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A B S T R A C T   

The SARS COVID-19 pandemic highlighted the importance of routine indoor air quality (IAQ) 
monitoring. Recent advances in IAQ sensors and remote logging technologies offer opportunities 
to use low-cost platforms to monitor indoor air. The sensor’s accuracy and stability are critical for 
reliable monitoring and health protection. Data from our low-cost IAQ platform (SKOMOBO) was 
validated against a commercial platform for carbon dioxide, temperature, and relative humidity 
measurements to test the reliability of the low-cost instrument. The traditional statistical method 
to test the variability between two data sets is the coefficient of determination method. We 
identified that this traditional method did not detect drifts in measurements, when comparing 
data from two platforms, in a controlled and uncontrolled environment. In our paper, we propose 
two complementary methods to detect potential drifts in measurements (a modified Shewhart 
method and a cumulative sum control chart method). The traditional coefficient of determination 
method indicated strong consistency (between 0.70 and 0.99) in the measurements between 
SKOMOBO and the reference platforms for both tested environments. Our more sensitive methods 
detected 100 % data matching for the controlled environment between the SKOMOBO and the 
reference platform but detected some drifts for the uncontrolled environment (between 81 % and 
100 % data matching). It was expected that the uncontrolled environment would create more 
drifts in measurements than the controlled environment. Our new statistical methods achieved 
two important results; namely it advanced the validation process and proved the reliability of our 
low-cost platform for IAQ monitoring and assurance.   

1. Introduction 

The SARS-COVID-19 pandemic highlighted the criticality of Indoor Air Quality (IAQ) to protect the occupants from exposure to 
bioaerosols and indoor pollutants [3]. A significant limitation of commercially sourced instruments to measure IAQ is their high cost. 
Consequently, financial constraints can limit the number of commercially manufactured IAQ instruments that can practically be 
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installed in a building, or the length of time that these expensive instruments were installed. If monitoring is only conducted in a few 
locations of a building, or for short periods of time, then there is a significant risk of under-ventilated areas of the building or 
under-ventilated periods of time not being detected. Recent advancements in the development of low-cost carbon dioxide (CO2) 
sensors, and remote monitoring technologies have opened the production and use of low cost IAQ monitoring platforms. Low-cost 
monitoring platforms can be developed for a fraction of the cost of commercially available reference platform. However, there is a 
need to inform on the reliability of the platform in monitoring our built environment [4]. Accurate and reliable IAQ data are crucial for 
estimating occupants’ exposure to variables like temperature, relative humidity, and CO2. Temperature and relative humidity are 
important variables for defining thermal comfort in buildings. CO2 level is useful for estimating ventilation effectiveness [2] but it 
should not be considered as an overall indicator of IAQ [1]. Efficient ventilation protects building occupants from exposure to airborne 
viral aerosols such as SARS-COVID-19 [3]. Consequently, the accuracy and validation of the low-cost IAQ platforms is critical to 
provide reliable assessment of ventilation and health risks, when these low-cost platforms are used for routine monitoring of IAQ, or 
data quality control when the platforms are used for research purposes. As air quality can vary throughout the day, and in different 
parts of an indoor space, it is important to have a good distribution of sensors and have these installed for long periods of time to 
provide good data resolution. 

In the literature, low-cost platforms are validated against calibrated commercial platforms using the coefficient of determination 
(R2) [5–7]. Ali et al. [6] compared the measurements from an in-house-made platform with a commercial equivalent, with R2 values 
ranging from 0.87 to 0.99. Penza et al. [7] also reported strong correlations between the measurements from the low-cost and the 
commercial platforms. However, the R2 value only measures the strength of the relationship between the measurements from the two 
types of platforms and fails to detect faults and drifts. Specifically, a perfect linear correlation between the two measurements does not 
indicate the existence of drifts in the measurements. Therefore, methods for detecting drifts in measurements are required to validate 
the accuracy of low-cost monitoring platforms. 

To account for drift detection in the measurements between the low-cost and commercial platforms, we aim to propose new 
validation approaches inspired from control chart methods. This methodology tests the percentage of low-cost platform measurements 
within certain boundaries (an upper control limit and a lower control limit), calculated from the reference platform measurements. 
This methodology uses the Shewhart [8] and cumulative sum [9] procedures to detect large and small variations between measure
ments, respectively. Unlike classical control chart methods, our proposed method allows for serial correlations in the measurements 
and calculation of the boundaries. Any measurement from the low-cost platform that lies outside the boundaries proves that it differs 
from the reference platform. In addition, appropriate actions can track the cause of out-of-control points. 

The proposed methodology assessed the performance of a low-cost platform manufactured at Massey University and called 
SKOMOBO. We will validate the CO2, relative humidity, and temperature measurements collected from the SKOMOBO against those 
from a commercial reference platform (TSI Q-Trak 7575, TSI Incorporated, Shoreview, Minnesota, USA). Detailed descriptions of the 
SKOMOBO platform, including the printed circuit board design, platform selection, and programming, were described by Wang et al. 
[10], Weyers et al. [11] and Wang et al. [12]. 

