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Oil refinery and petrochemical plants are of crucial importance to enhance world economy. Besides the related 
considerable economic impact of this industries, the population and governments pose towards a great attention 
which boosted the necessity of developing effective tools for the control of the associated environmental 
pressures, without hindering economy growth. Among the environmental aspects of key relevance in the refinery 
sector, air quality and atmospheric pollution in terms of odour emissions, especially in the last years, have 
become a priority concern in the management of the plants. The monitoring and control of the odour emissions 
are thus needed in order to prevent potential impact and avoid complaints from the exposed population. 
Nowadays, senso-instrumental methods by using Instrumental Odour Emissions Systems (IOMSs) represents 
the most attractive tool for the monitoring of environmental odours, allowing the possibility to obtain real-time 
and continuous information’s, to support the decision-making process and for the implementation of proactive 
approach. No universally accepted regulation or standardized procedure exist at present and limited data are 
available in the scientific and technical literature with reference to these systems for the odour monitoring control 
in the oil refinery plants. In the CEN/TC264 ‘Air Quality’ standardization committee, a specific working group 

(WG41) is currently working to produce a validation procedure for the IOMSs. The research presents and 
discusses an advanced instrumental odour monitoring system device useful for the continuous characterization 
of the odour emissions in complex oil refinery and petrochemical plants. The influence of the use of different 
feature extraction methods in the odour monitoring model elaboration, in terms of classification, is analysed. 
Results demonstrate the existence of considerable differences in terms of correct classification percentage, in 
the use of different feature extraction methods. The importance and usefulness of having a fully-developed 
flexible system that allows to select and compare automatically different settings options, as the different feature 
extraction methods, in order to guarantee the best training model, is highlighted. Results demonstrated the high 
reliability of the system in recognizing artificial gas samples, with characteristics similar to the emissions from 
refinery plants. 

1. Introduction 
The great attention which the population and governments pose towards the industrial sites of the Oil and Gas 
Industries (OGI) sector boosted the necessity of developing effective tools for the control of the associated 
environmental aspects. Among the environmental aspects of key relevance in the refinery sector, air quality and 
atmospheric pollution assume an important role related to the human health (Oliva et al., 2018; Xu et al., 2019). 
The correlated odour emissions may cause several problems, annoyance and discomfort to the exposed people 
even when they do not imply toxic effects (Belgiorno et al., 2012; Naddeo et al., 2016, Zarra et al., 2008). Odour 
has been identified as one of the atmospheric pollutant and, among them, it represents the major cause of 
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complaints (Senatore et al., 2020; Naddeo et al., 2016). Odour pollution is nowadays a serious hindrance, but 
the complexity of odour compounds characterization limited a shared approach for odour emissions regulation 
(Zarra et al., 2012; Fasolino et al., 2016). With a view at addressing suitable strategies for odour and air pollution 
abatement and control, the characterization of the volatile compounds responsible for possible environmental 
pressures is of key importance (Oliva et al., 2021). In that view, to overcome the limitation of sensory and 
instrumental methods for the detection of odourous compounds, in the last years the proposition of sensorial-
instrumental technique is rapidly expanding (Capelli et al., 2014, Giuliani et al., 2012; Zarra et al., 2019). 
Instrumental Odour Emissions Systems (IOMSs) represents indeed an attractive tool for the monitoring of 
environmental odours, with a view at obtaining real-time information, to support the decision-making process 
and for the implementation of proactive approaches (Zarra et al., 2018). The use of these electronic devices, 
also known as electronic nose, for odour monitoring purposes is of key interest since they offer the strengths of 
both sensorial and analytical tools. Nowadays, among the most challenging problems related to the application 
of IOMSs, the adequate selection of the sensors array for the specific application, with high robustness, 
selectivity and reproducibility, assumes a key role (Blanco-Rodríguez et al., 2018). Moreover, the needs to face 
with the complexity of gaseous mixtures from industrial sources boosted the attention given to sampling 
technique, training phase and data analysis. These activities have to be adapted to the specific requirements. 
In particular, the attention paid to data processing resulted in different possibilities to implement, among which 
statistical pattern recognition. The pre-processing operation of the raw data is a key operation and the selection 
of the best procedure for the data reduction has an high impact on the accuracy of the results (Shi et al., 2008; 
Yan et al., 2015). In that view, the research presents and discusses the influence of the use of different pre-
processing and extraction methods in the odour classification model elaboration, by using instrumental odour 
monitoring system, with the aim of optimizing and increasing the reliability of the measurements. The outcomes 
of this works has been discussed in order to implement the preparatory works needed to put the system in fields. 

