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This study proposes a low-cost, IoT-based multi-sensor system for monitoring volatile organic 
compound (VOC) emissions and predicting activated carbon filter replacement in small-scale industrial 
settings. Sensor modules composed of low-cost VOC sensors were installed at the exhaust of 
adsorption towers to enable real-time monitoring. To improve measurement accuracy, a Reinforced 
Adaptive Neuro-Fuzzy Inference System (RANFIS) was developed for VOC concentration prediction, 
incorporating dynamic outlier detection and correction. Based on RANFIS outputs, a Decision Tree (DT) 
model estimates the breakthrough point of activated carbon filters to support timely replacement. 
The system was deployed in an actual automotive painting facility using eight sensor modules with 
three sensor types. RANFIS outperformed Deep Neural Network (DNN) and conventional ANFIS 
models, improving RMSE by up to 82.4%. The DT model also achieved over 80% accuracy in predicting 
filter replacement under different efficiency thresholds. This integrated approach enables real-time, 
autonomous filter maintenance using economical sensor hardware, providing a scalable solution for 
VOC management. The proposed system supports more efficient and sustainable operation of emission 
control systems in small industrial sites.
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Volatile Organic Compounds (VOCs) are emitted by many industries, and the emitted VOCs react with NOx 
and become a major problem for ozone formation and carcinogenic smog1. VOCs also include toluene2, 
benzene3, and xylene4, which are damaging and carcinogenic to humans. VOCs emissions are increasing due 
to economic development, population growth, and industrialization, and statistically, VOCs emissions from 
human sources exceed 1.42 X108 tons of carbon annually5. Various sectors such as pharmaceuticals, packaging, 
and paint manufacturing are the main sources of VOCs6. In particular, VOCs are emitted from many plants 
that use organic solvents7, and automobile painting facilities are one of the largest emitters7,8. Currently, VOCs 
emission reduction facilities are not always managed for small-scale urban workplaces with pollutant generation 
of 10 tons or less due to technical and cost difficulties in applying and maintaining prevention facilities.

These plants have installed VOCs emission reduction facilities to control VOCs emissions, but most of the 
management facilities are aging and intermittently managed by the managers. In the automobile painting facility, 
which is one of the small-scale workplaces here, the main reduction facility installed is a fixed bed adsorption 
tower9. In fixed bed adsorption towers, activated carbon, which is easy to adsorb VOCs from hydrocarbons, 
is used as a filter10. However, fixed bed adsorption towers, which are often used as VOCs prevention facilities, 
are difficult to install due to the limited installation area, and even if they are installed, the management of 
activated carbon filters used as adsorbents is burdensome for workers and costly for businesses, resulting in poor 
management10–12.

Currently, small-scale operations typically use Flame Ionization Detector (FID) meters to verify the proper 
operation of the prevention system by self-measuring the activated carbon at the end of the filter13. However, 
these are expensive and not suitable for full-time monitoring of activated carbon status14. In addition, the 
replacement cycle of activated carbon is calculated without considering the actual amount and concentration 
of intermittent VOCs emitted, and is managed according to an arbitrarily set period of time, resulting in poor 
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management of the replacement cycle10. Therefore, to solve this problem, a full-time self-measurement system 
utilizing a low-cost gas sensor system can be considered as an alternative.

Network monitoring systems using low-cost sensors have been proposed for air quality monitoring15,16, and 
the sensor types mainly used as low-cost sensors are Metal Oxide Semiconductor (MOS) and Photo Ionization 
Detector (PID) sensors17,18. However, low-cost gas sensors have limitations in measurement accuracy due to 
differences in initial values19, external temperature and humidity20, and light source instability21. In addition, 
due to the nature of gaseous materials, it is difficult to measure at a precise location, so measurements are made 
only at a specific location13. However, a single measurement obtained with a low-cost sensor is not reliable.

To address these limitations, researchers have been working on calibrating sensors or predicting their 
accuracy using low-cost sensor arrays and Artificial Intelligence (AI) algorithms. Previous studies have used 
Long Short-Term Memory Neural Networks (LSTM NNs) to predict the actual values of MOS sensors in 
transient states22, or MOS sensor arrays and Back Propagation Neural Networks (BPNNs) to estimate VOCs 
concentrations23. It was also used in the challenge of disease diagnosis by distinguishing between breath samples 
from patients with diseases and healthy individuals through gas sensors and AI algorithms24. Studies have 
compared Multi Linear Regression (MLR) and Artificial Neural Networks (ANNs) using data collected outside 
of laboratory environments, finding that ANNs outperformed MLRs due to their ability to model nonlinear 
data effectively25,26. Additionally, Adaptive Neuro-Fuzzy Inference System (ANFIS) has been widely used for 
air quality prediction27,28, and several studies have compared its performance with models such as MLR and 
Support Vector Machine (SVM)29,30.

Changes in external environments, such as climate change, can introduce noise into the data. To learn and 
adapt to these variations, some studies have collected long-term data for training purposes26, while others have 
integrated environmental factors such as temperature and humidity alongside key measurement parameters into 
the learning process31. However, ANNs rely on training data32, which can lead to poor performance in noisy 
data33,34. To address this issue, preprocessing to detect and remove outliers from the training data is important, 
and statistical analysis techniques such as standard deviation, median absolute deviation, and interquartile range 
(IQR) are commonly used to determine outliers35.