The remainder of this paper is organised as follows. Section 2 extends the classical charts (described in Section A of the Supple
mentary Method) to handle serial correlations in time-series datasets using two complementary-model-based control chart method
ologies (the modified control chart and the residual-based control chart). When used jointly, these two methodologies complement 
each other and can determine the variation in the entire dataset. In Section 3, we describe the experimental designs for SKOMOBO 
validation. In Section 4, we apply the methodologies (developed in Section 2) to validate SKOMOBO measurements against reference 
platform measurements. Finally, Section 5 presents the conclusions of our study. 

2. The proposed model-based methodologies for autocorrelated datasets 

We developed innovative methodologies for the detection of anomalies within serially correlated datasets by employing classical 
control charts traditionally designed for independent data (see Supplementary Method, Section A). The inherent serial correlation 
within datasets is known to trigger an increased rate of false alarms when standard control chart techniques are used [13,14]. 
Therefore, it is imperative to address serial correlation prior to the application of control chart methods for such data [15]. Serial 
correlation emerging from the repeated sampling rate can be eliminated by sampling less frequently [16]. The disadvantage of this 
approach is that less information is available for the validation process, making it difficult to distinguish between measurement 
variations [17]. 

Here, we modelled serial correlations through the application of Autoregressive Integrated Moving Average (ARIMA) models, 
which are well-suited for time-series data [21,22]. ARIMA models excel in encapsulating diverse autocorrelation structures. By 
applying an ARIMA model to a dataset, we can separate the true signal (as represented by the model’s fitted values) from stochastic 
noise (the residuals). Within the framework of control charts, these fitted values and the corresponding residuals (presumed to be free 
of autocorrelation if the ARIMA model is aptly specified) are monitored for indications of process deviation. This enables the iden
tification of data shifts or heightened variability that deviates from the established autocorrelation pattern represented by the ARIMA 
model. 

Our research developed two distinct model-based techniques to eliminate the impact of serial correlation on control chart efficacy 
[16–19]. The first technique involves a modified control chart procedure that compensates for the effects of serial correlations. This 
adjustment was accomplished by initially applying a suitable time-series model to encapsulate the autocorrelated structure of the 
dataset. The fitted values from the serially correlated datasets were then integrated into the classical Shewhart or cumulative sum 
control charts. The control limits of these charts were subsequently recalibrated to reflect the autocorrelation influence. This method 
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was designed to ensure the stability of a system that presents autocorrelation, marking a departure from the conventional Shewhart or 
cumulative sum charts which presuppose independent observations. 

The second method employs residuals derived from time-series model fitting [16,20]. Similar to the first method, after the dataset is 
characterised for its autocorrelation through a time-series model, the residuals, which are expected to be uncorrelated if the model is 
well fitted, are utilised in Shewhart or cumulative sum charts. This approach guarantees that the chart is responsive to shifts in un
correlated residuals, which are indicative of changes in the original autocorrelated measurements. 

The proposed framework (Fig. 1) was executed in two phases. Phase I is dedicated to fitting the ARIMA model to reference 
measurements and estimating the model parameters, which were then used to establish control limits for the modified control charts. 
In Phase II, we employed predefined control charts to monitor SKOMOBO measurements, comparing the model-fitted values or re
siduals against the control limits set during Phase I. Observations of SKOMOBO measurements that exceed these predetermined limits 
are indicative of a potential measurement drift. Fig. 1 provides our robust framework for identifying drifts in serially correlated 
datasets. 

This framework outlines a two-phase methodology for drift detection in time-series data characterised by serial correlation, 
integrating ARIMA modelling with Shewhart or cumulative sum control chart techniques. In Phase I (Model Fitting and Control Limit 
Estimation), the process begins with the acquisition of a serially correlated time-series dataset, followed by ARIMA modelling to 
capture the autocorrelation structure of the data, and then control limits are derived and stored using the model’s parameters. Phase II 
(Real-time Monitoring and Drift Detection) involves the introduction of a new dataset for monitoring against the established control 
limits, analysis of each measurement for fitted values and residuals through the ARIMA model, and drift evaluation using a Monitoring 
Helper (Shewhart or cumulative sum chart) that assesses measurements against control limits. Measurements that deviated from the 
control limits were flagged as potential anomalies, and a comprehensive list of these anomalies was generated for further investigation. 

2.1. Autoregressive Integrated Moving Average (ARIMA) models 

For stationary time-series data with a constant true mean μ0, a mixed ARIMA (p, d, q) model, where p is the autoregressive model 
term, d is the degree of differencing and q is the moving average term, is given as 

Yi = μ0 + φ1Yi− 1 + φ2Yi− 2 + … + φpYi− p  

+εi − θ1εi− 1 − θ2εi− 2 − … − θqεi− q for i ∈ N. (Equation 1)  

Equation (1) may be written as φ(B)(Yi) = μ0 + θ(B)εi, where B is a backward shift operator given as BYi = Yi− 1, φ(B), and θ(B) are 
polynomials of degrees p and q, respectively. φi are the autoregressive model coefficients and θi represent the moving average co
efficients. The quantity εi is a sequence of independent and identically distributed random variables with zero mean and variance σ2

ε , i. 
e., εi ∼ N(0,σ2

ε ). The roots of φ(.) lie outside the unit circle for a stationary time series. The orders of the parameters p and q of ARIMA 
(p, d, q) can be obtained by plotting the autocorrelation and partial autocorrelation functions, respectively, of the time-series dataset 
[23]. The autocorrelation function and partial autocorrelation function plots guide how the observations are interrelated and provide 
practical tools for identifying the appropriate models. In particular, the autocorrelation function plot helps to determine the order q of 
the moving average term. In contrast, the partial autocorrelation function plot helps identify the order p of the autoregressive terms of 
the model. Section B of the Supplementary Method includes the forms of the autoregressive model (1), moving average (1), and ARIMA 
(1,0,1), as well as their means and variances. 

