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Stochastic Analysis to Predict Reliability Index of 
a Tall Building Structure 

Badreddine Chemali and Boualem Tiliouine  

Abstract− This article presents a stochastic analysis to assess the probability of failure and reliability of tall building 

structures with random variables under stochastic seismic excitation, using the conventional Monte Carlo Simulation 

(MCS) method. Uncertainties in seismic loading, structural geometry, and material characteristics are incorporated t in 

the study. Furthermore, the sensitivity of structural reliability is examined in relation to different performance variable 

limit states. The numerical results demonstrate that structural reliability is significantly influenced by the variability of 

all random variables but more importantly by seismic loading randomness. It’s shown that, when the variability of the 

random parameters is higher, the effects on structural reliability are more noticeable. In addition, preliminary 

sensitivity analysis based on the First Order Reliability Method (FORM) that gives information on the sensitivity of the 

randomness of the inputs parameters, shows that the 11 stochastic input parameters seismic probabilistic problem can 

be effectively reduced utilizing only 4 random variables, namely: the Peak Ground Acceleration, concrete elastic 

modulus, core inertia and reinforced concrete density. 

Keywords− First Order Reliability Method, MCS, Peak Ground Acceleration, sensitivity, tall building structures. 

 

NOMENCLATURE 

I. INTRODUCTION 

Uncertainties in the construction process may be categorized 

into two primary types: natural variability and human-induced 

factors (e.g. [1]). Natural uncertainties stem from 

unpredictable environmental loads (wind, seismic, snow, live 

loads) and material behavior variations, while human-induced 

uncertainties arise from design approximations, computational 

errors, etc. 

The evolution of computational power has enabled the explicit 

incorporation of uncertainty quantification in structural 

analysis, facilitating deeper understanding of the behavior of 

probabilistic structures. (e.g. [2-5]) 

This study investigates the effectiveness of conventional 

Monte Carlo Simulation (MCS) in assessing structural 

performance and system reliability for high-rise buildings. 

Failure is defined as the exceedance of the building's lateral 

top displacement beyond code-specified limits (e.g., H/500 

as per IBC design code [6]). Stochastic analyses are 

conducted on a representative high-rise buildings under 

seismic loading, with the following probabilistic modeling: 

• Geometrical parameters as independent normal 

random variables 

• Structural materials and loads modeled as 

lognormally distributed 

The sensitivity of structural reliability to performance 

criteria is evaluated by varying the limit-state thresholds. 

Furthermore, the capabilities and limitations of the MCS 

approach are critically examined. In addition, preliminary 

sensitivity analysis based on FORM is conducted to identify 

critical input parameters, followed by interpretation of 

practical engineering consequences. 

The paper is organized as follows: Reliability analysis 

methods are briefly described in Section 2. A description of 

Tall Building Structure Example is provided Section 3. The 

overall results of stochastic analyses to predict reliability 

index of a tall building structure with uncertain parameters 

under random seismic loading are presented in Section 4. 

Finally, the study concludes with a synthesis of key findings 

and their implications for structural reliability analysis. 

II. SOME BACKGROUND ON RELIABILITY ANALYSIS METHODS 

In the conventional probabilistic framework, the uncertainties 

are modeled as random parameters with certain distribution 

characteristics. Let denote X the vector of uncertain input 

parameters and T
mXX ],...,[ 1=X the vector of deterministic 

PGA 

MCS 

Peak Ground Acceleration 

Monte Carlo Simulation. 

FORM First Order Reliability Method. 

X  Mean value of random variable 

Pf Probability of failure 

R Reliability. 

)XX,(g  Performance function. 

Φ 
Cumulative Standard Normal Distribution 

Function. 

βHL Hasofer-Lind Reliability index 

Α sensitivity factor 

RPA 2024 Algerian Earthquake Regulation 

A Zone acceleration coefficient 

η correction factor of damping 

ξ percentage of critical damping  

y  allowable maximum displacement 

ρ Density  

I Inertia 

E elastic modulus 
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input parameter (mean values of uncertain variables); the 

probability of failure Pf can be given as:  

  md

g

dxpgPfP x

XX,

xxx,XX, 


==

0)(

...1)(...0)(              (1)   

where )( XX,g  = )( XX,yy − is the limit state function and 

0)( XX,g expresses the failure event, hence the reliability 

can be defined as 0)( XX,g ; T
m ],...,[ 1 xxx = represents the 

realization of X , )x(x,px represents the joint probability 

density function of the system parameters, typically estimated 

from empirical measurement data. The variable y denotes the 

performance metric, while y corresponds to its critical 

threshold (limit state). 

