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Abstract 

This study presents a detailed evaluation of how inlet air filter differential pressure (Filter 

DP) affects the operational performance of a gas turbine, focusing on its influence on 

power generation and thermal efficiency. Real operating data combined with machine 

learning (ML) techniques were used. Following the installation of new filters, the turbine 

operated for 10,000 h, and 4438 h under base-load conditions were selected for modeling. 

The impact of Filter DP was examined using Multiple Linear Regression (MLR), Quadratic 

Support Vector Regression (SVR), Regression Tree, and Artificial Neural Network (ANN) 

models, allowing both linear and nonlinear behavior to be captured. Results show that 

each 1 mbar increase in Filter DP leads to roughly a 1.67 MW drop in power output and a 

0.094% reduction in thermal efficiency. Additionally, higher Filter DP raises fuel con-

sumption and causes an extra 0.45 kgCO2e of emissions per 1 MWh of electricity pro-

duced. These findings underline that even small increases in inlet pressure loss signifi-

cantly affect economic and environmental performance. Filter fouling increases natural 

gas demand, CO2e emissions, and overall carbon footprint. The ML-based approach en-

hances predictive maintenance by enabling early detection of filter degradation and sup-

porting more efficient and sustainable turbine operation. 

Keywords: carbon footprint; filter differential pressure; gas turbine; machine learning; 

power output prediction; thermal efficiency 

 

1. Introduction 

The steadily increasing global energy demand has made the need for reliable, effi-

cient, and environmentally sustainable energy generation technologies more critical than 

ever for ensuring economic development and maintaining living standards. In this con-

text, gas turbines—widely used in both power generation and industrial applications—

play a vital role due to their high thermodynamic efficiency, flexible operating conditions, 

versatile applicability, and environmentally friendly characteristics [1,2]. Current market 

data clearly reflect the growing global importance of this technology. The global gas tur-

bine power plant market, valued at 20.79 billion USD in 2023, is reported to have reached 

21.86 billion USD by 2024. Following the existing growth trend, the market is projected to 
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reach a volume of 29.36 billion USD by 2032 [3]. This anticipated growth not only rein-

forces the strategic position of gas turbines in the energy sector but also clearly demon-

strates their significant potential for the future. 

The overall efficiency of the gas turbine cycle system is directly dependent on the 

performance of turbomachinery components, particularly the compressor blades, turbine 

blades, and inlet air filter [4]. In this context, the inlet air filter—an auxiliary component 

of critical importance for gas turbines—plays a vital role by supplying clean air required 

for the system, thereby contributing to the safe, efficient, and economical operation of the 

turbine. The performance of a filter is determined by technical indicators such as its ability 

to capture particles, the pressure loss it introduces to the airflow, and the amount of dust 

it can retain over time [5]. However, over time, the accumulation of particles on the filter 

surface can deteriorate these parameters, leading to a reduction in inlet pressure, a de-

crease in power output, and a loss of turbine efficiency [6]. 

In this context, a decrease in filter performance not only affects energy generation 

efficiency but can also lead to severe structural damage and failures in turbine compo-

nents. Among these failures are Foreign Object Damage (FOD), erosion, fouling, and cor-

rosion [7]. FOD is a well-known failure mechanism in gas turbines, occurring when an 

external object that is not part of the turbine strikes and damages a turbine component [8]. 

Therefore, effective filtration systems and protective screens must be used to prevent the 

entry of large particles into the turbine. Erosion is a mechanism that develops due to the 

impact of hard particles larger than approximately 10 µm and causes irreversible damage. 

In such cases, the reuse of blades is not possible, and the only solution is component re-

placement. As the particle size and hardness decrease, the risk of erosion diminishes, but 

this increases the risk of fouling. Particles most prone to cause fouling are typically smaller 

than 2 µm in diameter [9]. While submicron particles can be captured by standard filters, 

components such as oil vapors and water require specially designed filtration systems. 

Corrosion in gas turbines occurs due to the interaction of chemically reactive substances 

with metal surfaces and can be categorized into two main forms: cold corrosion and hot 

corrosion. Cold corrosion develops in the compressor section due to humid deposits 

formed by aggressive gases, whereas hot corrosion occurs in the turbine section as a result 

of the interaction between combustion by-products—often difficult to filter—and metallic 

surfaces. Although appropriate alloys and protective coatings are effective in mitigating 

such damage, the most effective method for preventing corrosion is the use of high-per-

formance air filtration systems [9,10]. 

Gas turbines, depending on their surrounding environmental conditions, ingest large 

volumes of air from the atmosphere, along with a wide variety of contaminants of differ-

ent sizes and properties. For example, a gas turbine with a nominal air flow capacity of 

500,000 ACFM can ingest approximately 25 kg (55 lb) of contaminant particles per day 

under ISO standard environmental conditions—even when the ambient air contains only 

1 ppm of particulate contaminants and no inlet air filtration system is employed [11]. This 

clearly demonstrates the critical importance of the inlet air filtration system. Filters used 

in filtration systems employ multiple physical and electrostatic mechanisms simultane-

ously to remove contaminants from the air. Typically, each filter effectively captures pol-

lutants through the concurrent operation of several filtration mechanisms [12]. 

In evaluating filter performance, not only the condition of the filter when it is new 

but also the range of pressure loss it will experience throughout its service life must be 

taken into account. As the filter’s operational time progresses, an increase in pressure loss 

is observed due to the accumulation of contaminants. This situation leads to a partial re-

duction in gas turbine performance. To prevent performance degradation, filters must be 

replaced or cleaned at regular intervals, thereby maintaining a low and controllable pres-

sure drop within the system. The degree of this change in pressure loss largely depends 
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on the filter type, the material properties used, and the type and concentration of contam-

inants encountered [12]. However, in humid and polluted environments, dust and envi-

ronmental contaminants increase the pressure drop across filters and reduce the efficiency 

of the filtration system. With the onset of the rainy season or an increase in humidity, 

filters gradually lose their effectiveness, and water-soluble particles pass through the fil-

ters, entering the compressor and turbine. These particles are typically water-soluble con-

taminants that cause deposit formation on turbine blades and other sensitive components. 

This condition can lead to a decrease in turbine efficiency, an increase in fuel consumption, 

and premature failure of turbine components [13]. 

Gas turbine plants generate mechanical energy by utilizing natural gas or other types 

of fuels and converting this energy into electrical power. For such facilities to operate eco-

nomically and efficiently, critical parameters such as ambient conditions, inlet air pres-

sure, the efficiency of system components, and the physical/chemical properties of the fuel 

must be carefully optimized. Proper management of these factors is essential for maxim-

izing the thermal efficiency of the plant and ensuring operational sustainability [14]. In 

this context, the performance and effects of inlet air filters used in gas turbines have been 

extensively examined in the literature as an important factor that directly influences sys-

tem efficiency. Yusuf et al. [15] evaluated the effects of particulate matter in ambient air 

on the operating efficiency of the Muara Karang Combined Cycle Power Plant (CCPP) 

Block 3 in Jakarta, Indonesia. Their findings revealed that airborne particulates not only 

led to more frequent filter clogging but also accumulated on compressor blades, adversely 

affecting performance. This buildup caused a reduction in airflow and an increase in op-

erating temperatures, resulting in decreased compressor efficiency. Through improve-

ments in the filtration system, clogging was mitigated, and the thermal efficiency in-

creased from 32.09% to 32.43%. Igie et al. [16] investigated the impact of compressor foul-

ing caused by unfiltered particles in a 268 MW gas turbine operating under coastal condi-

tions. Using four months of operating data, the study quantitatively evaluated total power 

losses due to filter pressure drop and fouling under high- and low-efficiency filtration 

scenarios. The results showed an inverse relationship between filter pressure drop and 

fouling intensity, with threshold values of approximately 843 Pa and 593 Pa determined 

for high- and low-load conditions, respectively. Despite higher differential pressures, the 

high-efficiency filtration system exhibited total losses about 1% lower and up to 1.75 times 

better performance at part load compared to the low-efficiency system. The findings con-

firmed that compressor fouling had a greater impact on performance than the losses 

caused by filter pressure drop, emphasizing the necessity of high-efficiency filtration in 

industrial gas turbines. Dorfeshan et al. [13] demonstrated that the inlet air system of gas 

turbines is critical for optimal performance and equipment longevity. Particularly in hu-

mid and contaminated environments, water-soluble particles passing through the filters 

can cause deposit buildup and corrosion on turbine blades, leading to a phenomenon 

known as the Washing Through Effect. In their study on the Behbahan CCPP gas turbines, 

upgrading the filter class from F7 to F8, implementing an offline pulse jet cleaning system, 

applying anti-icing measures, and controlling humidity were shown to mitigate the Wash-

ing Through Effect and enhance turbine performance. Furthermore, the use of coalescer 

filters, demisters, and drainage channels beneath the inlet panels prevented moisture in-

gress, thereby extending turbine lifespan and reducing fuel consumption. Hashmi et al. 