2. Material and method 
2.1 Instrumental odour monitoring system (IOMSartec) 

The experimental activities are carried out by using an advanced instrumental odour monitoring system, named 
IOMSartec, that allows to select and compare automatically different settings options, as the different feature 
extraction methods. The IOMSartec hardware is composed by two main parts, the measuring unit and the 
management unit (Figure 1). 

 

Figure 1: IOMSartec hardware layout 
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The measuring chamber has the main function of ensuring the reproducibility of the chemical conditions of the 
air to analyse and allowing the array of sensors the contact time needed to carry out the measurement. The 
chamber has an internal volume designed to optimize the response time of the installed sensors. Sixteen 
sensors in total are distributed on two horizontal levels, eight for each one: first level, sensors ID1.1 – 1.8; 
second level, sensors 2.1 – 2.8. Three different types of sensors are located in the measurement chamber: 
metal-oxide-semiconductor (MOS, n.14), photoionization detector (PID, n.1, ID1.8) and control sensor 
(temperature-humidity, n.1, ID2.8). The gaseous mixture, to be analysed, is introduced into the measuring 
chamber by a single-stage membrane pump, specific for gas, with a constant air flow equal to 300 ml min-1. The 
management system is used to generate zero air and span air by using respectively an ozone system and a 
permeate tube. The zero air is used to clean the system, while the span air to verify the sensor signals. 
The IOMSartec software is designed to perform different operation modes (Figure 2) and allows to select and 
compare automatically different settings options, like the different feature extraction methods in the raw data 
pre-processing operation carried out to elaborate the odour monitoring model in terms of classification and 
quantification, for the training phase.  

 

Figure 2: Operation modes 

2.1 Experimental plan and program  
Five different training classes, collected in odourless 7 litres volume bags, were used for the experimental 
activities (Table 1). Artificial odour samples were created with the contamination of pure air with toluene (CAS: 
108-88-3) and ethylene (CAS: 74-85-1), which are compounds typically emitted by OGI sector plant (Qiu et al., 
2019). 

Table 1: Training classes 

ODOUR CLASS Concentration of 
the odour 
substance ID                                      Description 

AF air filtered with active carbon filter - 
T air filtered with active carbon filter artificially contaminated with toluene solution   1 ppm 

PT air filtered with active carbon filter without contamination analysed immediately after 
T samples   - 

E air filtered with active carbon filter contaminated with ethylene solution   1 ppm 
PE filtered air without contamination analysed immediately after E samples - 

Table 2: Investigated pre-processing methods 

ID Name Equation 
DVR Differential Value of resistance fi,j = ri,j − ri,0 

RCR Relative change in resistance fi,j =
ri,j

ri,0
 

FCR Fractional charge in resistance fij =
ri,j − ri,0

ri,0
 

FCC Fractional change in conductance fij =  
xij − xi,0

xi,0
 

LCR Logarithmic change in conductance fij = ln ( 
xij − xi,0

xi,0
) 

FCCN Fractional change in conductance normalized f ∗
ij =  

xij−xi,0

xi,0
; 𝑓𝑖𝑗 =  

𝑓∗
𝑖𝑗

√∑ 𝑓∗
𝑖𝑗

2𝑛
𝑖=1

 

 
PT and PE classes were introduced to simulate typical conditions which occurs immediately after an odour 
event, while AF class was used to define the baseline vector. A sequence of AF – T – PT – E – PE cycle was 
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acquired by the IOMSartec, using a sampling time of 3 minutes (TF) for each class sample and a detection 
period of 2 seconds (TA) for each data. A total of 25 cycle were carried out on different days, acquiring 90 data 
for each class and 450 data for each cycle.  
For each cycle a baseline vector and the training dataset vectors were elaborated. The baseline vector was 
achieved by extracting the maximum value detected by each sensor in the TF, in terms of resistance (ri,0) or 
conductance (xi,0). The training dataset vector of the feature extraction (fFE) was obtained by calculating the 
mean value of the fij values acquired during the sampling time and pre-processed with six different pre-
processing methods (Table 2). For each gaseous sample, the FFE matrix was determined with a number of 
columns equals to the number of the sensors of the array and a number of lines equals to the number of the 
samples. Linear Discriminant Analysis (LDA) statistical elaboration was then applied to each matrix to create 
the qualitative classification prediction odour monitoring model. The data set was used to preliminarily validate 
the accuracy of the prediction model, by applying the predictive algorithms on the training dataset itself. 