To overcome these critical challenges, this study proposes a novel, intelligent VOC emission monitoring 
and management system based on an Internet of Things (IoT)-enabled multi-sensor network combined with a 
Reinforced Adaptive Neuro-Fuzzy Inference System (RANFIS). The developed low-cost multi-sensor modules, 
strategically installed at adsorption tower outlets, significantly improve spatial measurement resolution. 
The proposed RANFIS model integrates systematic outlier detection and self-correction mechanisms into 
the conventional ANFIS framework, effectively enhancing sensor accuracy under dynamic environmental 
conditions. Furthermore, a Decision Tree (DT) model leverages the RANFIS predictions to determine optimal 
replacement cycles for activated carbon filters, providing practical and actionable insights for facility managers.

This integrated IoT-based monitoring system offers substantial improvements over traditional methods, 
featuring cost-effectiveness, scalability, and real-time operational capability. Consequently, the proposed 
framework significantly advances the management efficiency of VOC emission controls and filter maintenance 
in urban small-scale industrial facilities.

VOCs emission reduction system based on IoT multi-sensor network
VOCs emission reduction facility at an automotive paint shop
Automotive paint shops consist of paint booths and VOCs prevention facilities, and the thinners used in the paint 
booths primarily contain toluene, butyl acetate, xylene, and ethylbenzene. Activated carbon is the best adsorbent 
for removing VOCs from these hydrocarbons. Due to its high specific surface area and high affinity for VOCs, 
activated carbon can easily adsorb VOCs from the atmosphere at room temperature. Once activated carbon is 
saturated with adsorbent, it can no longer adsorb and will release pollutants into the air, so the adsorbent must 
be replaced. Replacing the adsorbent too soon can result in the activated carbon not being saturated enough, 
which can be costly, while replacing it too late can result in the release of pollutants into the air. Therefore, it 
is very important to determine the appropriate replacement cycle. However, the calculated replacement cycle 
is not accurate because it is difficult to know the exact value of adsorption efficiency, adsorption amount per 
unit weight, etc. in the actual field, and there are more intermittent emissions than continuous emissions of 
pollutant gases10. In addition, in the case of emissions of multiple components of VOCs, such as automobile 
paint booths, the breakthrough time is shorter than the replacement cycle calculated by the above variables 
due to the phenomenon of competitive adsorption36. In most cases, the replacement cycle of activated carbon 
is determined based on experience, or a certain period is arbitrarily set as the replacement period, and the 
management of the activated carbon replacement cycle is not managed properly.

The paint booth prevention facility used in this study is shown in Fig. 1. Contaminated gases pass through a 
pre-filter and activated carbon before being discharged to the atmosphere. The activated carbon bed is designed 
to fill as much space as possible with minimal differential pressure. The activated carbon becomes increasingly 
saturated as the pollutant gas enters, and once it is fully saturated, it can no longer adsorb the pollutant gas and 
discharges it at the same concentration as the entering gas. In general, the point at which the outlet concentration 
becomes 10% of the inlet concentration after the pollutant gas passes through the activated carbon layer is called 
the breakthrough point, and after reaching the breakthrough point, the outlet concentration increases rapidly 
and becomes equal to the inlet concentration. It is best to set the replacement cycle of activated carbon at the 
point where the breakthrough point is reached. However, since most paint shops do not continuously measure 
the concentration of pollutant gases, it is difficult to determine the time when the breakthrough point is reached.
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IoT multi-sensor network-based monitoring system
VOCs prevention facilities are mandatory for air pollutant emission facilities such as automobile painting 
facilities. However, the monitoring system to operate and manage them is not properly established, and small-
scale businesses often fail to operate them due to the burden of administrative work12. The existing emission 
reduction system requires intermittent measurement reporting rather than full-time management. To solve 
this problem, a system that monitors and manages the emission reduction system of a workplace in real time 
is needed. Therefore, this study proposes a system to monitor and manage the emission reduction system in 
real time as shown in Figs.  2 and 3, we propose a low-cost, multi-type IoT multi-sensor-based monitoring 
system. VOCs emissions are measured through sensor modules attached to the exhaust outlet of the workplace 
prevention facility, and the data is stored in the Database (DB) of the local server in the workplace through 
CAN (Controller Area Network) communication. In the local server of each workplace, the measurement 

Fig. 2.  Monitoring system diagram.

 

Fig. 1.  Prevention facility diagram.
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system is trained based on the RANFIS model proposed and updated in this study to estimate VOCs emissions. 
Based on the estimated data, the filter replacement cycle of the workplace prevention facility is predicted. The 
local server is connected to the main server that monitors small workplaces through Ethernet-based network 
communication, and the data is managed and secured to prevent tampering and loss and transmitted to the 
main server. The main server can check the VOCs emissions and activated carbon breakthrough rate for filter 
replacement in real time for each workplace, and the individual data is sent back to the workplace’s monitoring 
system for the manager to check.

Multi-sensor systems
Figure 4 shows an IoT multi-sensor system installed at the site. Each sensor module is built with a local server and 
CAN communication. Each module can transmit and receive data through the CAN bus, which makes it easy to 
reduce and expand the module, and the CAN network configured in the proposed system is a communication 
method that uses the voltage difference between the two wires, High and Low, which is resistant to electrical 
noise. The sensor module acts as a client of CAN communication and communicates with the local server PC by 
setting aside a microcontroller unit (MCU) that acts as a CAN communication host and checks the data in real 
time to minimize the loss rate, and then saves the data in a real-time manner.