[17] revealed that the performance of industrial gas turbines is influenced by factors such 

as inlet air temperature and fouling. In their study, they developed a model for a single-

shaft industrial gas turbine (Taurus 70) to investigate the effects of fouling and variable 

environmental conditions on performance. The results showed that fouling decreases 

thermal efficiency and specific fuel consumption, while inlet air cooling and variable inlet 

guide vane (IGV) techniques mitigate these losses and improve performance. The study 
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emphasized that integrating inlet air cooling and variable IGV control can significantly 

enhance turbine performance, particularly in hot climates. Hepperle et al. [18] developed 

a methodology to quantitatively assess performance degradation in gas turbines based on 

operational data. This approach enables the identification of recoverable and non-recov-

erable performance losses, correction of long-term trends, and estimation of maintenance 

potential by evaluating the effects of compressor fouling and inlet filtration. The study 

highlighted that high filtration efficiency and regular offline compressor washing reduce 

fouling and are crucial for maintaining sustained high-power output. Effiom et al. [6] ex-

amined the effects of inlet air filtration on two industrial gas turbines operating in marine 

and desert environments. The study reported that an increase in inlet pressure drop (up 

to 1.66 kPa) resulted in a 14–17% reduction in power output and up to a 7% drop in effi-

ciency, primarily due to decreased mass flow rate and increased compressor work. It was 

also noted that aero-derivative turbines with higher overall pressure ratios are more sen-

sitive to filter pressure drop, and that regular pre-filter replacement and inlet air cooling 

are recommended to maintain performance. Litinetski et al. [19] reported the successful 

implementation of a transition from single-stage pulse-cleaned F9 filters to three-stage 

static Efficiency Particulate Air (EPA) filters of class E11 in F-technology gas turbines op-

erated by the Israel Electric Corporation. This upgrade eliminated compressor fouling and 

sea salt ingress in coastal areas, increased power output by approximately 4 MW, and 

reduced the heat rate by 55 kJ/kWh. Additionally, the EPA filters provided a lower aver-

age pressure drop, extending the offline washing interval to over 5700 h and completely 

eliminating the need for online washing. The study demonstrated that EPA-class filtration 

enhances turbine performance, reduces corrosion risk, and provides economic benefits in 

coastal and industrial applications. 

Studies on the economic analysis of inlet air filtration systems in gas turbines aim not 

only to improve system performance but also to ensure cost-effectiveness. In this context, 

Fauzi and Sulaiman [20] investigated the relationship between air filter pressure and fuel 

consumption for Block 1 of the Guney Power Generation Plant. Their study emphasized 

that an increase in the Air Filter House (AFH) pressure drop directly affects fuel consump-

tion and increases fuel costs. According to the analysis results, each 1 Pa increase in AFH 

pressure drop raised fuel costs by an average of 41.33 RM per hour. It was also noted that 

early filter replacement, proper selection of filter elements, and regular on/offline com-

pressor washing can enhance turbine performance and economic efficiency. Schirmeister 

and Mohr [21] examined the effect of advanced EPA-class (E10–E11) filtration on com-

pressor efficiency and power loss in gas turbines. Based on data from 12 Alstom turbines 

operating across six countries, upgrading the filter class from F8 to E11 reduced annual 

power loss from 6.8% to 1.2% and efficiency loss from 1.8% to 0.3%. The three-stage 

G4/F8/E11 filtration system provided an annual saving of approximately 363,000 USD and 

a payback period of 1.4 years. The study demonstrated that EPA-class filtration reduces 

compressor fouling, improves performance, and offers significant economic advantages. 

Since gas turbine systems involve complex structures, robust models are required for 

their accurate and reliable evaluation. To analyze such complex systems, indirect yet de-

pendable methods such as soft computing have increasingly replaced direct analytical ap-

proaches. Consequently, artificial intelligence has successfully solved many prediction 

problems in the energy sector [22]. In this context, machine learning (ML) and deep learn-

ing (DL) techniques are gaining growing importance as modern approaches for mainte-

nance, monitoring, and performance enhancement in gas turbine systems. These methods 

offer high accuracy and flexibility in modeling complex processes such as the health as-

sessment of air filtration systems, performance prediction, and efficiency optimization. Li 

et al. [23] proposed a novel method for the quantitative diagnosis of inlet filter clogging 

in gas turbine power plants. It was noted that existing pressure-difference-based methods 
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could yield inaccurate results due to factors such as guide vane opening and atmospheric 

temperature. To address this issue, a dimensionless health parameter based on measura-

ble variables was derived, and a DL model was developed to predict theoretical pressure 

differences using healthy system data. Simulation results demonstrated that the proposed 

method maintained high robustness under variable operating conditions, achieving diag-

nostic accuracy above 97%. Hao et al. [24] focused on the air filtration system as the re-

search subject to improve the performance of the air quality assurance system, an essential 

component of gas turbines. In their study, a dynamic neural network was employed to 

establish a performance prediction framework for air filtration. This network structure 

depended not only on current inputs but also on past input, output, and state information. 

Furthermore, a feed-forward structure was designed to enhance prediction performance. 

Experiments and collected data showed that computations based on the dynamic network 

model and the time-series-based air filtration prediction model were effective. By devel-

oping a fine filter differential pressure model as a function of ambient temperature and 

relative humidity (RH), the filter pressure drop could be accurately predicted. Surase and 

Ramakrishna [14] conducted a two-stage investigation on Combined Cycle Gas Turbine 

systems to enhance thermal efficiency and reduce NOx emissions. In the first stage, the 

study focused on air filter pressure loss, automatic cleaning mechanisms, and fuel control, 

while the second stage examined exergy losses occurring in the condenser and methods 

for NOx reduction. Within this scope, models based on the Polynomial Adaptive Swarm 

Parallel Genetic Optimization approach and the Bayesian Kalman controller were devel-

oped. The results showed that the first controller reduced exergy destruction and im-

proved NOx reduction efficiency, while the second controller effectively predicted turbine 

performance. Both approaches achieved approximately 91% overall efficiency and 69% 

thermal efficiency, demonstrating stable and high-accuracy performance in combined gas 

turbine systems. 

Raghavan et al. [25] developed a method to detect early degradation of gas turbine 

components operating under off-design conditions. Using operating data from a General 

Electric Frame 9E turbine within a 60–100% load range, Artificial Neural Network (ANN) 

models were developed for the air filter, compressor, combustion chamber, and turbine. 

The resulting models (R2 > 0.95) successfully evaluated filter performance and identified 

compressor fouling, combustion nozzle cracks, and turbine seal damages. 

Existing literature has largely focused on assessing the performance implications of 

inlet air filter fouling using model-based approaches, while data-driven analyses remain 

relatively scarce. These studies have revealed the adverse impacts of filter fouling on key 

performance parameters such as compressor efficiency, power output, and heat rate. 

However, research that systematically analyzes filter fouling in inlet air systems through 

data-driven modeling remains quite limited. In particular, there is a noticeable lack of 

comprehensive studies that comparatively evaluate different ML algorithms. The aim of 

this study is to comprehensively investigate the effects of inlet air filter fouling on gas 

turbine performance. This study clearly distinguishes itself from existing literature 

through the comparative analysis of multiple ML algorithms, the use of a large-scale full-

load operational dataset, the simultaneous quantitative assessment of the effects of filter 

fouling on power, efficiency, and emissions, and the evaluation of the global carbon foot-

print. 

In this study, using real operational data, different ML algorithms such as Multiple 

Linear Regression (MLR), Quadratic Support Vector Regression (SVR), Regression Tree 

(Fine Tree), and ANN were applied, and the predictive performances of these models 

were comparatively evaluated using various statistical metrics. However, the study not 

only quantitatively demonstrated the effects of filter fouling on power output, but also 

examined its impact on the turbine’s fuel consumption and the resulting greenhouse gas 
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emissions. This comprehensive assessment provides a significant contribution to the liter-

ature. The findings offer valuable insights for the development of predictive maintenance 

strategies, more accurate determination of filter replacement intervals, and more efficient 

management of energy generation processes from both economic and environmental per-

spectives. 

Below is a summary of the essential contributions and highlights of the research. 

1. Filter fouling affecting gas turbine performance was analyzed in detail: This study 

quantitatively examines the impact of inlet air filter fouling on GT Power Output 

using operational data and ML methods, thereby filling a significant knowledge gap 

in this area. 

2. ML algorithms were comparatively evaluated: Different algorithms such as MLR, 

Quadratic SVR, Regression Tree, and ANN were applied to compare model perfor-

mances, and the most suitable model was identified. The ANN algorithm demon-

strated superior predictive performance, achieving high accuracy in GT Power Out-

put prediction with a MAE of 0.6399. 

3. Contribution to predictive maintenance strategies in power plants: The developed 

models can anticipate performance degradation caused by filter fouling, thereby en-

abling more efficient planning of maintenance activities. 

4. Modeling based on real field data: The models were developed using real operational 

data obtained from a gas turbine unit, ensuring their reliability. This approach allows 

the study to contribute directly to practical applications and ensures that the results 

accurately reflect real operating conditions. 

5. Decision-support system through ML and data analysis: The independent variable 

coefficients obtained from the MLR method provide decision-makers with a data-

driven, analytical, and reliable tool for operating gas turbines more efficiently and 

sustainably. These findings indicate that the MLR method can serve as a practical 

guide for performance optimization and operational strategy development. 