For a nonstationary time-series dataset (with a nonconstant mean function μt), it is important to make the series stationary by 
differencing successive observations before fitting an appropriate model to the differenced and stationary datasets. Stationarity can 
usually be achieved by taking successive differences in the observations one or more times [23]. The number of successive differences 
is denoted by d, and the notation (1 − B)dYt indicates that d successive differences were used. The ARIMA models of the order (p,d,q) 
are as follows: 

Fig. 1. The proposed two-phase drift detection method using ARIMA-based control charts.  
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φ(B)(1 − B)d
(Yi)= μ0 + φ(B)εi (Equation 2)  

2.2. The modified control charts (method 1) 

The modified control charts were obtained by adapting the classical chart limits to offset the impact of autocorrelation. We assumed 
that the serial correlation in the reference and new datasets could be modelled by an appropriate time-series ARIMA (p,d,q) model 
obtained from the reference dataset. We selected the parameters p and q from the autocorrelation and partial autocorrelation function 
plots of the time-series dataset. For the stationary series, d = 0. However, d was chosen as the smallest number of successive differences 
for the nonstationary time-series data, making the series stationary. 

Fig. 2 shows the two-phase analysis employed, namely Phases I and II. In Phase I:  

1) We obtained an ARIMA model that characterised the reference dataset and then estimated the model parameters. The estimated 
parameters are mean (Y) and standard deviation S.  

2) The modified Shewhart and cumulative sum control chart limits were obtained from the model-estimated parameters, as follows:  
i) The modified Shewhart lower control limit (LCL) and upper control limit (UCL) for monitoring serially correlated processes from 

these models are given by LCL = Y − Z1− α /

2 S, and UCL = Y + Z1− α /

2 S, respectively.  
ii) Similarly, the upward and downward cumulative sum statistics are defined as C+

i = max(0,C+
i− 1 +(Yi − Y)) − k), and C−

i = max(0,
C−

i− 1 + (Y − Yi) − k), respectively, where k = δ
2 S. 

In Phase II, the mean may shift from μ0 to μ0 + δσ.  

1) We fitted the SKOMOBO measurements using the ARIMA model.  
2) We compared the model-fitted values against the limits estimated from Phase I.  
3) The charts provide signals whenever the fitted values are outside this limit. 

Fig. 2 shows the proposed scheme based on the modified Shewhart and cumulative sum charts. 

2.3. The residual-based control charts (method 2) 

Here, monitoring was based on the residuals from a fitted time-series dataset. Residual control charts assume that a mean shift in a 
serially correlated dataset result in a mean shift in the residuals from the time-series model characterising the datasets. The residual 
values from a well-chosen time-series model are uncorrelated, thus providing theoretical evidence for using classical control charts 
designed for independent and identically distributed values. The residual-based chart is based on charting ei given as 

ei =Yi − Ŷ i  

where Ŷ i is the model-fitted value and is given as follows: 

Ŷ i = μ̂0 + φ̂1Yi− 1 + φ̂2Yi− 2 + … + φ̂pYi− p  

+εi − θ̂1εi− 1 − θ̂2εi− 2 − … − θ̂qεi− q , i ∈ N. (Equation 3) 

Fig. 2. Proposed scheme based on modified Shewhart and cumulative sum (CUSUM) charts (LCL: lower control limit; UCL: upper control limit).  
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where μ̂0, the estimated autoregressive model parameters {φ̂1, φ̂2, …, φ̂p}, and the estimated moving average parameters {θ̂1, θ̂2, …, 
θ̂q} are obtained from the model based on the reference dataset. The quantities ei satisfy ei = Yi − Ŷ i , which is the realisation of the 
residual εi ∼ N(0,σ2

ε ). 
The residual-based chart was employed in a two-phase procedure. In Phase I:  

1) We obtained a model that characterised the reference dataset.  
2) The residual ei used to validate the measurement at time i was obtained as the difference between the true and model-fitted values 

of the reference measurements. The estimated value of σε, denoted by, σ̂ε, was calculated from the residual.  
3) The control chart limits were obtained from the estimated residual values as follows:  
i. The residual based Shewhart control chart limits: lower control limit and upper control limit are given as LCL = − Z1− α /

2 σ̂ε, and 
UCL = Z1− α /

2 σ̂ ε, respectively.  
ii. Similarly, the upward and downward cumulative sum statistics are defined as C+

i = max(0,C+
i− 1 +ei − k), and C−

i = max(0,C−
i− 1 −

ei − k), respectively, where k = δ
2σ̂ε. 

In Phase II, where the mean might have shifted from μ0 to μ0 + δσε:  

1) We fitted the SKOMOBO measurements using the model-estimated parameters.  
2) The fitted model values and residuals were obtained.  
3) We compared the model residual values against the control limits obtained from Phase I.  
4) The chart provides signals whenever residual values are outside the limit. 