The VOCs sensor is mounted on a designed circuit board, and the sensor data is communicated through the 
analog to digital converter (ADC) port of the MCU (CORTEX-M3) to process the data. Since the sensor module 
is installed in the exhaust and performs direct measurement, the measurement part is placed outside the case 
and the power and communication part are placed inside the sensor module to protect the circuit. The low-cost 
sensors used for VOCs measurement were MQ135 (Sensor 1)37, MQ138 (Sensor 2)38, and PID-A15 (Sensor 3)39, 
which were selected to measure multiple species in as wide a range as possible even with measurement errors. 
MQ135 and MQ138 are MOS type sensors.

The MOS type sensor changes in resistance caused by chemical reactions between VOCs and the surface 
of the metal oxide semiconductor. While this method is sensitive to temperature and humidity20,40 and has 
relatively low accuracy, it is characterized by a low cost and reasonable lifespan20. Specifically, the MQ135 
sensor is sensitive to gases such as ammonia, carbon dioxide, and benzene37, whereas the MQ138 is specialized 
for detecting VOCs and alcohols38. However, due to the nature of the sensor, it exhibits high cross-sensitivity, 
making it challenging to distinguish between specific gases20. The PID-A15 is a PID type sensor that measures 
the current generated by ionizing VOCs using UV photons39. The PID method, while offering high selectively 
and accuracy, measures the overall total VOC (TVOC) concentration20. And They have measurement ranges of 
0 ~ 1000ppm, 0 ~ 500ppm, and 0 ~ 4000ppm, respectively.

IOT multi-sensor network-based VOCs measurement and analysis in an automotive 
paint booth facility
IoT multi-sensor system setup in a painting facility
Since the measurement of VOCs in conventional prevention facilities requires intermittent measurements with 
a single high-precision measuring instrument with FID method, it is measured at a position where the air flow 
inside the exhaust vent is stable as much as possible, as shown in Fig.  4a. Therefore, in order to reduce the 
measurement error and improve the accuracy, this study installed 8 sensor modules around the sampling point 
of the prevention facility for reducing VOCs emissions in painting facilities, as shown in Fig. 4b, and measured 
the data. The sensor modules from the bottom are Pos 1, 2, 3, and 4, and the sensor modules installed directly 
above are Pos 5, 6, 7, and 8. The installed sensor modules are connected to the distribution board through 
communication lines and power lines to the location where the local server PC is installed. The Host MCU was 

Fig. 3.  Multi-sensor system.
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used to transmit data through CAN communication, and the collected sensor data was stored in the DB through 
the local server PC.

In the painting booth, a paint thinner (AB380S) was used to generate VOCs inputs to simulate a real-world 
painting environment. The thinner used has a boiling point of 150℃ and a density of 0.884 g/cm3. The thinner 
was evaporated using a large heat plate in the center of the paint booth while running the supply and exhaust 
motors. The evaporation rate of the thinner increases with the heat plate temperature and as the remaining 
amount in the through decreases. So the evaporation rate of the thinner does not remain constant. The amount 
of activated carbon in the prevention facility was 400 kg, and eight 17 L pails (120 kg, 135.74 L) of thinner were 
used to pass through it. VOCs were measured in the exhaust using the FID method phx4241 as a reference 
instrument. The experiment was conducted twice, with data counts of 43,793 and 25,836, respectively. The field 
test experiments were conducted in a temperature range of 24℃~ 34℃ and relative humidity conditions of 27–
72%. The experiments were run until the activated carbon set up for the dose was exhausted, and the generated 
data sets were used for model training and evaluation of the trained model, respectively.

Analyzing data
A normalized comparison of the data from the VOCs sensors attached to the exhaust vents shows that the 
measurements are different depending on the position of the sensor. In Fig. 5a, b, and Fig. 6, when observing 
Sensor 3 at different heights but in the same direction, Pos 1 and 5, as well as Pos 2 and 6, show large errors 

Fig. 4.  (a) Schematic diagram of the paint shop experiment (b) Multi-sensor module installed in the exhaust 
of the adsorption tower.
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compared to the reference sensor and have relatively low correlation coefficients. While as seen in Fig. 5c, the 
Sensor 3 data in the opposite direction closely follows the reference sensor, with a correlation coefficient of 0.9 or 
higher. These differences stem from variations in airflow caused by the vent’s installation position and the particle 
size within the vent, complicating accurate measurements at specific locations. Consequently, the measurement 
ports are installed in areas with stable airflow, avoiding curved sections. Additionally, sensor modules are evenly 
distributed around the measurement ports to ensure balanced data collection.

As shown in Fig. 7, even with a high correlation coefficient, each sensor has a different initial value, and the 
raw data from the sensors is based on a different criteria. This requires precise calibration for each sensor, but it 

Fig. 6.  Correlation coefficient with reference sensor per sensor.

 

Fig. 5.  Normalized data by position Sensor 3: (a) Pos 1,5, (b) Pos 2,6, (c) Pos 3,4,7,8.
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is time and economically inefficient to precisely calibrate each sensor individually18. Therefore, sensor module 
calibration is necessary before training to use low-cost VOCs sensors in the field. In addition, since Sensor 1 
and Sensor 2 are MOS type sensors, they are sensitive to temperature and humidity, and since the measurement 
site is exposed to the outside, the sensor characteristics20 may exacerbate measurement errors. These errors can 
also be seen by correlation with the reference sensor in Fig. 6, which confirms the need for an outlier correction 
method to compensate for data errors.