6. Quantification of the decrease in gas turbine efficiency: It was determined that each 

1 mbar increase in filter differential pressure (Filter DP) leads to an average decrease 

of approximately 0.094% in gas turbine efficiency. This finding clearly demonstrates 

the adverse effect of filter fouling on thermal performance and highlights its im-

portance as a critical indicator for maintaining energy efficiency. 

7. Quantification of the impact of filter fouling on greenhouse gas emissions: The anal-

ysis showed that a 1 mbar rise in Filter DP results in roughly 0.45 kgCO2e of addi-

tional emissions for each MWh of electricity produced. This study scientifically illus-

trates the low-efficiency–high-emission cycle caused by filter fouling, providing crit-

ical insights for reducing the carbon footprint. On a global scale, it is estimated that 

a 1 mbar increase in Filter DP could result in an additional approximately 3.56 

MtCO2e of emissions per year, representing a significant contribution to the litera-

ture. Furthermore, the developed models serve as a direct guide for formulating pre-

dictive maintenance strategies in power plants with a focus on emission reduction. 

The remainder of the paper is structured as follows: Section 2 describes the gas tur-

bine and filtration system under investigation. Sections 3 and 4 detail the regression anal-

ysis methods employed (MLR, Quadratic SVR, Regression Tree, and ANN) along with the 

evaluation criteria. Section 5 presents the thermal efficiency calculations, while Sections 6 

and 7 discusses the results and analyses. Finally, Section 8 provides a summary of the 

study’s main conclusions. 
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2. System Description 

2.1. Gas Turbine System 

Gas turbines are engineering systems that operate primarily based on the principles 

of the Brayton thermodynamic cycle and perform energy conversion under high temper-

ature and pressure conditions [26]. Figure 1a illustrates the main components of a typical 

gas turbine, which consist of the compressor, combustion chamber (or combustor), and 

turbine. Figure 1b presents the entropy–temperature (T–S) diagram of a standard gas tur-

bine unit. In these systems, ambient air is first passed through the filtration unit to remove 

particles and contaminants. The cleaned air is then delivered to the system by the com-

pressor (control volume 1–2). The compressed air from the compressor is mixed with fuel 

in the combustion chamber, where combustion occurs and high-temperature energy is 

released (control volume 2–3). Under ideal conditions, the 1–2 control volume process is 

considered isentropic (reversible and adiabatic), while the 2–3 process is isobaric (constant 

pressure). The high-temperature and high-pressure gases produced by combustion then 

undergo isentropic expansion through the turbine (control volume 3–4), generating me-

chanical energy sufficient to drive the rotor of the synchronous generator. Finally, heat is 

rejected from the system at constant pressure within the 1–4 control volume. Gas turbines 

are commonly operated as part of combined cycle power plants. In such systems, the high-

temperature exhaust gases leaving the turbine are recovered through a Heat Recovery 

Steam Generator, which produces high-energy steam for the steam turbine. In the final 

stage, electrical energy is generated through the synchronous generator [27]. Figure 1c 

presents a general view of a typical gas turbine. 

The gas turbine considered in this study is capable of producing approximately 401 

MW of electrical power under standard reference conditions (15 °C ambient temperature, 

70% relative humidity, and 1010 hPa atmospheric pressure) and is employed in high-ca-

pacity industrial power generation. The unit is a Siemens (Berlin, Germany) SGT-8000H 

series gas turbine. The compressor section of the turbine is designed to ensure aerody-

namic stability and consists of 13 axial stages, one Inlet Guide Vane, and three Variable 

Guide Vanes. The turbine section consists of four stages. In the analyses, the ambient var-

iables—including Compressor Inlet Temperature (CIT), Atmospheric Pressure (AP) and 

RH—together with the operational indicator Filter DP, were considered as the explana-

tory inputs for the models. GT Power Output was taken as the response variable to be 

predicted. The dataset used for the regression studies consisted of 4438 h of actual oper-

ating measurements collected under full-load conditions. A description of all variables 

included in the study is provided below: 

• Filter Differential Pressure (Filter DP): It is the pressure difference between the inlet 

and outlet points of the filter. As the filter becomes dirty and clogged over time, the 

pressure difference between the inlet and outlet increases. This condition can reduce 

the airflow and negatively affect turbine performance. Therefore, monitoring the dif-

ferential pressure is a critical process for accurately determining the timing of filter 

maintenance. 

• Compressor Inlet Temperature (CIT): Refers to the temperature of the air entering 

the compressor in the gas turbine. CIT directly affects air density and compressor 

efficiency. A lower inlet temperature provides higher air density, which can enhance 

turbine efficiency and increase power output. 

• Atmospheric Pressure (AP): The atmospheric pressure measured at the location 

where the gas turbine is installed. Since atmospheric pressure affects the density of 

the air entering the turbine and consequently the combustion efficiency, it plays an 

important role in gas turbine performance. 
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• Relative Humidity (RH): It is expressed as the ratio of the amount of water vapor 

currently present in the air to the maximum amount of water vapor the air can hold 

at a given temperature. It is an environmental factor influencing gas turbine perfor-

mance; while high RH can increase air density, it may also lower combustion effi-

ciency. 

• Gas Turbine Power Output (GT Power Output): Refers to the total mechanical power 

produced by the gas turbine. This power is typically measured in megawatts (MW) 

and is one of the most important indicators of the performance of a power plant or 

gas turbine system. 

 

Figure 1. Schematic diagram of the gas turbine system (a), entropy–temperature diagram (b), and 

general view of the gas turbine (c). 

2.2. Gas Turbine Intake System 

Filters are tested and classified according to standards established in the United 

States and Europe. In the United States, the ASHRAE 52.2:2007 standard [28] assigns a 

Minimum Efficiency Reporting Value (MERV) to filters. For example, a filter with a MERV 
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10 rating provides 50–65% efficiency for particles sized 1–3 microns, and greater than 85% 

efficiency for particles sized 3–10 microns. In Europe, the EN 779:2002 [29] and EN 

1822:2009 standards [30] are used. The EN 779:2002 standard classifies filters as G1–G4 

(coarse) and F5–F9 (fine), while EN 1822:2009 groups high-efficiency filters as EPA (E10–

E12), HEPA (H13–H14), and Ultra Low Penetration Air (ULPA) (U15–U17). This classifi-

cation is based on the Most Penetrating Particle Size—typically between 0.15 and 0.3 mi-

crons [31]. 

In gas turbine systems, relying on a single type of filter is generally insufficient, as no 

“universal” filter can meet all operational requirements simultaneously. For this reason, 

filtration units are typically designed as two- or three-stage configurations [12]. The de-

tailed filter configuration and technical specifications of the plant are presented in Table 

1, while Figure 2 shows the visual layout of the filtration system used in the examined 

power plant. 

Table 1. Filter stages and technical specifications of the examined system. 

Grade Type Size MERV Class EN Class 

Coalescer G4 >10 µm MERV 6–8 EN 779: G4 (EN 16890:2016) 

Prefilter M6 1.0–10.0 µm MERV 11–12 EN 779: M6 (EN 16890:2016) 

Fine Filter E10 0.3–1.0 µm MERV 15 EN 1822: E10  

 

 

 

Figure 2. General views of the inlet air filtration system of the examined. 
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Figure 3 illustrates the three-stage structure of the inlet air filtration system of the 

examined gas turbine. For the turbine to operate efficiently and safely, the air entering the 

system must be clean, dry, and free of particles. In the schematic, the airflow proceeds 

from left to right, passing through three successive filtration stages: Coalescer, Prefilter, 

and Fine Filter. Each stage is designed to remove contaminants of different sizes and types. 

The first stage, Coalescer, captures water droplets, oil aerosols, and large particles 

present in the incoming air. Owing to its fibrous structure, it combines small droplets 

through the coalescence effect, forming larger droplets that are then removed by gravity. 

This stage plays a critical role—especially in high-humidity or coastal power plants—in 

preventing salt- and moisture-induced corrosion. The second stage, Prefilter, captures me-

dium-sized dust and particles that pass through the coalescer. This extends the service life 

of the final fine filter and helps maintain the overall system pressure drop within accepta-

ble limits. Prefilters are typically lower-efficiency filters with a high dust-holding capacity. 

The final stage, Fine Filter, removes submicron particles (typically in the 0.3–1 µm range) 

from the air before it enters the turbine. This filter, classified as EPA (E10), ensures that 

the air reaching the gas turbine is almost completely free of particulates. As a result, it 

helps protect the compressor blades from corrosion, erosion, and fouling, thereby enhanc-

ing both turbine efficiency and lifespan. 

Differential pressure sensors located at each filtration stage (Filter DP 1, 2, and 3) 

monitor the contamination level of the filters. The static pressures at the inlet and outlet 

of each filter are transmitted to the high- and low-pressure ports of the corresponding 

differential pressure transmitter via impulse (tubing) lines; the static differential pressure 

between these two points is measured directly and monitored on the Distributed Control 

System screen. The total system pressure loss is calculated as follows: 

∆PFILTER,total = ∆PFILTER 1 + ∆PFILTER 2 + ∆PFILTER 3 (1) 

When the overall ΔP increases, the amount of air that can enter the turbine diminishes, 

and this drop in airflow ultimately lowers both the power output and the thermal efficiency. 