The proposed scheme based on residual Shewhart, and cumulative sum (CUSUM) charts is presented in Fig. 3. 

3. Data collection and work validation designs 

Co-location tests were conducted before (pre-fieldwork co-location) and after (post-fieldwork co-location) a two-year deployment 
period to validate the SKOMOBO platform against two reference commercial platforms (TSI Q-Trak 7575). 

3.1. Pre-fieldwork co-location test 

During the pre-fieldwork preparation, six SKOMOBOs were co-located with two reference platforms: 1) a controlled environment 
and 2) an uncontrolled environment. The controlled environment consisted of a small unoccupied office. All platforms were located on 
a desk and logged for CO2, temperature, and relative humidity levels every minute for two days (Fig. 4). The office door was locked, 
and the window was closed during the experiment. Visits from the researcher for equipment verification were logged. 

The second validation (uncontrolled environment) occurred in a lobby adjacent to seven offices. This lobby was used primarily 
from 8 a.m. to 6 p.m. on weekdays by seven researchers and their visitors undertaking office activities. This lobby had no window but 
was air-conditioned from 8 a.m. to 5 p.m. on weekdays. Six SKOMOBOs and two reference platforms were located on a table in the 
middle of the lobby (Fig. 5), and CO2, temperature, and relative humidity were monitored every minute for three days. 

3.2. Post-fieldwork co-location test 

Following a two-year deployment, nine SKOMOBO platforms used in the two-year monitoring were co-located with three reference 

Fig. 3. Proposed scheme based on the residual-based Shewhart and cumulative sum (CUSUM) charts (LCL: lower control limit; UCL: upper control limit).  
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platforms (TSI Q-Trak 7575, TSI Incorporated, Shoreview, Minnesota, USA) in an unoccupied seminar room. The SKOMOBOs and 
reference platforms monitored the CO2, temperature, and relative humidity levels every minute for two days. The seminar room was 
not locked, but the windows remained closed. All the tested SKOMOBOs in the pre- and post-fieldwork co-location tests were man
ufactured using the same sensors, design, and manufacturing processes. All the reference platforms used in the pre- and post-fieldwork 
testing were purchased simultaneously and factory-calibrated. 

4. Validation of SKOMOBO measurements 

We compared the measurements of temperature, relative humidity, and CO2 from the SKOMOBOs (pre- and post-fieldwork co- 
location tests) with those from the reference platforms using 1) the coefficient of determination (R2); the classical testing method 
reported in the literature, and 2) our proposed statistical methodologies described in Section 2. 

4.1. Comparing SKOMOBO and the reference platform data using the coefficient of determination - R2 

Supplementary Tables 1 and 2 present the coefficient of determination values of CO2, temperature, and relative humidity mea
surements obtained from the SKOMOBOs and reference platforms for pre-and post-fieldwork environments, respectively. These R2 
values demonstrated a strong correlation between the two measurement platforms. For the pre-fieldwork-controlled environment, the 
R2 values ranged between 0.996 and 0.999 for CO2, 0.988 and 0.997 for temperature, and 0.946 and 0.978 for relative humidity. In 
the pre-fieldwork-uncontrolled environment, they varied from 0.703 to 0.942 for CO2, 0.928 to 0.992 for temperature, and 0.772 to 
0.974 for relative humidity. For the post-fieldwork scenario, the values ranged between 0.801 and 0.924 for CO2, 0.993 and 0.999 for 
temperature, and 0.992 and 0.999 for relative humidity. These findings suggest that the SKOMOBO platform produced reliable and 
consistent CO2, temperature, and relative humidity measurements compared to the reference platform measurements. 

However, it is crucial to recognise that the coefficient of determination values primarily indicate the degree of linear association 
between the SKOMOBO measurements and the reference platform measurements without providing any insight into the accuracy of 
the SKOMOBO measurements in replicating the reference platform measurements. Thus, the coefficient of determination did not 
directly validate the magnitude of the SKOMOBO measurements against the reference platform readings. Supplementary Fig. 1a and 
1b shows the coefficients of determination for the simulated random samples Y1 and Y2, respectively. Although the coefficient of 
determination was 1, indicating perfect linear correlation, there was a noticeable difference in the magnitude of Y2. Specifically, 
Supplementary Figure 1a presents Y2 derived by adding 0.03 to each observation in Y1, while Supplementary Figure 1b displays Y2 
obtained by adding 5 to each observation in Y1. This demonstrates that even a perfect linear relationship can have significant variance 
in the actual magnitudes. This highlights the limitations of using the coefficient of determination values as the sole means of validation 

Fig. 4. Experimental setup for the controlled location of the pre-fieldwork validation study of SKOMOBO platforms with reference platforms. Six SKOMOBO sensors 
were enclosed in a clear acrylic frame and reference platforms (two TSI Q-Trak 7575, TSI Incorporated, Shoreview, Minnesota, USA) co-located in controlled office 
environments with a common area. 

Fig. 5. Experimental setup for the uncontrolled location of the pre-fieldwork validation study of SKOMOBO platforms with reference platforms. Six SKOMOBO sensors 
enclosed in a clear acrylic frame and reference platforms (two TSI Q-Trak 7575, TSI Incorporated, Shoreview, Minnesota, USA) co-located uncontrolled office en
vironments with a common area. 
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because they do not necessarily reflect the congruence in measurement magnitudes between SKOMOBOs and reference platforms. 
These results showed that additional requirements are required to effectively detect drifts and validate low-cost platform reliability for 
monitoring IAQ variables. 