ANFIS-based VOCs measurement
Fuzzy Inference System (FIS) is a system for processing ambiguous information or uncertain data and supporting 
decision making, and it works based on fuzzy logic. It is a theory that attempts to express ambiguous human 
language in computer language, and it can easily solve mathematical complexity and respond to nonlinear 
systems and multiple input/output systems. The Adapted Neuro Fuzzy Inference System (ANFIS) proposed by 
Jang42 is a model that combines artificial neural networks and FIS, and is advantageous for the measurement 
of VOCs in this study because it can model the nonlinear complexity of real data and naturally process the 
uncertainty and noise of measurement data with fuzzy logic29 to enable stable calibration. The general ANFIS 
model for a single-channel input consists of five layers.

Layer 1: membership value computation

Layer1 computes membership values using a generalized bell-shaped membership function:

	
O1

i = µ Ai
(x) = 1

1 +
∣∣ x−ci

ai

∣∣2bi
, i = 1, 2, . . . , N � (1)

Here, x ∈ R is a scalar crisp input, µ Ai
 is the membership function of i-th fuzzy set within the linguistic label. 

ai, bi ci ∈ R are premise parameters that determine the shape of the membership function.

Layer 2: rule firing strength calculation
This layer calculates the weights of each rule by multiplying the membership values of the corresponding 
membership functions:

	 O2
i = wi = µ A(i)

(x) µ B(i)
(y) , i = 1, 2, . . . , N � (2)

where x, y ∈ R are scalar crisp inputs, and µ A(i)
, µ B(i)

 represent the membership functions for these 
inputs.

Layer 3: normalization of rule strengths

Normalized weights are computed as:

	
O3

i =
−
wi = wi∑ N

k=1wk

, i = 1, 2, . . . , N � (3)

Layer 4: rule output calculation
Each rule’s influence on the output is calculated by applying a linear function of the input variables, weighted by 
the normalized firing strength:

	 O4
i =

−
wifi =

−
wi (pix + qiy + ri ) , i = 1, 2, . . . , N � (4)

where pi, qi, ri ∈ R are scalar consequent parameters of the i-th rule.

Fig. 7.  Graph comparison by sensor 3 offset.
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Layer 5: aggregation of rule contributions

The overall output is obtained by aggregating the contribution of all rules:

	
O5 =

∑
N
i=1

−
wifi =

∑ N

i=1wifi∑ N

i=1wi

� (5)

Therefore, in this study, ANFIS was trained to calibrate the sensors of a multi-sensor system and improve the 
measurement accuracy. In the preprocessing stage, all sensor datasets were filtered using a fifth-order Infinite 
Impulse Response (IIR) filter with a cutoff frequency of 1. The filtering process is described by:

	
y [n] =

∑
M
k=0bkx[n − k] −

∑
Q
k=1ak y[n − k]� (6)

where, x [n], y [n] ∈ R are the discrete-time input and output signal at time step n, respectively. Here, 
bk , ak ∈ R represent feedforward and feedback filter coefficients, in the IIR filtering process, respectively, and 
M, Q ∈ N denote the filter order. Finally, min-max scaling normalization was performed through Eq. 7 to 
learn with sensor modules at different locations.

	
x′ = x − min (X)

max (X) − min (X) � (7)

where x, x′ ∈ R is the original and normalized scalar input values, respectively. X  is the complete set of 
observations for the scalar input x. During training, the generalized bell-shaped membership function is used 
with an epoch count of 100 to adapt the model parameters using gradient descent-based optimization.

We trained ANFIS on the dataset for three preprocessing scenarios, as shown in Fig. 8. The first was trained 
using sensors for all locations. Second, the dataset was trained by excluding the sensor with the lowest correlation 
with the reference sensor. As shown in Fig. 6, we excluded Pos 4 for Sensor 1, Pos 6 for Sensor 2, and Pos 5 
for Sensor 3. Finally, to remove outliers from datasets with large measurement errors, such as the data from 
Sensors 1 and 2, we used the interquartile range (IQR), a common method, to determine the outliers and correct 
for them before training. Figure  9 shows the process of determining and correcting for outliers in the data 
from a portion of Sensor 1’s dataset across the eight multi-sensor modules. Based on the mean and standard 
deviation of the eight data at a particular point in time, data outside a certain distance were judged as outliers 
and corrected. The correction was trained by replacing it with the nearest normal value and replacing it with the 
average of the normal values.

The learning assessment was evaluated by Root Mean Square Error (RMSE) using Eq. 8.

	
RMSE =

√
1
n

∑
n
i=1(yi − ŷi)2� (8)

where, n is the number of data, yi is the actual data, and ŷi is the predicted data corresponding to yi. Figure 10; 
Table 1 show the results of training the ANFIS model on the three preprocessed datasets. In Fig. 10(a), we can 
see that Sensor 3 performs the best when learning the sensor data from all locations, but Sensors 1, 2, and 3 all 
have large RMSE values. The result of training the dataset excluding the sensors at the locations with the lowest 

Fig. 8.  Block diagram of ANFIS evaluation for a dataset.
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correlation with the reference sensor is shown in Fig. 10(b) and it can be seen that the RMSE is lower than 
when training the sensors at all locations. This means that there are sensors in the sensor data that contain a 
lot of measurement errors and outliers when measured in the field. Data from sensors with large measurement 
errors can be caused by measurement location selection, sensor aging, sensor failure, etc. and in situations where 
continuous monitoring is required in the field, sensors may be replaced frequently, so a method to evaluate the 
entire sensor dataset is needed.