Therefore, regular maintenance of the filtration system and continuous monitoring of pres-

sure loss are crucial for ensuring optimal turbine performance and fuel efficiency. Figure 4 

presents the visual representations of the Coalescer, Pre-Filter, and Fine Filter. 

  

Figure 3. Three-stage structure of the examined filtration system. 
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Coalescer Pre-Filter Fine Filter 

Figure 4. Views of the Coalescer, Pre-Filter, and Fine Filter. 

3. Regression Models 

3.1. Multiple Linear Regression (MLR) 

Regression stands out as one of the most common, intuitive, and simple prediction 

methods used across many fields [32,33]. Multiple regression analysis explains how 

changes in a dependent variable can be accounted for by multiple independent variables. 

In general, regression models are used for two main purposes: interpretation and predic-

tion. From an interpretative perspective, regression coefficients measure the effect of a 

particular explanatory variable on the response variable while holding other variables 

constant, thereby improving the model’s explanatory power and reliability. The second 

primary purpose is prediction. Regression models allow the estimation of unobserved or 

future values based on existing explanatory variables [33,34]. 

In an MLR structure, the response variable y is modeled as a function of multiple 

explanatory variables (x1, x2, x3, …, xp). Each of these independent variables is included in 

the model with a separate coefficient to explain its effect on the dependent variable. The 

general equation of the model is expressed as follows [35]: 

yi  =  b0 + b1x1 + b2x2 + ⋯ + bixi + ε, i =  1, 2, 3, … … . , k         (2) 

Here, y is the dependent target variable; x1, x2, x3, …, xₚ are the independent input 

variables; b0 is the constant term; b1, b2, b3, …, bn are the coefficients of each independent 

variable; and ∊ represents the error term. 

In this study, an MLR model was also applied to represent, at a basic level, the rela-

tionship between GT Power Output and inlet air conditions as well as the Filter DP. In 

terms of computational performance, the MLR model demonstrated very high efficiency, 

requiring only a short training time of 6.33 s and achieving a capacity to predict approxi-

mately 37,000 observations per second. The extremely small model size (compact size ≈ 6 

kB, encoder size ≈ 2 kB) makes linear regression suitable for online monitoring, rapid pre-

liminary evaluation, and use as a reference model. The model was structured to include 

only linear terms, and the robust regression option was disabled, adopting the classical 

least squares approach. 

3.2. Quadratic Support Vector Regression (SVR) 

SVR is an effective ML method widely used for solving regression problems [36]. 

Although it was initially developed for binary classification tasks, its capability to perform 

regression has made it a preferred approach in applications such as accurate load predic-

tion [37,38]. In cases where linear assumptions are insufficient, Quadratic SVR employs a 

second-order kernel function to better model the nonlinear relationships between the data 
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and the target variable. This approach provides higher prediction accuracy in complex 

regression problems, such as load forecasting, and demonstrates superior performance 

compared to traditional SVR models. 

The aim of SVR is to obtain a regression function that remains within a specified ϵ, 

tolerance from the actual target values while preserving structural simplicity. The primal 

optimization problem in SVR is formulated as follows [39,40]: 

min [
1

2
‖w‖2 + C ∑ (ξi + ξi

∗)
l

i=1
]        (3) 

Subject to the constraints: 

s. t. {

yi − wTΦ(𝔵i) − b ≤  ε + ξi

−yi + wTΦ(𝔵i) + b ≤ ε + ξi
∗, i =  1,2, … . , l

ξi ≥ 0, ξi
∗ ≥ 0

    (4) 

where w is the weight vector that defines the orientation of the regression function in the 

feature space, and b is the bias term that vertically shifts the function to achieve the best 

fit to the data. The variables ξi and ξi
∗ are slack variables that represent the tolerated de-

viations beyond the ϵ -insensitive margin. The function Φ(𝔵i) is a nonlinear mapping 

that transforms the input data into a higher-dimensional feature space to effectively han-

dle nonlinear relationships. In summary, the constant C acts as a regularization factor that 

governs the compromise between maintaining a smooth regression function and permit-

ting deviations greater than ϵ. 

Once the optimization is solved, the regression function takes the following form in 

its dual representation: 

f(x)  =  ∑(ai − ai
∗)

l

i=1

K(xi, x)  +  b          (5) 

Here, ai  and ai
∗  are Lagrange multipliers, and K(xi, x)  is the kernel function. In 

Quadratic SVR, the kernel function used is the second-degree polynomial (quadratic) ker-

nel defined as: 

K(xi, xj)  =  (xi
Txj + c)

2
 (6) 

where c is a constant that controls the flexibility of the kernel function. 

The Quadratic SVM model also demonstrated high computational efficiency. Its 

training time was only 11.54 s, and it achieved a prediction capacity of approximately 

32,000 observations per second. With a compact model size of approximately 25 kB, the 

model is considered suitable for online performance monitoring, predictive maintenance, 

and digital twin applications with low computational cost. 

The Quadratic SVM kernel scale, box constraint, and epsilon values were automati-

cally determined based on the statistical characteristics of the dataset. This automatic hy-

perparameter selection aimed to improve the model’s generalization capability while re-

ducing the risk of overfitting. Additionally, all input variables were standardized prior to 

training, which enhanced numerical stability. 

3.3. Artificial Neural Network (ANN) 

ANNs are numerical models inspired by the functioning of the human brain and are 

used to solve complex problems encountered in scientific research and engineering appli-

cations [41,42]. The basic unit of an ANN is the neuron, which is organized into three main 

layers: the input layer, hidden layer(s), and output layer. The input layer processes the 

data provided to the network, while the output layer generates the model’s prediction 
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results. The hidden layer, located between them, is an artificial processing layer that cap-

tures the nonlinear relationships between input data and target outputs. The architecture 

of the hidden layer can typically be adjusted depending on the complexity of the system 

dynamics [43]. The configuration of the ANN model used in this research is illustrated in 

Figure 5. 

 

Figure 5. ANN architecture. 

The mathematical formulation of an ANN incorporates layer-specific weight matri-

ces W(l), bias terms b(l), and nonlinear activation functions 𝜎. The output of each layer is 

computed as follows: 

z(l)  =  W(l)a(l−1) + b(l)              (7) 

a(l) =  σ(z(l))         (8) 

Here, a(l−1) denotes the activations produced by the preceding layer, while a(l) = x cor-

responds to the network’s input vector. 

In the applied model, a medium-sized network structure consisting of two fully con-

nected hidden layers (25 and 10 neurons) was constructed, and the ReLU activation func-

tion was used to effectively capture nonlinear relationships. The training process was lim-

ited to a maximum of 1000 iterations, and all input variables were standardized before-

hand to enhance the stability of the network’s learning. 

In terms of computational performance, the ANN model demonstrated an impres-

sive prediction capacity of approximately 220,000 observations per second, offering a sig-

nificant advantage for real-time performance monitoring and digital twin applications. Its 

compact model size of around 9 kB and an encoder size of approximately 5 kB indicate 

that the model can be efficiently integrated into online systems with low computational 

cost. 

Gas turbine operational data inherently exhibit strong nonlinear behaviors due to the 

interactions among environmental conditions, inlet air filtration, aerodynamic processes, 

and control systems. ANNs can effectively learn these complex relationships without re-

quiring a predefined functional form, thanks to their multilayer architecture and nonlin-

ear activation functions. In contrast, linear regression models are limited to linear rela-

tionships, while tree-based and kernel-based methods may fail to fully capture continuous 

and smooth nonlinear interactions across wide operational ranges. Consequently, the 

ANN model successfully captures the intrinsic nonlinear structure embedded in real gas 

turbine operational data, achieving higher predictive accuracy compared to other models. 
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3.4. Regression Tree 

A Regression Tree is one of the decision tree methods used to predict a continuous 

(numerical) target variable. Mathematical optimization plays a key role in three main as-

pects of a regression tree: designing the tree structure, determining the branching (split-

ting) rules, and making predictions at the leaf nodes. 

First, the structure of the tree is usually selected with a fixed depth or simplified 

through pruning after building a larger tree. During the splitting stage, although orthog-

onal splits based on a single variable are commonly preferred, more complex splitting 

methods such as linear or oblique cuts can be used to improve model accuracy. Finally, 

the predictions at the leaf nodes are optimized depending on the nature of the dependent 

variable. Thus, regression trees can effectively make predictions by partitioning the data 

and estimating the mean value within each subgroup [44]. 

In the Fine Tree model, one of the key parameters defined by the user is the maximum 

tree depth, as this parameter controls the complexity of the tree and helps reduce the risk 

of overfitting. As the tree depth increases, the model’s complexity also increases; however, 

excessive depth can degrade the generalization performance [45]. 

In a regression tree, the predicted output ŷ for a given input x is determined by di-

recting x to a corresponding leaf node according to the values of its independent varia-

bles. The final prediction for x is then computed as the mean of the response variable y 

of all samples contained in that leaf node. This relationship can be formulated as: 

f̂ (x)  =  
1

Nm

∑ yi

i∈Rm

    (9) 

where Rm denotes the area—or the leaf node in the decision tree—to which the input 

vector x  is assigned. Nm represents the total number of observations located within that 

area, while yi indicates the actual response value corresponding to the i-th sample in Rm. 