4.2. Comparing SKOMOBO and the reference platforms data using the proposed control charts methodologies 

Using the methodology described in Section 2, we investigated the ability of SKOMOBO to provide measurements of temperature, 
relative humidity, and CO2 that were within the limits obtained from the reference platforms and provided some guidance on the 
percentages of the SKOMOBO measurements within limits. The limits are calculated such that if the SKOMOBO measurements lie 
within them, it is assumed that the difference between the SKOMOBO and reference platform measurements results from unavoidable 
causes inherent to the platforms. Such random variations might be caused by unimportant fluctuations or background noise in 
platforms that cannot be eliminated. 

The proposed methodology was employed in a two-phase procedure. In Phase I, the reference platform measurements were used as 
training sets to obtain an appropriate time-series model. The model building starts by applying the augmented Dickey-Fuller test (ADF) 
[24] and the Kwiatkowski-Phillips-Schmidt-Shin (KPSS) tests [25] to verify the stationarity of the measurements. The ADF and KPSS 
tests showed that the series was stationary and did not require trend differencing. Hence, we considered d = 0 in all the ARIMA models 
examined. 

We investigated different autoregressive and moving average orders p and q, respectively. Following Murat et al. [23], we 
considered p and q in the range [0, 3]. We examined the potential of different ARIMA models using autocorrelation and partial 
autocorrelation function plots to obtain the best time series model. We chose the model that minimised the mean absolute error (MAE), 
root mean square error (RMSE), and Bayesian information criterion (BIC) as the best [23,26–28]. The MAE and RMSE are defined in Qi 
et al. [29]. 

MAE=
1
n
∑n

i=i
|ei|

and 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=i
e2

i

√

respectively, where n is the number of monitoring periods, and ei = Yi − Ŷ i is the difference between the true (Yi) and model-fitted 
values (Ŷ) of the ith measurement. These quantities have the same measurement unit as the measured datasets. BIC [26,30] is 
expressed as follows: 

BIC= klog(n) + nlog
(
1 − R2)

where k is the number of parameters that are fitted in the model, log(.) is the natural logarithm, n is the number of observations in the 
series, and SSE is the sum of squared errors, given as SSE =

∑n
i=ie2

i . 
Supplementary Tables 3 and 4 list the reference platform measurement models and their estimated parameters for the pre- and 

post-fieldwork locations, respectively. The SKOMOBO and the reference platform measurements were normalised using square-root 
transformations. We found consistency in the choice of ARIMA models for the measurements of reference platforms 1 and 2 in both 
pre- and post-fieldwork experiments. For example, the best ARIMA models for CO2 measurements of the reference platforms 1 and 2 for 
the pre-fieldwork controlled environment experiment were with parameters φ̂1 = 0. 6873, μ̂0 = 30.8437, and σ̂2

ε = 21.11428) and 
with parameters φ̂1 = 0. 6825, μ̂0 = 30.9083, and σ̂2

ε = 21.090, respectively. Also, the best ARIMA models for the CO2 measurements 
of the reference platforms 1 and 2 for the pre-fieldwork uncontrolled environment experiment were with parameters φ̂1 = 1.1813,
φ̂2 = − 0.3717, μ̂0 = 21.2472, and σ̂2

ε = 0.1181 and with parameters φ̂1 = 1.071, φ̂2 = − 0.2427, μ̂0 = 21.5345, and σ̂2
ε = 0.1408 

respectively. 
Using the model-estimated parameters in Supplementary Tables 3 and 4 and the fitted model residuals, the control limits of the 

modified and residual-based charts used to validate the fitted and residual values of the SKOMOBO platform, respectively, were 
obtained for use in Phase II. The limits were calculated from the distributional properties of the fitted and residual values of the 
reference platform measurements. For example, the modified Shewhart chart’s lower control limit (LCL) and upper control limit (UCL) 
of the CO2 fitted values with parameters φ̂1 = 0. 6873, μ̂0 = 30.8437, and σ̂2

ε = 21.11428 of the reference platform 1 and the pre- 

fieldwork controlled environment are given as LCL = μ̂0 − Z1− α /

2

̅̅̅̅̅̅̅̅̅̅̅
σ̂

2
ε

(1− φ2
1)

√

, and UCL = μ̂0 + Z1− α /

2

̅̅̅̅̅̅̅̅̅̅̅
σ̂

2
ε

(1− φ2
1)

√

, respectively, where, 

Z1− α /

2 is the (1 − α /2)th quantile point of standard normal distribution. By substituting α = 0.0027, μ̂0, φ̂1 and σ̂2
ε into the LCL and UCL 

equations, the LCL and UCL used to validate the fitted value in Phase II were 12.023 and 49.976, respectively. Similarly, the upward 
and downward CUSUM statistics are defined as C+

i = max(0,C+
i− 1 +(Ŷ i − μ̂0) − k), and C−

i = max(0,C−
i− 1 + (Ŷ i − μ̂0) − k), respectively, 

where k = k1

̅̅̅̅̅̅̅̅̅̅̅
σ̂

2
ε

(1− φ2
1)

√

, and Ŷ i is the ith fitted value of the SKOMOBO platform measurement. 