For evaluating the probability of failure described in equation 

1, various numerical methods are available for this purpose, 

including Monte Carlo Simulation (e.g. [3,7]), First- and 

Second-Order Reliability Methods (FORM/SORM) (e.g.[1]), 

Point Estimate Methods (e.g. [8]) and Response Surface 

Method (e.g. [9]). 

A measure of the system reliability can be given by the 

Reliability Index  

                                β = Φ-1(1 – Pf )                                        (2) 

 

where Φ-1 denotes the inverse standard normal cumulative 

distribution function. The reliability R is computed by: 

 

                                   R=Φ(β)                                           (3)  

                                                                     

where Φ represents the standard normal cumulative 

distribution function 

II.1 Monte Carlo Simulation technique  

In stochastic assessment, the MCS method is habitually utilized 

when the analytical solution is not possible and the failure 

domain cannot be described by an analytical form. The Monte 

Carlo Simulation (MCS) method is particularly indispensable 

for complex problems involving numerous stochastic input 

parameters, where conventional reliability analysis techniques 

(e.g., FORM/SORM) prove inadequate. While MCS boasts a 

straightforward mathematical formulation and unparalleled 

versatility in handling problems of arbitrary complexity, its 

principal drawback lies in the prohibitive computational cost 

associated with traditional implementations—especially for 

high-dimensional or low-probability failure events. One basic 

advantage of the Monte Carlo Simulation over the other 

reliability analysis methods for the particular type of problems 

investigated in the present study is that its efficiency is not 

affected by the additional complexities due to non-linear 

analysis and the dynamic loads.  

The computational cost of MCS grows proportionally when the 

number of input parameters is large or/and the magnitude of Pf 

is small, since both cases require a huge sample size. For this 

reason, various sampling techniques, also called variance 

reduction techniques, have been developed in order to improve 

the computational efficiency of the method in order to 

minimize the sample size and minimize the statistical 

inaccuracy that is intrinsic to MCS approaches. 

Expressing the limit state function as 0)( XX,g , where 

T
mXX ],...,[ 1=X is the vector of the random variables and 

since MCS is based on the theory of large numbers (N∞), an 

unbiased estimator of the probability of failure is given by 




=
=

N

j
jI

N
fP

1

)(
1

x      

(4) 

in which, I(xj ) is an indicator for successful and unsuccessful 

simulations defined as 

 

                              1   if     0)( XX,g   

              I(xj )= 

                              0    if     0)( XX,g  

(5) 

 

To estimate the failure probability Pf , the Monte Carlo method 

generates N independent random realizations of the input 

vector x, typically sampled from a uniform probability 

distribution. For each realization xj, the limit-state 

function g(xj) is evaluated. The failure probability is then 

estimated as: 

N

n
fP =  (6) 

where N represents the total number of Monte Carlo trials and 

n denotes the count of simulations where the response exceeds 

the deterministic case (evaluated at mean input values). 

Traditional MCS is that in order to acquire an accurate 

prediction of output first and second moments, the analysis 

may require thousands of simulation runs, resulting in 

computationally intensive and resource-demanding 

calculations. 

To enhance computational efficiency while preserving the 

accuracy of Monte Carlo Simulation, several variance 

reduction techniques have been developed (e.g. [1, 5, 10-11]).  

III.   DESCRIPTION OF TALL BUILDING STRUCTURE EXAMPLE 

The case study examines a 35-story wall-frame structure 

(height: 122.5 m) as shown in Figure 1 [12]. The lateral load-

resisting system for seismic actions along the long facade 

consists of: 

• Six moment-resisting frames 

• A central core (I = 313 m⁴) 

With a concrete elastic modulus (E) of 2×10⁷ kN/m², this 

analysis aims to quantify the structural reliability under seismic 

loading conditions compatible with the design spectra derived 

from Algerian Earthquake Regulations [13] based on five 

parameters: soil types S1 (rocky site), category 1A with an 

Importance coefficient I =1.2. The structure is assumed to be 

located in a moderate seismicity zone (zone II a) characterized 

by an acceleration coefficient A = 0.25g (see Fig. 2). Table I 

presents the moment of inertia values for frame columns and 

girders, along with their statistical distributions, for the 35-

story case study building. 