In this study, a decision tree regression model with a Fine Tree structure was also 

developed to predict GT Power Output. The Fine Tree model has a prediction capacity of 

approximately 35,000 observations per second and requires a short training time of 11.9 s. 

The model’s compact size of approximately 181 kB enhances its usability in online moni-

toring applications, while the encoder size of around 76 kB provides an advantage for 

embedded and real-time systems. The model was configured with a minimum leaf size of 

4, allowing it to capture local variations in the dataset in greater detail. Additionally, dis-

abling the surrogate decision splits feature ensured that the decision mechanism was con-

structed solely based on the available data, maintaining the model’s interpretability. 

4. Performance Assessment 

Evaluating the performance of ML models is a critical process that goes beyond 

merely training a model. Various performance metrics are used to assess how accurate, 

reliable, and generalizable a developed model is. The evaluation criteria used in this study 

are defined in Table 2. 
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Table 2. Metrics utilized for regression model performance assessment [35,46]. 

Metric Formula Definition 

Mean Absolute Error (MAE) MAE =  
∑ ⌈yi−yî⌉N

i=1

N
   (10) 

MAE reflects the average magni-

tude of absolute errors between 

predicted and measured values. 

Mean Squared Error (MSE) MSE =  
1

N
∑ (yi − yî)

2N
i=1  (11) 

MSE represents the average of the 

squared errors between the pre-

dicted and measured values. 

Root Mean Squared Error 

(RMSE) RMSE =  √∑ (yi−yî)2N
i=1

N
 (12) 

RMSE measures prediction accu-

racy as the square root of the mean 

squared error between predicted 

and actual values. 

Determination Coefficient (R2) R2  =  1 −
∑ (yi−yî)2N

i=1

∑ (yi−y̅)2N
i=1

 (13) 

R2 indicates how much of the vari-

ability present in the observed da-

taset can be accounted for by the 

model’s outputs. 

Mean Absolute Percentage Er-

ror (MAPE) 
MAPE =  

1

N
∑ |

yi−yî

yi
| × 100%N

i=1  (14) 

MAPE quantifies how far the 

model’s predictions deviate from 

the actual observations in terms of 

average relative error. 

5. Thermal Efficiency of Gas Turbines 

Thermal efficiency is an important performance indicator that shows how much of 

the heat energy taken from the fuel by an energy conversion system is converted into 

useful mechanical energy. This efficiency is evaluated by means of the equation below: 

ηGT  =   

GT Power Output

VfuelLHV
 (15) 

Here, Vfuel refers to the volumetric flow rate of the fuel (Sm3), while LHV stands for 

the fuel’s lower heating value (kJ/Sm3). 

6. Results and Discussion 

In this study, the effects of gas turbine inlet air filter fouling on GT Power Output 

were investigated using ML-based models and real operational data. In addition, the gas 

turbine efficiency was evaluated. The MLR, Quadratic SVR, ANN, and Regression Tree 

(Fine Tree) algorithms were applied in the analyses, and the predictive performance of 

each model was comparatively evaluated using statistical indicators. All analyses and 

model implementations were carried out using MATLAB R2025b and IBM SPSS Statistics 

27 software. The findings obtained revealed that filter fouling has significant impacts on 

key performance parameters such as GT Power Output and efficiency. 

Table 3 presents the descriptive statistics of the dataset. There are 4438 data points 

for each variable. The table summarizes the mean value and standard deviation associated 

with each parameter. 
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Table 3. Overview of the dataset’s statistical properties. 

 Min Max Mean Std. Deviation 

GT Power Output (MW) 372.65 420.14 399.16 12.11 

Filter DP (mbar) 3.72 6.82 4.65 0.61 

CIT (°C) 3.17 23.77 14.26 5.00 

RH (%) 19.12 99.88 72.40 14.64 

AP (mbar) 979.07 1015.22 997.75 6.03 

In the examined gas turbine, following the installation of new inlet air filters, the tur-

bine operated for approximately 10,000 h. During this period, in addition to operating 

under base load conditions, the turbine was also run at variable loads according to grid 

demand, following Secondary Frequency Control, Primary Frequency Control, Load Up, 

and Load Down instructions. To accurately and objectively evaluate the effect of filter dif-

ferential pressure on gas turbine performance, the analyses were limited to periods when 

the turbine was operating under base load conditions. Within this scope, regression anal-

yses were performed on the base load data obtained from the total 10,000 h of operation, 

achieving a high level of accuracy. 

Under real operating conditions, the collected data may contain outliers due to meas-

urement errors, short term operational fluctuations, and environmental effects. In the in-

vestigated power plant, the full load power level of the gas turbine varies significantly 

depending on ambient conditions. For example, on a hot summer day, the full load power 

is approximately 370 MW, whereas on a cold winter day this value can increase to as high 

as 410 MW. Therefore, a power output of 370 MW under cold ambient conditions does 

not represent full load operation; instead, it corresponds to an intermediate load operating 

regime. Evaluating such operating points together with full load data can adversely affect 

the physical validity and statistical consistency of the analysis results. 

Additionally, when the gas turbine operates in Primary Frequency Control mode, it 

is subjected to continuous load variations even at power levels close to full load. For this 

reason, during the data preprocessing stage, frequency control modes were separated, 

and only data points representing stable base load operating conditions were included in 

the analysis. Furthermore, measurement errors arising from sensor failures, calibration 

inaccuracies, and transient system deviations were carefully filtered out to ensure the re-

liability of the analysis results. 

To identify outliers, both boxplot analysis and Cook’s distance method were em-

ployed. After removing the outlier data points, the remaining 4438 h of base load operat-

ing data were used in the regression analyses. This approach ensured that only data points 

with high representativeness and reliability were included in the modeling process, 

thereby significantly improving the accuracy, statistical significance, and generalizability 

of the regression analyses. The boxplot analysis conducted to identify outliers in the da-

taset is presented in Figure 6. 
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Figure 6. Visualization of parameter outliers. 

Figure 7 illustrates the correlation relationships among the key variables affecting gas 

turbine performance. The correlation coefficients reflect the direction and strength of the 

linear relationships between the variables. Accordingly, there is a strong negative corre-

lation between CIT and GT Power Output (−0.97), indicating that power output decreases 

as the inlet temperature increases. AP has a positive effect on GT Power Output (0.53), 

meaning that power generation increases with rising pressure. A correlation of 0.47 indi-

cates that RH and GT Power Output exhibit a moderately positive linkage, implying that 

higher humidity marginally enhances output. A negative correlation (−0.58) was also ob-

served between Filter DP and GT Power Output, showing that turbine performance de-

clines as filter fouling increases. These correlation analyses reveal the complex interde-

pendencies among the environmental and operational variables affecting gas turbine per-

formance and indicate that CIT and filter fouling play a particularly decisive role in de-

termining GT Power Output. These findings support the necessity of prioritizing these 

variables in modeling and performance prediction processes. 
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Figure 7. Correlation matrix. 

Figure 8 illustrates the relationships between GT Power Output and four key envi-

ronmental and operational parameters—CIT, AP, RH, and Filter DP. All graphs are pre-

sented in scatter plot form, showing the influence of each parameter on GT Power Output. 

A clear negative correlation is observed between CIT and GT Power Output. As CIT in-

creases—meaning as ambient temperature rises—the power generated by the turbine de-

creases. This phenomenon can be attributed to the fact that higher inlet temperatures re-

duce air density, which in turn diminishes the mass flow supplied to the compressor and 

negatively affects combustion efficiency. Consequently, the turbine produces higher 

power under lower temperature conditions. Changes in AP have a positive effect on GT 

Power Output. Higher atmospheric pressure increases air density, allowing more air mass 

to enter the compressor, which in turn enhances combustion efficiency and power gener-

ation. Therefore, during periods of elevated AP, GT Power Output shows a distinct in-

creasing trend. RH shows a rather limited and unclear connection with GT Power Output, 

indicating that the influence of humidity is weak and not well defined. The data exhibit a 

generally homogeneous distribution without a clear trend, indicating that RH, although 

it may influence power output indirectly, is not as decisive a parameter as CIT or AP. For 

Filter DP, a negative trend is evident with GT Power Output. The increase in pressure 

drop due to accumulated dirt or particulates in the filters reduces the airflow entering the 

turbine, negatively affecting power generation. Overall, the figure clearly demonstrates 

the sensitivity of GT Power Output to environmental conditions. Among these, CIT, AP, 

and Filter DP are the most influential parameters affecting power output, while the effect 

of RH remains secondary. Figure 9 presents the partial dependence plots obtained from 

the MLR method, showing the individual effects of the main operating parameters (CIT, 

Filter DP, AP, and RH) on GT Power Output. 
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Figure 8. Scatter diagram. 

 

Figure 9. Partial dependence plots for GT Power Output generated by the MLR model. 

Tables 4 and 5 present the comparison of the ML models’ performances in predicting 

GT Power Output, based on the evaluation metrics RMSE, MSE, R2, MAE, and MAPE (%). 