Figure 10(c) shows the result of calibrating the nearest normal data by determining outliers through IQR 
and replacing them with the nearest normal data, and the performance is improved over the result of learning 
the whole sensor data as shown in Table 1. Figure 10(d) shows the result of compensating for the outliers by 

Fig. 10.  ANFIS results: (a) sensor data for all locations, (b) sensor data excluding the sensor with the smallest 
correlation with the reference sensor, (c) data with outliers determined and corrected to the nearest normal, 
and (d) data with outliers determined and corrected to the average of the normal.

 

Fig. 9.  Using IQR to correct for outliers.
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replacing them with the average, and it can be seen that the performance is improved compared to learning the 
entire sensor data except for Sensor 3. This shows that identifying and compensating for outliers is important 
to improve performance. However, we can see that replacing it with the average does not perform well because 
it is less affected by the suddenly changing data of the reference sensor, and we can see that the method that 
compensates with data from nearby normal values performs better.

Nevertheless, even after correcting for outliers, the error is still large and a new correction method is needed. 
In addition, Table 1 shows that the performance is lower when training with 10,000 data. This means that as the 
number of data increases, more conditions are learned and the performance improves. In the results of judging 
and correcting outliers in Sensors 1 and 2, the results of training with 10,000 data showed better performance, 
indicating that even with a large amount of data, the percentage of outliers in the data greatly affects the learning.

Proposed RANFIS model optimization method and validation
In this section, we propose a RANFIS model to correct the continuity of the entire data by determining and 
correcting outliers in the sensor dataset and detecting and correcting data with abnormal or rapidly changing 
rates of change by analyzing the gradient. We also introduce a methodology for optimizing the proposed model. 
As shown in the architecture and flowchart of Fig. 11, RANFIS improves the conventional ANFIS model by 
adding two preprocessing layers aimed at robust outlier detection and correction. In particular, Layer 1 and Layer 
2 systematically analyze statistical deviations and gradient behaviors, evaluating the dataset by determining the 
percentage of outliers in Layer 2 to optimize the model parameters.

To determine the outliers among the data obtained in real time from multiple sensors in Layer 1, use Eq. 9 
and Eq. 10 to find the mean and standard deviation of the data. Determine a range of normal values using Eq. 11, 
and judge data outside the range as anomalies. Replace the data determined to be an outlier with the closest 
normal data using Eq. 12.

Fig. 11.  Architecture (a) and Flowchart (b) of the proposed RANFIS model.

 

Sensor
Sensor 1 
(MQ135)

Sensor 2 
(MQ138)

Sensor 3 
(PID-A15)

Data num 10,000 43,793 10,000 43,793 10,000 43,793

All 86.755 55.867 121.418 91.525 19.150 12.685

Remove lowest correlation 117.744 30.045 63.622 58.746 40.981 10.573

Adjusted
with nearest data 31.224 41.070 62.518 34.177 51.254 12.371

Adjusted
with mean 46.248 51.290 82.894 65.376 49.056 21.221

Table 1.  RMSE of ANFIS results for three datasets.

 

Scientific Reports |        (2025) 15:17455 10| https://doi.org/10.1038/s41598-025-02435-8

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Layer 1: statistical outlier removal
This layer identifies and removes statistical outliers from sensor measurements based on threshold derived from 
statistical metrics. For each sensor, the mean and standard deviation of measurements are calculated as follows:

	
mi = 1

N

∑
xij � (9)

	
σ i =

√
1
N

∑
(xij − mi)2� (10)

where N  is the number of sensors, xij ∈ R is the input data from i-th sensor at j-th time instance, i is the sensor, 
and mi and σ i are the mean and standard deviation of the sensor measurements at the j-th time instance, 
respectively. Using a predefined threshold parameter τ ∈ R, the set of outliers for sensor i is identified as 
follows:

	 Outliers ri = {xij | xij > mi + τ · σ i or xij < mi − τ · σ i}� (11)

Each measurement xij  is corrected based on its classification as an outlier or normal data point. Specifically:

	
O1

i =
{

xij ,
argminx |ri − xij | ,

if mi − τ · σ i < xij < mi + τ · σ i

otherwise
� (12)

Here, the outlier value is replaced by the nearest non-outlier value from the measurements of the same sensor. In 
Fig. 12, the sensor data determined to be an outlier in Layer 1 is corrected by replacing it with the closest normal 
value. Table 2 shows the percentage of sensor data judged to be outliers in the entire dataset.

Table 2. Percentage of outliers for the entire dataset.
Using Eq. 15, Layer 2 analyzes the gradient between the data at one point in time and the data at the previous 

point in time to determine that gradient data with a different sign than the sum of the overall gradient is a 
Gradient Analysis based Outlier (GAO). Using Eq. 17, replace the gradient data that is determined to be a GAO 
with the closest data. In addition, measurement errors due to attached location, aging, failure, etc. are corrected 
by evaluating the reliability of the sensor dataset with the Quality Score (QS). QS is calculated through the ratio 
of GAO and accumulated data, and if the threshold R is exceeded, the data is replaced with the sensor with the 
lowest QS at the point of exceeding the threshold. This ensures that unreliable data sources are automatically 
excluded in favor of more trustworthy ones, without the need for labeled training data. The system continuously 
updates the baseline statistics and gradient in real time using only the incoming sensor data, allowing it to 
dynamically adapt to sensor drift or failure scenarios while maintaining long-term data reliability through 
autonomous self-correction.