The LCL and UCL of the residual-based Shewhart chart for the reference platform 1 (pre-fieldwork-controlled environment) are 

M. Boulic et al.                                                                                                                                                                                                         



Journal of Building Engineering 82 (2024) 108357

8

given as LCL = − Z1− α /

2 σ̂ ε, and UCL = Z1− α /

2 σ̂ε, respectively. By substituting the values of σ̂2
ε = 21.114 and α = 0.0027 in the LCL and 

UCL equations, the LCL and UCL used to monitor the residuals of the fitted values in Phase II were - 13.784 and 13.784, respectively. 
Similarly, the upward and downward CUSUM statistics are defined as C+

i = max(0,C+
i− 1 +êi − k), and C−

i = max(0, C−
i− 1 − ê − k), 

respectively, where k = k1

̅̅̅̅̅̅

σ̂2
ε

√

and Ŷ i is the residual of the ith fitted values of the SKOMOBO measurements. For both the modified and 
residual cumulative sum charts, we chose k1 = 0.125 and used a binary search algorithm similar to that used in Refs. [31,32] to obtain 
the value of h that fixes the in-control average run-length (ARL) performance of the charts at 370. We refer the interested reader to 
Section C of the Supplementary Method for a detailed simulation study of the chart run-length performance and an explanation of the 
false alarm signal after every 370 samples. 

In Phase II, the measurements from the SKOMOBO platforms were fitted using time-series models that characterised the mea
surements from the reference platforms given in Supplementary Tables 3 and 4 The fitted and residual values were then compared 
against the limits. Figs. 6–8 show the modified Shewhart control charts of the six SKOMOBO platform hourly averaged CO2, tem
perature, and relative humidity measurements for the pre-fieldwork-controlled environment experimental study compared to the 
boundaries calculated from the measurements of the reference platform 1. We included the fitted line (or values) of the reference 
platform 1 measurements to show that all the platform-fitted values were within the boundaries calculated from the estimated pa
rameters of the fitted line. Our interest lies in comparing the fitted values from the SKOMOBO platform measurements with the control 
limits of the charts. 

As shown in Figs. 6–8, none of the fitted points of the SKOMOBO platform was outside the boundaries calculated from the reference 
measurements for all six SKOMOBO platforms. The modified Shewhart chart results demonstrated no variation between the mea
surements from these platforms for the pre-fieldwork controlled-environment experimental study. Figs. 6–8 show that the variations 
between the measurements from the SKOMOBO and the reference platforms were due to chance or random variations alone. 

We also investigated the small and persistent variations between the platform measurements by comparing the measurements from 
the six SKOMOBO platforms and the reference platform 1 (controlled environment experimental study) using the modified cumulative 
sum charts. Supplementary Figures 2–4 show the modified cumulative sum charts of the six SKOMOBO platform hourly averaged CO2, 
temperature, and relative humidity measurements. As shown in Supplementary Figures 2 and 3, the lower and upper cumulative sum 
statistics of the SKOMOBO fitted points for the CO2 and temperature variables are within the upper limits calculated from the reference 

Fig. 6. The modified Shewhart charts of the hourly average CO2 measurements of the six SKOMOBO platforms for the pre-fieldwork experimental-controlled envi
ronment compared to the boundaries calculated from the reference platform 1 measurements (LCL: lower control limit; CL: control limit; UCL: upper control limit). 
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platform measurements. Hence, the modified cumulative sum charts also showed no variation between the platforms. 
In contrast, the SKOMOBO fitted points for the relative humidity (Supplementary Figure 4) provided some out-of-control points for 

the four SKOMOBO platforms. These demonstrate that the variations differed from the background noise between the relative hu
midity measurements of the reference platforms and SKOMOBO for the pre-fieldwork controlled experimental study. The modified 
cumulative sum charts for the relative humidity variable (Supplementary Figure 4) showed small variations between the measure
ments from the SKOMOBO platforms and the reference platform 1, which were not detected by the modified Shewhart chart (Fig. 8) 
because of their inability to detect small changes. 

The residual-based Shewhart charts (Supplementary Figures 5–7) and cumulative sum charts (Supplementary Figures 8–10) for the 
CO2, temperature, and relative humidity measurements (from the pre-fieldwork-controlled environment experiment), when compared 
to the limits calculated from the fitted values of the reference platform 1 measurements, showed no points outside the limits. 

Tables 1 and 2 provide the average percentage of points from the SKOMOBO platforms within the boundaries of the modified and 
residual-based (Shewhart and cumulative sum) charts for the pre- and post-fieldwork locations, respectively. The average percentage 
was obtained by first calculating the percentages (i.e., true positive percentages) of SKOMOBO measurements within the chart 
boundaries from all SKOMOBO platforms and then obtaining the average of the percentages. For example, the average percentage of 
SKOMOBO platform CO2 measurements in Fig. 6 is 100 %, which indicates that the modified Shewhart charts of all SKOMOBO 
platform CO2 measurements (from the pre-fieldwork-controlled environment test) show no variation between the CO2 measurements 
of the SKOMOBO platforms and the reference platform 1, in addition to some random variations. This implies that the modified 
Shewhart chart provides a 100 % match between the CO2 measurements from the SKOMOBO platforms and reference platform 1 (pre- 
fieldwork-controlled environment experimental study). 