The seismic action is represented by the following Design 

Response Spectrum as per the Algerian Earthquake 

Regulations (RPA2024) 

A: Zone acceleration coefficient  

η: damping correction factor   
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   (used when ξ is not equal to 5%)  

ξ: damping ratio 

I: Importance coefficient 

T1, T2: characteristic site periods corresponding to the 

designated soil category  
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 (7) 

The top displacement is selected as the governing parameter 

for the performance function evaluation. 

As quantified in Table I, the stochastic input variables 

comprise: 

• Geometric parameters (e.g., member dimensions), 

• Material properties (e.g., concrete strength), and 

• Seismic loading, characterized through Peak 

Ground Acceleration (PGA) variability  

It should be noted that there is Additional stochastic 

parameters significantly influence structural reliability 

assessments, particularly live load uncertainties (e.g. [14]), 

spatially correlated soil variations (e.g. [15]), and soil-

structure interaction complexities (e.g. [16]) etc...For the sake 

of clarity we will focus on the variables mentioned above. 

The corresponding limit state function takes the form: 

  )(),...,,( Hz =−= yyPGAIIg bici               (8) 

The limit state compares the allowable top displacement ( y ) 

against the response spectrum-derived demand. A parametric 

reliability analysis was conducted by progressively 

increasing y and computing the failure probability via MCS at 

each step. The study employed 80,000 stochastic samples of 

PGA and first-mode frequency, with their distributions shown 

in Figures 3–4. 

 

 
(a) (b) 

Fig. 1. Plan (a) and 3-D view (b) of 35-story wall-frame 

 

 

Fig. 2. Elastic design response spectrum 
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TABLE I 

STRUCTURAL PARAMETERS AND STATISTICAL DATA FOR 35-STORY HIGH-RISE BUILDING 

Parameters Stochastic variable Symbol Mean Coefficient of 

variation 

Distribution 

geometrical 

Core  Icor 313 m4 

0.05 Normal 

Frame 1  Iic1 0.083 m4 

 Iec1 0.050 m4 

 Ig1 0.011 m4 

Frame 2  Iic2 0.050 m4 

 Iec2 0.034 m4 

 Ig2 0.005 m4 

material 

Elastic modulus E 2 x 107 KN/m2 0.15 

Lognormal Damping Ratio ξ 7% 0.25 

Density  Ρ 2500 Kg/m3 0.20 

Loading Peak Ground Acceleration PGA 0.25g 0.30 Lognormal 

Where i: Interior, E: exterior, c: column and g: girder. 

 
Fig. 3. Histogram for PGA generated with MCS technique. 

IV. RESULTS AND DISCUSSION 

A comprehensive evaluation of the proposed structural 

reliability methodology's practical utility and performance 

characteristics is presented in this section. The case study 

structure enables an efficient numerical solution through 

modal superposition techniques (e.g. [17]), significantly 

enhancing the computational feasibility of Monte Carlo 

Simulation (MCS) implementation. 

Through combined seismic response spectrum analysis and 

conventional Monte Carlo Simulation (MCS), the structural 

reliability assessment yields: 

• Probability of failure (Pf) = 4.94 × 10⁻² (95.06% 

reliability) 

• Reliability index (β) = 1.651 

These MCS-derived results are comprehensively summarized 

in Table II. 

TABLE II. 