Pos 1 Pos 2 Pos 3 Pos 4 Pos 5 Pos 6 Pos 7 Pos 8

Sensor 1 0.20 0.00 0.11 0.26 0.00 0.07 0.04 0.01

Sensor 2 0.00 0.02 0.00 0.01 0.28 0.72 0.03 0.01

Sensor 3 0.03 0.01 0.14 0.00 0.34 0.37 0.09 0.00

Table 2.  Percentage of outliers for the entire dataset.

 

Fig. 12.  Outlier correction at Layer 1: (a) Sensor 3 Pos 1, Pos 5, (b) Sensor 3 Pos 2, Pos 6.
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Layer 2: gradient-based outlier detection
This layer detects gradient analysis-based outliers:

The gradient of the data is calculated as:

	 ∇ xij = xij (t) − xij(t − 1)� (13)

The gradient-based filtered value is:

	
∇

∼
xij = {xij | ∇ xij ·

∑
∇ xij < 0}� (14)

A binary GAO flag is assigned as:

	
GAO (xij) =

{ 1,
0,

if ∇ xij ·
∑

∇ xij < 0
otherwise

� (15)

The Quality Score (QS) is computed as:

	
QS = Number of GAO cases

Number of total accumulated data
� (16)

The corrected value for xij  is determined as:

	

xcorr
ij =




x̂ij , if GAO = 1 ∧ (QS ≥ R)
argminx

∣∣∣∇ ∼
xij − ∇ x̂

ij

∣∣∣ , if GAO = 1 ∧ (QS < R)
xij , otherwise

� (17)

where x̂ij ∈ R represents the data from the sensor dataset with the lowest quality score that means the most 
reliable sensor. i ∈ {1, 2, . . . , Ns} and j ∈ {1, 2, . . . , Nd} denote the sensor locations ( Ns: number 
of sensors) and the number of data in the dataset ( Nd: number of data points), respectively. ∇ x, ∇

∼
x∈ R 

represent discrete gradients between consecutive measurements and the gradient data identified as an outlier 
through gradient analysis, respectively. xcorr

ij ∈ R is the corrected sensor measurements and R ∈ R is the 
threshold value for acceptable quality score.

As shown in Fig. 13a, the gradient of the sensor data was corrected, and the sensor data was reconstructed 
based on the corrected gradient to improve continuity, as shown in Fig. 13b. Table 3 shows the QS per sensor for 
the entire dataset at Layer 2. The QS ratio remains below 30% for all sensors, except for Sensor 1 at Position 8. 
This indicates that the threshold should be adjusted to below 30% to identify the optimal value for each sensor.

As shown in Fig. 14, when we examine the GAO ratio and QS with accumulated data during training in 
Layer 2, we observe that QS tends to be high in the early GAO cases. To address this, we compare and tune the 
baseline value R after 10,000 data accumulations. Based on 28%, Sensor 1 was found to have several sensors that 
exceeded the threshold after 10,000, and the sensor with the lowest QS was replaced. Sensor 2 can be seen to 
drop after 26,000 data points due to Pos 8 being replaced. For Sensor 3, we can see that all sensor datasets are 
above the threshold.

To set the baseline value for each sensor, the RANFIS model was trained by adjusting the QS from 30 to 
16%. Figure 15 shows the RMSE of the RANFIS model training results by QS and sensor. Figure 16 presents 
the training error of the RANFIS model when the QS is at its lowest RMSE. And Fig. 17 shows the RANFIS 
training results when the RMSE is the lowest among the QS in a graph by sensor. The analysis shows that Sensor 
1 performs best when the QS is 22%, Sensor 2 performs best when the QS is 28%, and Sensor 3 performs best 
when the QS is 18%.

Table 4 presents a performance comparison between the RANFIS model under the optimal QS condition 
and conventional models including a Deep Neural Network (DNN) and ANFIS. The DNN model architecture 
consists of an input layer with 8 neurons (corresponding to the number of sensor modules), three hidden layers 
with 128, 128, and 64 neurons respectively, and a single output neuron for predicting VOC concentration. The 
swish activation function was applied to all hidden layers. The ANFIS model was configured using the same 
parameters as the RANFIS model for a fair comparison. Performance was evaluated using RMSE and Mean 
Absolute Percentage Error (MAPE), as defined in Eqs. 8 and 18. The results show that while both ANFIS and 
DNN models exhibited sensor-dependent performance variations, the RANFIS model consistently outperformed 
both in all cases. This indicates that each sensor dataset contains a different proportion of outliers, and robust 
identification and correction of these outliers significantly improve prediction accuracy.

	
MAPE = 1

n

∑
n
i=1

∣∣∣∣
yi − ŷi

yi

∣∣∣∣ × 100� (18)

where, n is the number of data, yi is the actual data, and ŷi is the predicted value corresponding to yi.