The results of the modified Shewhart charts for the pre- and post-fieldwork location experiments (Tables 1 and 2) show that on 
average, there are more than 93 % matches between the CO2 measurements, more than 99 % matches between the temperature 
measurements, and 100 % matches between the relative humidity measurements of the SKOMOBO platforms and the reference 
platforms. On average, the modified cumulative sum charts (Tables 1 and 2) show more than 81 % matches between the CO2 mea
surements, more than 85 % matches between the temperature measurements, and more than 85 % matches between the relative 
humidity measurements of the SKOMOBO platforms and the reference platforms. 

Similarly, the residual-based Shewhart charts for the post-fieldwork environment experiments (Tables 1 and 2) showed that on 

Fig. 7. The modified Shewhart charts of the hourly average temperature measurements of the six SKOMOBO platforms for the pre-fieldwork experimental-controlled 
environment compared to the boundaries calculated from the reference platform 1 measurements (LCL: lower control limit; CL: control limit; UCL: upper control limit). 
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average, more than 94 % matches between the CO2 measurements, more than 96 % matches between the temperature measurements, 
and more than 97 % matches between the relative humidity measurements of the SKOMOBO platforms and the reference platforms. 
The residual-based cumulative sum charts (Tables 1 and 2) showed, on average, more than 80 % matches between the CO2 mea
surements, 100 % matches between the temperature measurements, and more than 81 % matches between the relative humidity 
measurements of the SKOMOBO platforms and those of the reference platforms. 

The results demonstrate the ability of the proposed methodologies to validate measurements from low-cost platforms against those 
from the reference platforms in terms of the percentage of low-cost platform measurements that lie within limits calculated from the 
distributional properties of the fitted values or residuals of the fitted values of the reference platforms. 

Fig. 8. The modified Shewhart charts of the hourly average relative humidity measurements of the six SKOMOBO platforms for the pre-fieldwork experimental- 
controlled environment compared to the boundaries calculated from the reference platform 1 measurements (LCL: lower control limit; CL: control limit; UCL: upper 
control limit). 

Table 1 
The average percentage of measurements from the SKOMOBO sensors that lie within the boundaries of the modified and residual-based Shewhart and cumulative sum 
(CUSUM) charts for both controlled and uncontrolled environments of the pre-fieldwork experimental study.   

Locations 

Controlled Uncontrolled 

Methods Charts Reference platforms CO2 (%) T (%) RH (%) CO2 (%) T (%) RH (%) 
Modified-chart Scheme Shewhart RP1 100 100 100 97.3 99.9 100 

RP2 100 100 100 98.1 100 100 
CUSUM RP1 100 100 90.8 81.6 85.8 85.3 

RP2 100 100 100 82.8 88.4 89.8  

Residual-based Scheme Shewhart RP1 100 100 100 98.4 96.7 98.3 
RP2 100 100 100 98.4 97.3 98.3 

CUSUM RP1 100 100 100 80.6 100 85.6 
RP2 100 100 100 82.1 100 81.2  
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4.3. Summary of the results 

4.3.1. Results from the coefficient of determination method (Classical testing method):  

• For the pre-fieldwork-controlled environment, the values for the coefficient of determination were above 0.946, 0.988 and 0.996 
for the relative humidity, temperature, and CO2 respectively,  

• For the pre-fieldwork-uncontrolled environment, the values for the coefficient of determination were above 0.703, 0.772 and 0.928 
for the CO2, relative humidity, and temperature respectively.  

• For the post-fieldwork environment, the values for the coefficient of determination were above 0.801, 0.992 and 0.993 for the CO2, 
relative humidity, and temperature respectively,  

• These values demonstrated a strong linear association between the two measurement platforms (SKOMOBO vs reference platform), 
but do not reflect the congruence in measurement magnitudes between SKOMOBOs and the reference platforms. This highlights the 
limitations of using the traditional statistical method, namely the coefficient of determination values, as the sole means of platform 
validation. We identified that a modified Shewhart method and a cumulative sum control chart method (reported below) were 
more sensitive and were able detect drift between the data sets. 

4.3.2. Results from our proposed control chart methodologies  

• As expected, the pre-fieldwork-controlled environment showed the best results. The modified Shewhart chart (to detect large 
variations) showed no variations (i.e., 100 % matching data) between SKOMOBO measurements and the reference platform 
measurements for CO2, temperature or relative humidity. When using the modified cumulative sum chart (to detect small and 
persistent variations), only the relative humidity measurements showed small variations which were still falling in the acceptable 
limits defined by the reference platforms. No small variations were detected for the CO2 or temperature measurements.  

• Regarding the uncontrolled environment (pre fieldwork or post fieldwork), there were more fluctuations; however, the modified 
Shewhart charts showed more than 93 %, 99 % and 100 % matches for the CO2, temperature, relative humidity measurements 
respectively when comparing the SKOMOBO platforms and the reference platforms. The modified cumulative sum charts show 
more than 81 %, 85 % and 85 % matches for the CO2, temperature and relative humidity measurements when comparing the 
SKOMOBO platforms and the reference platforms. 