RELIABILITY RESULTS of Tall Building Structures MCS 

y (mm) Pf R (%) βMCS 

10 100 0,000 -8,112 

50 99,931 0,069 -3,200 

125 65,654 34,346 -0,403 

143 49,698 50,302 0,008 

145 48,008 51,992 0,050 

175 26,634 73,366 0,624 

245 (H/500) 4,938 95,062 1,651 

300 1,163 98,837 2,269 

350 0,308 99,692 2,739 

400 0,082 99,918 3,147 

For all the points  y = 51.8 mm 

 
Fig. 4. Histogram for frequency of first vibration mode of 35 story building, 
generated with MCS 

The probability distributions of both seismic intensity (PGA) 

and structural reliability (performance variable CDF) are 

shown in Figures 5 and 6 respectively, with their theoretical 

PDF fits. These results were obtained through extensive 

Monte Carlo simulation (N = 80,000 realizations). 

Figure 7 presents the computed failure probabilities for the 

case study structure as a function of the seismic load 

Coefficient of Variation (COV). The probabilities correspond 

to exceedance of the specified limit state for top displacement 

(the selected performance variable). The results demonstrate a 

clear positive correlation between failure probability and 

increasing seismic load variability. 

The First-Order Reliability Method (FORM) offers an 

additional valuable feature through its directional cosines [1], 

which quantify the sensitivity of the reliability index to each 

random input variable. This sensitivity information is 

particularly important for robust design optimization. A 

preliminary FORM-based sensitivity analysis was performed, 

revealing that variables with sensitivity measures below a 

specified threshold α (Equation 9) could be treated as 

deterministic. For this case study, α was set at 3%, allowing 

identification of parameters with negligible influence on the 

structural reliability. It should be mentioned that although the 

First-Order Reliability Method (FORM) offers directional 

cosines for sensitivity ranking, other reliable methods, like the 

response surface method (e.g. [18]) or incomplete Monte 

Carlo simulation (e.g. [19]), provide complementary benefits 

for sensitivity analysis using reliability index. 

𝛼𝑖 =
(
𝜕𝑔

𝜕𝑋𝑖
′)

∗

𝜎
𝑋𝑖
′

√∑ (
𝜕𝑔

𝜕𝑋𝑖
′𝜎𝑋𝑖

′)

2∗
𝑛
𝑖=1

                                       (9) 
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   Fig. 5.  Histograms for top displacement generated with MCS 

 

Fig. 6. Reliability of study tall building structure calculated by MCS 

The reliability analysis was thus simplified from an 11-

dimensional random variable problem to a 4-variable 

formulation, retaining only the most influential parameters: 

1. Peak Ground Acceleration (PGA, α = 0.861) 

2. Concrete elastic modulus (E, α = 0.291) 

3. Core moment of inertia (I, α = 0.095) 

4. Reinforced concrete density (ρ, α = 0.379) 

Figure 8 demonstrates the characteristic convergence behavior 

of the failure probability estimate as sample size increases. 

While Monte Carlo Simulation (MCS) with N realizations 

provides robust reliability estimates, its computational demand 

becomes significant for systems with numerous degrees of 

freedom (DOFs). For this case study, the analysis employed 

8x104 simulations, determined through progressive assessment 

of failure probability convergence versus sample size. More 

complex scenarios may require substantially larger sample 

sizes due to slower statistical convergence. In the current 

implementation (11 random input variables and one output 

performance function), the MCS required 9 minutes and 23 

seconds of CPU time for 8 x104 samples. 

V. CONCLUSIONS 

The design of tall building structures is inherently influenced 

by multiple uncertainty sources. However, through systematic 

reliability-based approaches, structural safety can be enhanced 

to meet or exceed codified reliability thresholds.  

The analysis demonstrates that structural reliability is sensitive 

to variability in all uncertain parameters, with particularly 

strong dependence on loading randomness, density of 

concrete, core inertia and concrete elastic modulus 

uncertainty. Furthermore, the effects on structural reliability 

have been shown to be more pronounced for higher variability 

of the stochastic variables. 