Activated carbon replacement strategy
Predicting the replacement cycle of activated carbon is important for the efficient operation of a prevention 
facility. However, it is difficult to accurately determine the breakthrough point because the pollutant gas 
concentration cannot be measured continuously. In addition, the reduction efficiency should be calculated by 
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Fig. 14.  QS 28% threshold-based Sensor 1 dataset before and after replacement.

 

Pos 1 Pos 2 Pos 3 Pos 4 Pos 5 Pos 6 Pos 7 Pos 8

Sensor 1 0.15 0.17 0.23 0.23 0.22 0.26 0.21 0.39

Sensor 2 0.22 0.20 0.13 0.17 0.22 0.26 0.21 0.29

Sensor 3 0.15 0.19 0.19 0.19 0.18 0.14 0.16 0.20

Table 3.  QS for the entire dataset.

 

Fig. 13.  (a) Corrected gradient data from Sensor 3, (b) reconstructed data based on corrected gradient from 
Sensor 3.

 

Scientific Reports |        (2025) 15:17455 13| https://doi.org/10.1038/s41598-025-02435-8

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Fig. 17.  Ref, DNN, ANFIS, and RANFIS training results: (a) Sensor 1, (b) Sensor 2, (c) Sensor 3.

 

Fig. 16.  when the QS is at its lowest RMSE, RANFIS training error: (a) Sensor 1, (b) Sensor 2, (c) Sensor 3.

 

Fig. 15.  RMSE of RANFIS training results according to QS.
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measuring the concentration at the inlet and outlet of the prevention facility, but the wind speed is high and 
there is a high risk of sensor contamination when measuring at the inlet. Therefore, this study proposes a model 
to predict the replacement cycle by measuring the concentration at the outlet of the activated carbon.

The model’s dataset answer values were generated based on the ratio of the inlet and outlet concentrations 
of the prevention facility, with a 0 or 1 indicating that replacement is required or not, depending on whether 
the target reduction efficiency is reached. The reduction efficiency is calculated using Eq.  19, the inlet and 
outlet concentrations of the prevention facility, and the reduction efficiency decreases as the activated carbon 
becomes saturated. In general, the point where the ratio of inlet to outlet concentration is 10% is called the 
breakthrough point, and the reduction efficiency is 90%. However, the large amount of activated carbon used in 
a prevention facility may partially reach the breakthrough point as it adsorbs VOCs, or the activated carbon may 
not be fully penetrated during plant operating hours, even with continuous measurements. In addition, while 
the breakthrough curve is characterized by a sharp rise after the breakthrough point, when large amounts of 
activated carbon are used, the curve may show a gentle upward slope. This limits the ability to set the reduction 
efficiency to 90%. Therefore, the target reduction efficiency was varied from 80 to 30% to predict the activated 
carbon replacement cycle.

Figure 18 shows a graph of the ratio of the inlet concentration to the outlet concentration of the prevention 
facility measured in the field experiment. For example, when the target reduction efficiency is 70%, the point at 
which 30% is reached is first set as the activated carbon breakthrough point and the point at which replacement 
is required, and the correct answer value in the dataset is applied accordingly.

	
η = 1 − Cout

Cin
� (19)

where, η  is the abatement efficiency, Cin is the inlet concentration of the prevention facility, Cout is the outlet 
concentration of the prevention facility, and is the outlet concentration of the prevention facility. As input 
data, we utilized the ANFIS and RANFIS results based on VOCs concentrations measured at the outlet of the 
prevention facility using multi sensors. Based on this, a DT model was applied to predict the replacement cycle 
of activated carbon as shown in Fig. 19 to efficiently solve the binary classification problem of classifying cases 
that require replacement and cases that do not.

As shown in Fig. 20, using the ANFIS model results, the accuracy is more than 80% except for Sensor 2 
when the reduction efficiency is 80%, 70%, and 60%, while the accuracy of predicting the activated carbon 
replacement cycle drops significantly when the reduction efficiency is lower than 50%. As a result of RANFIS 
training, the accuracy of activated carbon replacement cycle prediction was higher than ANFIS overall, and 
similarly, the accuracy tended to decrease from 50%, especially Sensor 3 with 80% reduction efficiency had the 
highest accuracy.

However, it can be seen from Fig. 18 that the lower the target reduction efficiency, the closer the breakthrough 
point or replacement point is to the beginning of activated carbon use. This means that the activated carbon 
will last for a shorter period, and a higher target reduction efficiency will result in shorter replacement cycle 
for the activated carbon filter. Such a shorter replacement cycle can increase the economic cost and workload 

Fig. 18.  Setting low reduction efficiency for decision tree training.

 

Sensors Sensor 1 (MQ135) Sensor 2 (MQ138) Sensor 3 (PID-A15)

Model DNN ANFIS RANFIS DNN ANFIS RANFIS DNN ANFIS RANFIS

RMSE 44.960 55.867 14.757 66.610 91.525 16.117 40.159 12.685 8.918

MAPE 61.047 40.222 16.108 64.223 73.896 17.301 46.343 17.310 9.147

Table 4.  Comparison of DNN, ANFIS, and RANFIS model performances for each sensor type. RMSE and 
MAPE (%) were used as evaluation metrics. RANFIS consistently outperformed both conventional models 
across all sensors.
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of operating the prevention facility. Additionally, a false positive, occurs when the system indicates that the 
activated carbon needs to be replaced even though breakthrough has not happened. This can increase the 
economic burden of operating the prevention facility. Conversely, a false negative, happens when the activated 
carbon has reached breakthrough and needs replacement but is not replaced. This can result in the release of 
pollutants into the atmosphere, leading to not only economic loss but also significant environmental pollution.

