable for typical indoor activities. More details 

about the calculation of the minimum number of samples and 

the estimation bias can be found in [16]. The scanning of the 

signal was done with superposition of windows, that is, the 

window moved with steps smaller than its size. In our case, the 

step size was lower bound to 50 samples or 500 seconds, 

because of processing time.  

After scanning the dataset and calculating the temporal ID, 

we found that during activities, this value was in average 2 

when performing activities and 4.1 when not. There was, 

however superposition between their distributions, being that 

the standard deviation in activity was 0.9 and outside activity 

was 1.3. Knowing that, we decided to set a threshold of 

detection of activity based on an analysis of False Acceptance 

Rate (FAR) and False Rejection Rate (FRR) by finding the 

Equal Error Rate (EER). The result of this analysis was that the 

detection of activity provided an EER of 27.2% when the 

threshold of detection of temporal ID was equal to 3.07. 

We also performed a comparison with a well referenced 

work by Fang et al. [6], in which they used a normalized 

standard deviation (NSTD) approach to detect pollution events. 

This approach was also based on a scanning window through 

the sensors’ signals to detect peaks in pollutant presence. In 

our implementation of their method, we used the same 

parameters as in ours method, window of size T equal to 1 
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hour and window superposition of 50 samples or 500 seconds. 

For their work, they considered that a pollution event was 

happening when the resulting NSTD was above 0.27. After 

implementing their method and applying it to our dataset we 

found a EER of 27.2 % when using a threshold of 0.25. The 

region of convergence (ROC) plot for both methods can be 

seen in Figure 3. 

The results obtained using our are equivalent to the ones 

obtained using Fang’s [6]. This result indicates that our method 

is as comparable with the literature and if used in datasets such 

as the one from [6] we should expect to obtain similar results. 

Both methods use the sudden change of sensor measurements 

to detect activity so it is not surprising that they show similar 

results. However, this method was capable of detecting 

activities not listed in the dataset, such as montage of 

measuring equipment and high intensity exercise performed 

outside of campaign schedule. These activities, if listed, could 

have improved the EER of this method, but as we have no way 

to accurately point out when they were executed, we can’t 

include them in the performance calculations. A more in-depth 

study is needed to fully quantify the performance of this 

method. 

 
Figure 3. Region of convergence (ROC) plot of both methods tested, 

Temporal ID and NSTD. Both methods achieve an EER of 27.2 %. 

VI. CONCLUSION AND PERSPECTIVES 

A method of detection of household activities was proposed 

based on the use of the intrinsic dimensionality (ID) estimation 

of windows of observation, here called temporal ID, of metal-

oxide gas sensors (MOX sensors). The method was tested on a 

dataset containing data from household activities performed in 

a 17 m² room between 2022 and 2023 extracted with 21 

different MOX and the time in which activities were performed 

is known. We determined that activity was being detected 

when the temporal ID was below a certain threshold, which we 

established by measuring the equal error rate of classification 

(EER). Our results indicated a threshold of 3.07 and an EER of 

27.2%. We compared this result with a well referenced 

method, normalized standard deviation (NSTD) [6], and 

obtained a equivalent result EER of 27.2 % when the threshold 

was 0.25 (NSTD). 

This result shows that the method is capable of activity 

detection and comparable with the literature, however, a more 

in-depth study is needed to both fully quantify its performance, 

as well as better develop its applicability, as it is possible to 

use certain characteristics of the household environment to 

improve the ability to detect activities, such as a priori 

assumptions of duration of activity and knowledge of sensor 

response. 
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