 

 

 

 

Fig. 7 Structural Failure Probability as Function of Seismic Load COV 

 

Figure 8 Convergence of probability of failure with increasing sample size 

Monte Carlo Simulation (MCS) for stochastic analysis of tall 

buildings often requires substantial computational resources, 

particularly for structures with numerous degrees of freedom 

and multiple random variables. Implementing variance 

reduction techniques combined with sensitivity analysis via 

directional cosines can significantly improve computational 

efficiency while maintaining accuracy - a crucial 

consideration for robust design applications. 
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Fractional-order PD control of a parallel Delta robot: 

Experimental results  

Someya Amrane, Chems Eddine Boudjedir and Djamel Boukhetala 

Abstract− In this paper, a fractional-order proportional–derivative (PD) controller is proposed as a means to enhance 

the trajectory tracking performance of a parallel Delta robot. The highly coupled and nonlinear dynamics of the Delta 

robot pose significant challenges for conventional integer-order PD controllers, often resulting in limited tracking 

accuracy. To address these limitations, the integer-order derivative term is replaced by a fractional-order derivative, 

thereby providing additional tuning flexibility and improved dynamic behavior. In experimental studies, a comparison 

is conducted between the fractional-order and integer-order PD approaches, as well as an evaluation of the influence that 

different fractional derivative orders have on robot tracking performance.  

 

Keywords− Fractional-order, PD controller, Trajectory tracking, Delta robot. 

 

I. INTRODUCTION 

    Many theoretical contributions to fractional calculus have 

been proposed by Euler, Liouville, Riemann, and Grünwald [1]. 

These definitions have been successfully applied in multiple 

domains, such as electromagnetism and electrochemistry. For a 

historical introduction to fractional calculus, the reader can 

refer to [2]. 

    The application of fractional calculus has experienced 

significant growth over the last decades, due to its robustness 

and improved tracking performance. Fractional calculus has 

been applied in many engineering fields, such as robotics [3], 

autonomous underwater vehicles [4], and wind turbine 

generators [5].  

    Parallel kinematic robots offer several advantages over serial 

robots, such as high rigidity, accuracy, and load capacity. 

Professor Raymond Clavel invented the parallel Delta robot as 

an efficient solution for repetitive pick-and-place operations. 

The original prototype features three translational degrees of 

freedom and one rotational degree of freedom [6]. The reader 

may refer to the survey [7] for further designs of the Delta 

robot. 

    The robot manipulator is commonly controlled using 

conventional PID controllers [8]. However, this control law is    

often inadequate for applications requiring high precision under 

fast dynamic motions, due to the fact that the PD control 

parameters are chosen without fully considering the coupling 

effects. To overcome this issue and improve trajectory tracking 

performance, many works have been proposed, such as 

nonlinear PD control [9], iterative learning control [10-12], 

time delay control [13], and sliding mode control [14]. 

 

  

   In recent years, both fractional calculus and model-free 

control strategies have attracted considerable attention. Several 

control frameworks have incorporated fractional-order 

operators into the control loop, for instance, fractional adaptive 

control [15] and robust control design CRONE [16].  

    Fractional-order PID controllers have demonstrated superior 

robustness and performance compared to conventional PID 

controllers. Podlubny's proposal introduced a generalized 

fractional-order PID controller of the form 𝑃𝐼 λ 𝐷𝜇 , where λ and 

µ are non-integer orders. By appropriately tuning these 

parameters, the tracking accuracy can be significantly 

improved [1].  

    Fractional-order PID controllers have been further 

investigated in [17], where the robustness and performance 

were enhanced. In [18], the fractional-order PID controller was 

applied to a planar parallel robot to improve trajectory tracking 

accuracy. In [19], a fractional-order PID was designed to 

control a parallel robot, resulting in reduced tracking error and 

eliminated overshoot. 

    The main contribution of this paper is the design and 

experimental implementation of a fractional-order PD 

controller for trajectory tracking of a parallel Delta robot. 

Experimental studies are conducted to evaluate the 

effectiveness of the proposed approach. A comparative analysis 

between the fractional-order PD controller and the 

conventional integer-order PD controller is also conducted.  

    The remaining sections of this paper are organized as 

follows: section II introduces the dynamic model of the Delta 

robot. Section III presents the controller design. While in 

section IV, experimental results are presented. Finally, section 

V provides some conclusions.  