Therefore, setting a low target reduction efficiency while maintaining a certain prediction accuracy is effective 
for efficient operation of the prevention facility. If the reduction efficiency is set at 60–70%, it can be verified that 
the system can determine the reasonable replacement cycle with a prediction accuracy of more than 80% for the 
breakthrough point of activated carbon by absorption and the need for replacement.

Discussion
This study developed and validated an IoT-based multi-sensor smart monitoring system for small-scale VOCs 
emission prevention facilities. The system collects real-time data from multiple sensor modules and predicts 
the optimal replacement cycle of activated carbon filters, providing a cost-effective alternative to expensive 
reference-grade detectors. The proposed RANFIS model enables real-time outlier detection, correction, 
and robust prediction even in dynamic environmental conditions. Deployment in an actual painting facility 
demonstrated the system’s practical viability and applicability in real-world settings. However, several limitations 
of the current study should be acknowledged:

Environmental specificity
The model was trained and validated using data collected under specific conditions, including temperature, 
humidity, and airflow patterns unique to the test facility. These environmental parameters may influence 
sensor behavior and model performance. Therefore, the current findings may not generalize to facilities with 
substantially different operating environments without retraining or recalibration.

Sensor drift, aging, and maintenance
Long-term issues such as sensor drift, aging, and degradation of low-cost sensors have not yet been fully 
addressed. Robust recalibration strategies and sensor health monitoring techniques must be incorporated to 
ensure stable, long-term operation.

Fig. 20.  Accuracy of DT training results for each sensor and model by reduction efficiency.

 

Fig. 19.  Decision tree learning results.
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Optimization of multi-sensor deployment
Although multiple sensors were deployed to enhance data reliability, the optimal number of sensors required 
to achieve a predefined accuracy level has not been systematically determined. Over-deployment may increase 
costs and complexity, whereas under-deployment may compromise prediction performance. Future work 
should focus on optimizing the number and spatial arrangement of sensor modules to balance cost efficiency 
and predictive accuracy.

Sensor selection and calibration
The use of low-cost sensors, while economically advantageous, presents challenges in terms of selectivity, 
sensitivity, and cross-sensitivity to non-target gases and environmental variations. Further research is needed to 
systematically evaluate different low-cost sensor types, calibrate their outputs, and develop correction algorithms 
to mitigate their limitations.

By addressing these limitations, the proposed system can be further enhanced to achieve broader 
generalizability, long-term stability, and scalability for diverse industrial applications. To overcome these 
limitations, future research will focus on the following directions: (1) Expanding the dataset across multiple sites 
and environmental conditions to validate the robustness and adaptability of the RANFIS model; (2) Developing 
dynamic recalibration methods to address sensor drift and aging without requiring manual intervention; (3) 
Conducting systematic studies to determine the minimum number of sensors required to achieve a predefined 
accuracy level; and (4) Refining sensor selection strategies and improving data fusion techniques to enhance 
prediction performance while minimizing operational costs. By addressing these challenges, we aim to enhance 
the system’s generalizability, long-term stability, and practical scalability for real-world deployment across 
diverse industrial environments.

Conclusion
This study proposed an IoT-based multi-sensor smart monitoring system for small-scale VOC emission 
prevention facilities, along with a predictive framework to estimate the optimal replacement cycle of activated 
carbon filters. The system was deployed and validated in a real-world automobile painting booth equipped 
with eight sensor modules composed of three types of low-cost VOC sensors. To improve prediction accuracy 
and robustness, a Reinforced Adaptive Neuro-Fuzzy Inference System (RANFIS) model was developed and 
compared with conventional Deep Neural Network (DNN) and ANFIS models. The RANFIS model integrates 
real-time outlier detection and correction layers into the learning process. A Decision Tree (DT) model was 
further applied to the VOC concentration predictions from RANFIS to estimate the replacement timing of 
activated carbon filters.

Based on experimental results, the RANFIS model achieved RMSE values of 14.757, 16.117, and 8.918 for 
Sensors 1 (MQ135), 2 (MQ138), and 3 (PID-A15), respectively—demonstrating performance improvements of 
67.2–82.4% compared to DNN and 73.6%, 82.4%, and 29.7% compared to ANFIS. Additionally, MAPE values 
were significantly reduced, confirming the effectiveness of the RANFIS model in reducing sensor measurement 
error. The DT model trained on RANFIS outputs achieved over 80% accuracy in predicting filter replacement 
cycles under different efficiency thresholds (60%, 70%, and 80%) using only exhaust gas concentration data. 
These results demonstrate the feasibility of applying a fully autonomous, low-cost, multi-sensor monitoring 
system for continuous VOC emission management. The proposed system achieves high accuracy and robustness 
while minimizing operational cost, offering a scalable solution for real-time environmental monitoring and 
proactive filter maintenance in small-scale urban industrial sites.

Nevertheless, the applicability of the system beyond the tested conditions requires further validation. While 
the results indicate promising performance within the evaluated context, generalizability, long-term stability, 
and optimal deployment strategies remain open areas for future research. Addressing these will be essential for 
scaling the system to diverse industrial environments.

Data availability
All data generated and analysed during this study are included in this published article.
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