Validating that the low-cost IAQ platform is reliable and accurate, enables building users and managers to confidently use these 
sensors in a larger number of areas of their building to routinely assess the quality and healthiness of indoor air, without the financial 
constraints incurred when commercial platforms are used. This provides a higher resolution of the data and reduces the potential of not 
detecting of a space where the ventilation system is malfunctioning. Remoted logging of data overcomes the limitation of running out 
of data storage, or the frequent need to download data and clear the memory of platforms with only fixed data storage capability. This 
is an important feature where these instruments are being used in longitudinal research studies, to minimise disruption to study 
participants. 

5. Conclusions 

Using a new methodology, we assessed the accuracy of a low-cost IAQ monitoring platform (SKOMOBO) by validating its CO2, 
temperature, and relative humidity measurements with measurements from a factory-calibrated commercial reference (TSI Q-Trak 
7575, TSI Incorporated, Shoreview, Minnesota, USA) platform. The SKOMOBO measurements were obtained from experimental 
studies before (pre-fieldwork) and after (post-fieldwork) a two-year continuous measurement of IAQ in primary school environments 
in different regions of New Zealand. 

We first analysed the relationships between the measurements from SKOMOBO and the reference platforms using the coefficient of 
determination. The results showed that the SKOMOBO platforms provided reliable measurements of CO2, temperature, and relative 

Table 2 
The average percentage of measurements from the SKOMOBO sensors that lie within the boundaries of the modified and residual-based Shewhart and cumulative sum 
(CUSUM) charts for post-fieldwork experimental studies.  

Methods Charts Reference platforms CO2 (%) T (%) RH (%) 

Modified-chart Scheme Shewhart RP1 97.3 100 100 
RP2 97.7 100 100 
RP3 93.8 100 100 

CUSUM RP1 93.5 100 100 
RP2 95.6 100 95.5 
RP3 100 100 100  

Residual-based Scheme Shewhart RP1 95.3 99.9 97.8 
RP2 95.4 99.9 97.6 
RP3 94.5 99.9 97.6 

CUSUM RP1 98.7 100 100 
RP2 99.0 100 86.2 
RP3 100.0 100 100  
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humidity, consistent with the measurements from the reference platforms. However, the coefficient of determination failed to detect 
any faults and drifts in the measurements. 

We then used our proposed methodology. We provided the average percentage of measurements from the SKOMOBO platforms 
within the boundaries of the modified or residual-based (Shewhart and cumulative sum) charts for pre-and post-fieldwork location 
experimental studies. The results showed that the modified or residual-based Shewhart charts provided more than 93 % matches 
between the SKOMOBO platforms and the reference platforms for CO2, temperature, and RH relative humidity measurements, indi
cating a high agreement regarding the magnitudes of the measurements of the two platforms. The cumulative sum-based charts 
provide more than 80 % matches between the measurements from the platforms, indicating some small and persistent differences 
between the measurements from SKOMOBO and the reference platforms. The cumulative sum-based charts show the highest variation 
between the measurements of the platforms in the pre-fieldwork uncontrolled environment. We consider that the difference between 
the measurements of the two platforms from this location could result from many uncontrolled features such as airflow disturbance due 
to office occupant activities. However, further studies on the performance of the SKOMOBO platform in uncontrolled environments are 
required for a detailed understanding of platform responses to different uncontrolled environmental situations. 

Recent advances in IAQ sensors and remote logging technologies offer opportunities to use low-cost platforms to monitor indoor 
air. The sensor’s accuracy and stability are critical for reliable monitoring and health protection. Our study demonstrated that our 
proposed methods are reliable in detecting measurement drifts to support a low-cost platform validation against a reference platform. 
This study highlighted the limitations of using the coefficient of determination values as the sole means of validation. These findings 
have direct practical implications for the IAQ community as our innovative methods will serve as guidance to validate any monitoring 
platform. We recommend using our rigorous analytical approach in addition to the traditional coefficient of determination validation 
approach (which only detects the strength of the relationship between the measurements but fails to detect and drifts in 
measurements). 

The validation of the low-cost platform will enable building users and managers to confidently rely on low-cost platforms to 
monitor the quality of the air in multiple spaces and for longer periods in their building. Compared to a commercial platform, using a 
well-validated, low-cost platform will potentially increase the monitoring capacity for a similar budget. Our research results will 
positively influence the use of reliable low-cost platform and empower the field of IAQ monitoring. 

The SKOMOBO platform is currently the preferred monitoring platform across several Massey University research projects. For 
instance, we deployed SKOMOBOs in seven New Zealand passive houses to investigate the indoor climate achieved during the winter 
season and the summer season (risk of overheating). Another research project is researching the impact of New Zealand classrooms on 
students’ cognitive performance. 

In the future, we could increase the number of monitored variables of the SKOMOBO platform to investigate our indoor envi
ronment better. The recent advancements in data processing showed that it could be possible to include some artificial intelligence 
technology like forecasting in the SKOMOBO platform. This process could use the previously monitored concentration of CO2 to 
predict the following one and inform on the need to open a window, for instance. This approach could assist in designing an alerting 
system based on the forecasted values and their compliance with different metrics. This will contribute to decision-making for real- 
world applications. 

Novelty about our research 

The results of this study demonstrate the effectiveness of the proposed model-based methodologies in detecting drifts in low-cost 
platforms and validating the reliability of the low-cost platform for monitoring indoor air quality variables (carbon dioxide, tem
perature and relative humidity). 
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