In Table 4, the Filter DP input variable was not included in the regression modeling, and 

three input variables (CIT, AP, and RH) were used. In Table 5, the Filter DP variable was 

included, resulting in four input variables (CIT, AP, Filter DP, and RH). When comparing 

Tables 4 and 5, it is observed that the inclusion of the Filter DP variable in the regression 

model significantly improved the prediction performance. The ANN model showed the 

lowest error values in both cases, achieving the greatest improvement when the Filter DP 

variable was added—with the MAE decreasing from 0.8038 to 0.6399. These results indi-

cate that the Filter DP is a statistically significant explanatory variable in predicting GT 

Power Output. 
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Table 4. The RMSE, MSE, R2, MAE, and MAPE metrics calculated for estimating GT Power Output 

using the three input variables (CIT, AP, and RH). 

Method Model Architecture RMSE MSE R2 MAE  MAPE% 

Regression Trees  Fine Tree 1.2884 1.6599 0.9887 0.9106 0.2303 

Linear Regression MLR 1.5451 2.3872 0.9837 1.2506 0.3141 

Neural Network ANN 1.0956 1.2003 0.9918 0.8038 0.2035 

SVR Quadratic SVR 1.2057 1.4537 0.9901 1.0031 0.2524 

Table 5. The RMSE, MSE, R2, MAE, and MAPE metrics calculated for estimating GT Power Output 

using the four input variables (CIT, AP, Filter DP and RH). 

Method Model Architecture RMSE MSE  R2 MAE  MAPE% 

Regression Trees Fine Tree 1.1487 1.3196 0.9910 0.7888 0.1994 

Linear Regression MLR 1.2746 1.6245 0.9889 0.9979 0.2515 

Neural Network ANN 0.9652 0.9315 0.9936 0.6399 0.1625 

SVR Quadratic SVR 1.1204 1.2554 0.9914 0.9290 0.2337 

Figure 10 presents a comparative visualization of the MLR model’s performance in 

predicting GT Power Output, under two different conditions—before and after the inclu-

sion of the Filter DP variable in the regression model. In both graphs, the horizontal axis 

represents the true (measured) values, while the vertical axis represents the predicted val-

ues generated by the model. The diagonal line on the plots denotes the ideal prediction 

line, where the predicted and actual values perfectly coincide. The closer the data points 

are distributed around this line, the higher the prediction accuracy of the model. 

When the Filter DP variable was not included in the regression model—that is, when 

the effects of only three independent variables (AP, RH, and CIT) on GT Power Output 

were evaluated—the R2 value was obtained as 98.4% (Table 4). Although the data points 

generally lie close to the ideal prediction line in the figure, noticeable deviations are ob-

served, particularly at high power levels above 410 MW. Therefore, when the Filter DP 

variable is excluded from the regression model, the model’s linear prediction capability 

decreases, and systematic errors become evident. 

In contrast, when the Filter DP variable was included in the regression model—that 

is, when the effects of four independent variables (AP, RH, CIT, and Filter DP) on GT 

Power Output were evaluated—the R2 value increased to 98.9% (Table 5). In the figure, 

the data points are observed to cluster much more tightly and closely around the ideal 

prediction line. The reduction in residuals indicates that the filter variable helps limit noise 

effects on the system and contributes to the increase in the R2 of the MLR model. 

This comparison demonstrates that the Filter DP provides a significant improving 

effect not only on physical performance but also on the accuracy of data-driven prediction 

models. As a result, the inclusion of the Filter DP variable enhanced the prediction accu-

racy of the MLR model, reduced the error margin, and produced a statistically more con-

sistent regression trend. Furthermore, considering that the system examined is a gas-tur-

bine-based CCPP, the influence of the Filter DP on GT Power Output is also expected to 

have a substantial impact on the overall plant efficiency and total power generation ca-

pacity. 
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(a) (b) 

Figure 10. Scatter diagrams of MLR-based predictions: (a) no-filter operation and (b) operation with 

the filter engaged. 

Using the MLR method, the quantitative effects of each independent variable on GT 

Power Output were determined. According to the analysis results: 

• An increase of 1 °C in the compressor inlet temperature results in an estimated 2.07 

MW reduction in turbine output. 

• A 1 mbar increase in AP results in an increase of about 0.42 MW. 

• Each 1 mbar increase in Filter DP causes an average decrease of 1.67 MW in turbine 

load. 

• The effect of RH is relatively small, with each 1% increase leading to only about 0.002 

MW change. 

These findings clearly reveal the sensitivity of each parameter on gas turbine perfor-

mance. 

Figure 11 shows the correspondence between the ANN-based predictions and the 

actual operational data, confirming the model’s superior ability to capture the effects of 

AP, RH, CIT, and Filter DP on GT Power Output. The blue dots on the graph represent 

the model’s prediction results, while the black 45° diagonal line denotes the perfect pre-

diction line. It can be observed that the majority of the data points are densely clustered 

around this reference line, indicating that the ANN model provides high-accuracy predic-

tions with minimal systematic bias. The model’s predictions exhibit a strong linear corre-

lation with the actual measurements, which is further supported by the high R2 value and 

low error metrics (MAE, RMSE). Therefore, the ANN model demonstrates a reliable pre-

diction performance, successfully capturing the complex nonlinear relationships within 

the system. 

Figure 12 presents the residual distributions obtained from the ML models (MLR, 

Fine Tree, Quadratic SVR, and ANN) used to estimate GT Power Output. On the horizon-

tal axis, the actual measured response values are displayed, while the vertical axis illus-

trates the residuals, which correspond to the differences between the predicted and ob-

served values. 
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Figure 11. Scatter plots representing the ANN-based prediction results. 

In the residual plot of the MLR model, the residuals are generally distributed regu-

larly around the zero line, showing only a slight curvature trend. This indicates that the 

model captures the relationships between the variables quite accurately and demonstrates 

strong predictive performance. Examination of the residual values suggests that the MLR 

model produces stable and reliable results. In the ANN model, the concentration of resid-

uals within a narrow range indicates that the model generates predictions with higher 

accuracy and lower error compared to other models. This result demonstrates that the 

ANN algorithm effectively learns the complex relationships between variables and repre-

sents the gas turbine power output in the most accurate manner. The Quadratic SVR al-

gorithm successfully captures nonlinear relationships and provides stable and reliable 

predictions of GT Power Output. In the residual plot of the Fine Tree model, the data 

appear balanced around the zero line with no noticeable curvature or systematic bias. The 

fact that most of the model predictions fall within the ±2 MW range indicates that the 

errors are low and the prediction accuracy is high. These findings confirm that the Fine 

Tree algorithm effectively captures the nonlinear interactions among variables and relia-

bly represents GT Power Output. 

When all models are compared, it is observed that the MLR model, with its linear 

approach, successfully captures the overall trend but fails to fully represent the nonlinear 

relationships. The Fine Tree model better captures the complex interactions between var-

iables, offering lower error and a more balanced residual distribution. The Quadratic SVR 

model effectively models nonlinear boundaries, producing accurate and stable predic-

tions. Among all the evaluated methods, the ANN model delivered the strongest overall 

performance. The fact that its residuals are tightly clustered within a narrow interval 

demonstrates that it achieves the highest prediction accuracy and the lowest error level. 

This comparison clearly demonstrates that ANN is the most effective and reliable method 

for predicting GT Power Output. 
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Figure 12. Residuals distributions of GT Power Output. 

Figure 13 presents a comparative illustration of the GT Power Output prediction per-

formance of the ML models (MLR, Fine Tree, Quadratic SVR, and ANN). In each graph, 

the black dots represent the measured (actual) GT Power Output values, while the yellow 

dots represent the predicted values generated by the models. The vertical axis indicates 

the GT Power Output, and the horizontal axis shows the data record number. 

The MLR model successfully captured the overall trend and effectively represented 

the fundamental relationships. However, slight deviations were observed in complex and 

nonlinear interactions. Despite this, the model’s overall predictive performance was con-

sistent, and it can be stated that it provided reliable results in GT Power Output predic-

tions. The Fine Tree model offered greater flexibility by dividing the data into multiple 

subregions and produced more accurate predictions, particularly in the mid-range power 

levels. With its second-order kernel, the Quadratic SVR model was able to represent non-

linear behavior more effectively, and its prediction outputs showed a close alignment with 

the measured values. In comparison, the ANN model achieved the strongest consistency 

overall; its predicted values almost completely matched the actual measurements and de-

livered outstanding accuracy, particularly within the 380–410 MW operating range. 

Overall, although all models accurately captured the general trend of GT Power Out-

put, the MLR model represented the simplest approach, while the Fine Tree and Quad-

ratic SVR models better captured the nonlinear effects. The ANN model, on the other hand, 

achieved the highest prediction accuracy by effectively capturing the complex and multi-

dimensional relationships among the parameters. This result indicates that gas turbine 

performance data inherently contain strong nonlinear components and that ANN-based 

approaches are more suitable for addressing such problems. 
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Figure 13. Scatter diagrams comparing the measured GT Power Output values with the predictions 

generated by the MLR, ANN, Quadratic SVR, and Fine Tree models. 