2.2 Comparison analysis 
The comparison analysis was carried out by analyzing the results of the confusion matrix associated to each 
preprocessed training data. The confusion matrix is an output of the LDA statistical analysis and is useful to 
describe in terms of percentage of correct classification, the performance of the qualitative classification 
prediction model for odour monitoring.  
Moreover, in order to identify the best methods for the discrimination among the classes, the fFE, values of the 
different odour samples were evaluated, with a view at identify the solution able to amplify the distances among 
the odour classes. 

3. Results and discussions 
 The analysis of the results of all investigated samples, in terms of differences of the values detected for odour 
and odourless samples and among the samples of the different odour classes, highlighted how, even if all the 
pre-elaboration applied methods demonstrated a good classification among the different investigated odour 
classes, the feature extraction method with the highest performance is FCCN, for the specific case. The FCCN 
pre-processing method resulted indeed able to better distinguish odour classes from odour-less class. 
The analysis showed the influence of the choice of the feature extraction method in the accuracy of the 
classification model elaboration and as consequence the possibility to optimize the model with a preliminary 
selection study. This kind of approach is of prior importance, in particular when higher accuracy and sensitivity 
are required because of the higher probability of confusion among similar odour classes. 
 reports the results of the elaborated confusion matrix, calculated applying the predictive algorithms on the 
training dataset itself. The confusion matrix resulted the same for all the six different pre-processing methods 
investigated. 

Table 3: Results of the elaborated Confusion matrix 

 
Predicted odour classes  

(percentage of correct classification)  

AF T PT E PE 

A
n

a
ly

s
e
d

 
O

d
o

u
r 

c
la

s
s
e
s
 

AF 100% 0% 0% 0% 0% 
T 0% 100% 0% 0% 0% 
PT 0% 0% 100% 0% 0% 
E 0% 0% 0% 100% 0% 
PE 0% 0% 0% 0% 100% 

 
Results highlighted the perfect classification of the investigated samples applying the created prediction models, 
with a 100% correctness for the corresponding class for all the investigated extraction methods (consisting of 
the mean values of the data pre-processed according to the formulations in Table 2) and, consequently, their 
non-influence, in the specific investigated case.  
Figure 3 shows the extracted fFE vectors by considering the different methods, for one investigated sample. The 
analysis of the results of all investigated samples, in terms of differences of the values detected for odour and 
odourless samples and among the samples of the different odour classes, highlighted how, even if all the pre-
elaboration applied methods demonstrated a good classification among the different investigated odour classes, 
the feature extraction method with the highest performance is FCCN, for the specific case. The FCCN pre-
processing method resulted indeed able to better distinguish odour classes from odour-less class. 
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The analysis showed the influence of the choice of the feature extraction method in the accuracy of the 
classification model elaboration and as consequence the possibility to optimize the model with a preliminary 
selection study. This kind of approach is of prior importance, in particular when higher accuracy and sensitivity 
are required because of the higher probability of confusion among similar odour classes. 
 

 

 

Figure 3: fFE vectors calculated by applying the different feature extraction methods for one sample 

4. Conclusions 
The use of IOMS for the continuous characterization of the odour emissions is rapidly expanding as a preferred 
method since the high adaptability and the smart and proactive approach achievable. However, senso-
instrumental device, as IOMS, have to be properly trained and set to optimize their performance according to 
the real application in which they would be used. To define the best strategy to implement in real application like 
as oil refinery sector, the influence of different extraction methods has been studied by using an advanced IOMS 
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that allows the automatically analysis by setting the different operational modes. Results highlighted how all the 
implemented methods provide consistent results, with correct classification percentages, of the five different 
investigated classes, of a 100%. The results showed how, for the specific investigated case, the FCCN method 
allowed to better differentiate the neutral class (negative values) to the odour artificial contaminated classes. 
The feature extraction vectors were the input to the LDA and PLS statistical methods and thus the optimization 
of the data reduction method can allow to increase the recognition scores also for the real applications. In that 
view, the identification of the most suitable feature extraction method is of key importance to optimize the 
prediction models. Flexible and smart approaches for IOMSs, supported by a specific software, are thus strongly 
recommended. The results referred only to the first phases of the creation of the prediction model with the aim 
at optimizing the final model which will be created with real samples taken from the plant.  
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