In this section of the study, the effects of the Filter DP variable on turbine efficiency 

were analyzed in detail using Equation (15) and real operational data. In this analysis, key 

operating parameters of the gas turbine system—such as temperature, pressure, fuel flow 

rate, power output, and environmental conditions—recorded over specific time intervals 

were taken into consideration. The relevant parameters are presented in Table 6, quanti-

tatively illustrating the performance variations in the system under different operating 

conditions. Within this context, the measurement results for two distinct operating condi-

tions (Condition 1 and Condition 2) were comparatively evaluated. Each observation rep-

resents two operating states recorded under similar environmental conditions (with CIT, 

AP, and RH values kept as close to each other as possible) but with different Filter DP 

values. 

The obtained results showed that the differences between Condition 1 and Condition 

2 were directly related to the variation in the Filter DP parameter. The increase in Filter 

DP caused a restriction in the airflow at the compressor inlet, leading to a reduction in 

mass air flow rate and consequently altering the air–fuel ratio entering the combustion 

chamber. This condition resulted in a measurable decrease in GT Power Output, while 

simultaneously creating an increasing trend in the fuel flow rate required to meet the same 

power demand. A decrease in turbine efficiency, calculated using Equation (15), quantita-

tively confirmed this trend; in particular, it was observed that turbine efficiency signifi-

cantly decreased at higher Filter DP values. 
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Table 6. Operational measurement data and performance values. 

Observation Condition 
Filter DP 

(mbar) 

CIT 

(°C) 

RH 

(%) 

AP 

(mbar) 

GT Power 

Output 

(MW) 

Natural Gas 

Consumption 

(sm3/MW) 

Lower Heat-

ing Value 

(LHV) 

(kcal/sm3) 

Gas Tur-

bine Effi-

ciency (%) 

1 
1 3.92 15.29 86.77 998.82 398.96 245.63 8646.13 40.49 

2 6.83 15.25 87.58 997.67 394.74 242.41 8795.46 40.33 

2 
1 3.95 15.16 66.57 999.91 400.28 245.05 8646.90 40.58 

2 5.65 15.19 64.54 1000.08 398.19 247.65 8609.31 40.33 

3 
1 4.12 14.17 69.72 997.00 401.24 238.34 8859.99 40.72 

2 5.96 14.04 69.69 996.76 399.41 251.83 8414.73 40.58 

4 
1 5.70 14.83 54.61 996.86 398.22 254.57 8341.08 40.49 

2 4.21 14.89 50.71 996.44 399.19 240.66 8775.74 40.71 

5 
1 5.15 15.08 84.56 996.74 397.63 251.98 8457.75 40.35 

2 4.37 15.08 82.99 996.84 398.77 242.82 8742.45 40.50 

Figure 14 illustrates the linear relationship between the Filter DP and gas turbine ef-

ficiency. The yellow “×” markers represent observation points obtained from real opera-

tional data, while the red line denotes the linear regression fit. The negative slope of the 

regression line (−0.094%/mbar) indicates that gas turbine efficiency decreases linearly with 

increasing Filter DP values. Specifically, each 1 mbar increase in filter differential pressure 

results in approximately a 0.094% decrease in turbine efficiency. This trend clearly demon-

strates the adverse impact of filter fouling on turbine performance and confirms that pres-

sure losses occurring in the inlet air filtration system directly reduce the thermodynamic 

efficiency of the gas turbine. 

  

Figure 14. Effect of Filter DP on gas turbine efficiency. 

Figure 15 illustrates the variation in gas turbine inlet air Filter DP between 2021 and 

2025, providing important guidance on how the filter replacement strategy should be 

planned. At the beginning of 2022, the complete replacement of the three-stage filter set 

within a short interval resulted in a sharp drop in differential pressure to approximately 

3.60 mbar. This significant decrease indicates that simultaneous renewal of all filter stages 

rapidly improves airflow and noticeably enhances overall system performance. In con-

trast, during the subsequent periods, implementing only single-stage filter replacements 

led to a limited reduction in differential pressure, causing the total pressure loss across 
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the filter system to remain high. As a result, insufficient improvement in compressor inlet 

airflow negatively affected both GT Power Output and gas turbine efficiency. 

Overall, the figure clearly reflects the contamination–performance loss–replacement 

cycle of the filter and highlights the critical role of regular and holistic filter maintenance 

in sustaining turbine performance. In line with these findings, optimizing filter replace-

ments within a condition-based maintenance framework is highly important—not only 

performing the change at the right time, but also ensuring that the appropriate filter stages 

are replaced together. 

 

Figure 15. Filter DP Curve. 

For the gas turbine analyzed in this study, the production of 1 MWh of electricity 

requires roughly 245 sm3 of natural gas. When the Filter DP value increases by 1 mbar, 

this consumption rises to 245.23 sm3/MWh, resulting in a measurable increase in fuel us-

age. It has been calculated that a 1 mbar increase in Filter DP leads to an additional 0.45 

tCO2e of greenhouse gas emissions per 1 MWh of electricity produced. Accordingly, dur-

ing a 5000 h operating period of the turbine, a total of approximately 2.25 tCO2e of addi-

tional emissions is generated. Therefore, filter replacement strategies are critically im-

portant not only for turbine performance and efficiency but also for reducing the overall 

carbon footprint. 

Table 7 presents the amount of natural gas consumed by the gas turbine during an 

hourly electricity production of 418 MW, along with the corresponding greenhouse gas 

emissions. This table clearly reveals the turbine’s fuel consumption characteristics and the 

associated emission values, providing an important reference for performance evaluation 

and environmental impact analyses. 

Table 7. Natural gas consumed and greenhouse gas emissions. 

Fuel Gas Components and Their Proportional Shares 

Methane Ethane Propane I-Butane N-Butane I-Pentane N-Pentane Hexane N2 CO2 % 

94.83 4.48 0.45 0.042 0.042 0.0053 0.0030 0.0014 0.13 0.014 100 

Fuel Gas Characteristics and Associated Greenhouse Emissions 

Lower Heating 

Value 

(Kcal/sm3) 

Density 

(kg/m3) 

Net Calorific 

Value (TJ/Gg) 

Carbon Content 

(%) 

Consumption 

(sm3) 

Consumption 

(Nm3) 

Emissions 

(tCO2e) 

8473 0.715 49.58 0.748023 103,247 97,872 201.5 
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The results demonstrate that even a 1 mbar increase in the differential pressure of gas 

turbine inlet air filters can generate significant environmental impacts on a global scale. 

Currently, there are approximately 2170 GW of installed oil- and natural gas-fired power 

generation capacity worldwide [47], of which nearly 1500 GW consists of gas turbines. 

Assuming an average capacity factor of 60% for these units, even such a minor increase in 

Filter DP is estimated to result in approximately 3.56 million tCO2e of additional annual 

emissions by increasing the fuel consumption associated with global electricity generation. 

This corresponds to an annual excess natural gas consumption of roughly 1.82 billion Sm3. 

Therefore, improving inlet air filtration systems in gas turbines not only enhances opera-

tional efficiency but also contributes significantly to global energy efficiency goals and 

emission reduction strategies. 

These calculations are based on modern gas turbines with an average electrical effi-

ciency of approximately 40%. However, since a considerable portion of the global power 

generation fleet still consists of lower-efficiency units, the actual increases in emissions 

and fuel consumption are expected to be higher than these estimates. Therefore, improv-

ing inlet air filtration systems and optimizing maintenance strategies, especially in lower-

efficiency plants, can provide even greater reductions in emissions and fuel consumption 

on a global scale. 

In this study, the impact of inlet air filters on performance has been evaluated not 

only from a technical perspective but also from an economic one, using actual operational 

data. In a gas turbine with a capacity of 400 MW and a cycle efficiency of approximately 

40%, the cost of electricity generation under clean filter conditions was determined to be 

68.6 USD/MWh. It was assumed that an increase in the Filter DP leads to a reduction in 

turbine efficiency at a rate of 0.094% per 1 mbar. 

For each differential pressure level, the turbine efficiency and the corresponding elec-

tricity generation cost were calculated. Assuming that the cost of electricity is inversely 

proportional to efficiency, the effect of efficiency losses due to filter fouling on the unit 

electricity cost was quantified. The calculations showed that the unit electricity cost grad-

ually increases with rising Filter DP, and multiplying this increase by the plant capacity 

indicates the hourly economic loss. 

By evaluating the cumulative hourly economic losses over time, the analysis revealed 

that if the Filter DP reaches 5.6 mbar, the cumulative production and fuel losses would 

equal the total replacement cost of the three-stage filter system, which is 220,000 USD (Fig-

ure 16). This analysis was conducted for a gas turbine, and when considering the impact 

of gas turbine production on the steam turbine, these losses would be even higher. Beyond 

this point, delaying filter replacement is no longer economically rational for plant opera-

tion and leads to increasing financial losses. 

The results indicate that decisions regarding filter maintenance and replacement 

should not rely solely on fixed intervals but should also take into account the real time 

measured Filter DP and the associated economic loss indicators. In this context, the AI-

based performance prediction model and economic evaluation approach developed in 

this study provide plant operators with a quantitative, transparent, and practical decision-

support tool for determining the optimal timing of filter replacement. 

Based on detailed economic analyses, it is recommended to replace the filter when 

the total differential pressure, including the effects of the evaporator system, exceeds 6 

mbar. The economic impact and operational decision table based on filter DP is presented 

in Table 8. 
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Figure 16. Break-even point analysis chart. 

Table 8. Filter DP based economic impact and operational decision table. 

DP Value Status Signal Economic Impact Operational Decision 

3.72 mbar Reference Clean filter cost: 68.6 $/MWh. Normal operation. 

4.5–5.5 mbar Warning Losses begin to accelerate. Check spare filter inventory. 

5.6 mbar Critical Cumulative loss equals filter replacement cost (220 k $). Plan/execute replacement. 

>6.0 mbar Loss Economic loss grows uncontrollably. Immediate replacement. 

7. Discussion 

This study demonstrates that gas turbine inlet air Filter DP is a critical operational 

parameter that has a decisive impact on gas turbine power output, thermal efficiency, fuel 

consumption, and the associated greenhouse gas emissions. The use of long-term real op-

erational data in combination with multiple ML models enabled a reliable and data-driven 

assessment of performance degradation caused by filter fouling under full-load operating 

conditions. 

The data driven findings obtained in this study are fully consistent with the funda-

mental thermodynamic principles that govern gas turbine operation. Fouling in the inlet 

air filters leads to an increase in Filter DP; this, in turn, reduces the compressor inlet pres-

sure and decreases the effective air mass flow entering the turbine. According to Brayton 

cycle theory, this reduction in inlet pressure and air mass flow limits the compressor pres-

sure ratio and the amount of fuel that can be supplied for combustion, ultimately resulting 

in a decrease in the net work and power output produced by the turbine. 

The results indicate that each 1 mbar increase in Filter DP leads to an average reduc-

tion of approximately 1.67 MW in gas turbine power output. This finding is consistent 

with fundamental thermodynamic mechanisms, whereby increased inlet pressure losses 

reduce air mass flow and increase compressor work. One of the key contributions of this 

study to the literature is the direct and quantitative identification of the Filter DP effect 

using high-resolution field data, independent of environmental parameters. 

Among the evaluated ML models, the ANN achieved the highest prediction accuracy, 

while the MLR model offers a significant advantage in terms of interpretability of the 

physical effects of the input variables. The results show that the negative impact of Filter 

DP on power output is stronger than that of relative humidity and is comparable in mag-

nitude to variations in atmospheric pressure. The analyses further reveal that each 1 mbar 
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increase in Filter DP results in an approximate 0.094% decrease in gas turbine thermal 

efficiency. This efficiency loss necessitates higher fuel consumption to maintain the same 

power level, thereby leading to increased emissions. In this context, a 1 mbar increase in 

Filter DP is found to cause an additional approximately 0.45 kgCO2e of emissions per 1 

MWh of electricity generated. This outcome highlights inlet air filtration as a critical pa-

rameter not only for performance optimization but also for emission reduction and decar-

bonization strategies. 

From an operational perspective, the findings strongly support the implementation 

of condition-based and predictive maintenance strategies. The developed ML-based mod-

els enable early detection of performance degradation associated with filter fouling and 

allow maintenance decisions to be optimized by considering their impacts on power out-

put, efficiency, and emissions. In conclusion, this study demonstrates that pressure losses 

in inlet air filtration can lead to significant economic and environmental consequences in 

gas turbine operation and provides a practical and scalable framework for sustainable 

energy production. 

8. Conclusions 

In this study, the effects of inlet air filter fouling on GT Power Output were quantita-

tively analyzed using ML-based models. Using a dataset of 4438 h of operational data 

obtained under real operating conditions, the performances of the MLR, Quadratic SVR, 

ANN, and Fine Tree methods were compared. The results enabled an evaluation of the 

prediction accuracy of different modeling approaches and provided a detailed interpreta-

tion of the effects of filter fouling on gas turbine performance based on real operational 

data samples. 

Including the Filter DP as an input variable in the regression analyses significantly 

improved the prediction accuracy of all regression models. In particular, the ANN model 

achieved the lowest MAE and the highest R2, demonstrating the best performance in pre-

dicting GT Power Output. Before including the Filter DP variable, the ANN model had 

an MAE of 0.8038 and an R2 value of 0.9918. After the inclusion of the Filter DP variable, 

the MAE decreased to 0.6399, while the R2 increased to 0.9936. These results highlight the 

critical importance of the Filter DP variable in both GT Power Output and model predic-

tion accuracy. 

The examined gas turbine consumes approximately 245 Sm3 of natural gas to generate 1 

MWh of electricity, resulting in an estimated 0.48 tCO2e of greenhouse gas emissions. The 

analysis results indicate that an increase in Filter DP has a significant adverse impact on GT 

Power Output. It was determined that each 1 mbar rise in Filter DP leads to an approximate 

1.67 MW reduction in GT Power Output. Furthermore, a 1 mbar increase in Filter DP was 

found to result in an approximately 0.094% decrease in turbine thermal efficiency and an ad-

ditional 0.45 kgCO2e of emissions per 1 MWh of electricity generated. This efficiency loss can 

lead to significant increases in fuel consumption and production costs in high-capacity CCPPs. 

As a result, it has been concluded that filter maintenance or replacement strategies should be 

optimized not only based on differential pressure limits but also according to efficiency loss 

trends. The data-driven models developed within the scope of this study enable early detec-

tion of performance degradation caused by filter fouling and contribute to the effective imple-

mentation of predictive maintenance strategies. 

The adoption of data-driven analysis and predictive maintenance practices in power 

generation facilities has become a strategic necessity in terms of both operational sustain-

ability and environmental performance. In high-precision equipment such as gas turbines, 

continuous monitoring of sensor data and the analysis of performance trends through 

machine learning-based models enable early detection of potential failures and the execu-

tion of maintenance activities with optimal timing. In this way, equipment lifespan is 
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extended, unnecessary downtime is prevented, fuel consumption is optimized to main-

tain energy efficiency, and consequently, significant reductions in carbon emissions are 

achieved. This approach plays a critical role in contributing to energy supply security and 

supporting net-zero carbon targets by preventing performance degradation caused by op-

erational factors such as filter fouling, turbine efficiency losses, and sensor drifts. In con-

clusion, data-driven predictive maintenance systems are regarded as a key transforma-

tional element that supports both economic competitiveness and environmental sustain-

ability in modern energy facilities. 

This study presents a preliminary modeling framework developed for base-load op-

erating conditions. The obtained results demonstrate that the proposed model achieves 

high predictive accuracy within this specific operating regime. In future studies, it is 

aimed to validate the proposed machine learning-based approach under different load 

regimes (partial load operation) and various environmental conditions. In addition, it is 

planned to integrate the model into online monitoring systems and support it with real-

time alarm thresholds, transforming it into a digital twin-based decision support system. 

Furthermore, a comprehensive investigation of the indirect effects of filter fouling on 

steam turbine performance and overall cycle efficiency in combined cycle power plants 

will enhance the potential of the method for holistic energy management applications. 
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Nomenclature 

List of Abbreviations 

AFH  Air Filter House 

ANN  Artificial Neural Network 

AP  Atmospheric Pressure 

CCPP Combined Cycle Power Plant 

CIT Compressor Inlet Temperature 

DL  Deep Learning 

EPA Efficiency Particulate Air Filters 

Filter DP Filter Differential Pressure 

FOD  Foreign Object Damage 

GT Power Output Gas Turbine Power Output 

HEPA  High Efficiency Particulate Air 

IGV Inlet Guide Vane  

LHV  Lower Heating Value (kJ/Sm3) 
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MAE Mean Absolute Error 

MAPE  Mean Absolute Percentage Error 

MERV Minimum Efficiency Reporting Value 

ML Machine Learning 

MLR Multiple Linear Regression 

MSE Mean Squared Error 

RH Relative Humidity 

RMSE Root Mean Squared Error 

R2 Determination Coefficient 

SVR  Support Vector Regression 

ULPA Ultra Low Penetration Air  

List of Symbols 

ai, ai
∗ Lagrange multipliers in Support Vector Regression 

a(l) Activation output of the l-th neural network layer 

ȳ Mean value of the observed target variable 

b Bias term in regression and SVR models 

b0 Intercept (constant term) in multiple linear regression 
b1, b2, … , bp Regression coefficients 

b(l) Bias vector of the l-th neural network layer 

c Kernel constant in quadratic SVR 

C Regularization parameter in SVR 

f(x) Regression function 

f̂(x) Predicted output of regression tree 

i Observation index 
K(xi, xj) Kernel function 

l Number of training samples (SVR) or layer index (ANN) 

N Total number of observations 

Nm Number of samples in region Rm 

Rm Region (leaf node) in regression tree 

Vfuel Volumetric fuel flow rate (Sm3) 

w Weight vector in SVR 

W(l) Weight matrix of the l-th neural network layer 

x, xi Independent input variable 
x1, x2 , … , xp Independent input variables 

y Dependent (target) variable 

ŷ Predicted value of the target variable 

yi Measured value of the target variable 

ŷi Predicted value for the i-th observation 

z(l) Weighted input of the l-th neural network layer 

ε Error term/epsilon-insensitive margin 

ηGT Gas turbine thermal efficiency 

ξi, ξi
∗ Slack variables in SVR 

σ(⋅) Activation function 

Φ(x) Nonlinear mapping function 
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