II. DYNAMIC MODEL 

    The Delta robot shown in   Fig. 1 is equipped with three 
kinematic chains, each consisting of a servo motor and a 
reducer connected to the upper arm. The forearm of the Delta 
robot is linked to both the upper arm and the travelling plate.  
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Fig. 1: Delta Robot 

    The robot dynamics is described as in [11]:  

 

                       𝑀(𝑞)𝑞̈ + 𝐶(𝑞, 𝑞̇)𝑞̇ + 𝐺(𝑞) = 𝜏                  (1) 

Where: 

𝑀(𝑞) = 𝐼𝑏 + 𝑚𝑛𝑡𝐽𝑇𝐽 

𝐶(𝑞, 𝑞̇) = 𝐽𝑇𝑚𝑛𝑡𝐽 ̇

𝐺(𝑞) = −𝜏𝐺𝑛
− 𝜏𝐺𝑏

 

 

    The generalized joint vector is denoted as 𝑞 = [𝑞1, 𝑞2, 𝑞3]𝑇, 

the inertia matrix is represented by M(q) ∈ 𝑅3×3, the vector 

resulting from centrifugal and Coriolis forces is denoted as  

𝐶(𝑞, 𝑞̇)𝑞̇ ∈ 𝑅3×3. 𝐺(𝑞) ∈ 𝑅3×1 refers to the gravitational vector. 

𝜏, 𝜏𝐺𝑏
 and 𝜏𝐺𝑛

represent, respectively, the joint torque, the torque 

produced by the gravitational force of the arms and the torque 

produced by the inertial force. The Jacobian matrix is denoted 

as 𝐽, and its derivative respect to time is given as 𝐽.̇  

𝑚𝑛𝑡 signifies the total mass, which includes the mass of the 

travelling plate, the playload mass and the combined masses of 

the three forearms.  

 

The expression of the torques is given as follows:  

                           𝜏𝐺𝑛
= 𝐽𝑇𝑚𝑛𝑡[0   0 − 𝑔]𝑇                         (3) 

                𝜏𝐺𝑏
= 𝑚𝑏𝑟𝐺𝑏

𝑔[cos 𝑞1  cos 𝑞2   cos 𝑞3]𝑇           (4) 

 

The detailed expressions of 𝐽, 𝐽,̇  𝑚𝑛𝑡 and 𝑟𝐺𝑏
are given in [11]. 

Table I describes the parameters of the robot. 

 

III. CONTROLLER DESIGN 

  The PD controller is proposed in joint space as follows: 

                      𝜏 = 𝑘𝑝0𝑞̃(𝑡) + 𝑘𝑑0𝑞̇̃(𝑡)                           (5) 

In which, 𝑘𝑝0 and 𝑘𝑑0 are constant diagonal matrices. 𝑞(𝑡) and 

𝑞̇(𝑡) are given as follows: 

𝑞̃(𝑡) = 𝑞𝑑(𝑡) − 𝑞𝑘(𝑡) 

𝑞̇̃(𝑡) = 𝑞𝑑̇(𝑡) − 𝑞𝑘̇(𝑡) 

    Where 𝑞𝑑(𝑡) and 𝑞𝑑̇(𝑡) represent the desired joint position 
and the desired joint velocity, respectively. The actual joint 
position and the actual joint velocity are denoted as 𝑞𝑘(𝑡) and 
𝑞𝑘̇(𝑡) respectively.  

    Since conventional PID controllers may not achieve 
satisfactory performance for tasks requiring high precision, 
many studies have applied fractional-order PID controllers to 
improve accuracy and trajectory tracking. In this paper, a 
fractional-order PD controller is implemented on the Delta 
robot. The control law includes three parameters: the 

proportional gain 𝐾𝑝, the derivative gain 𝐾𝑑, and the derivative 

fractional-order 𝜇.  

    By introducing the fractional derivative order, the controller 

can achieve a satisfactory trade-off among the advantages and 

drawbacks of the conventional PD controller, such as enhanced 

stability provided by the derivative term, while mitigating its 

main disadvantage, i.e., high sensitivity to noise. 

 

The continuous differential operator is given by : 

  

                            ;𝑎 𝐷𝑡
𝜇

=
𝑑𝜇

𝑑𝑡𝜇       𝜇 > 0                 

      

Where, 𝜇 ∈ 𝑅 is the operation order. 

 

Grunwald-Letnikov definition is given by : 

;𝑎 𝐷𝑡
𝜇

𝑓(𝑡) =
;𝑎𝑑𝑡

𝜇
𝑓(𝑡)

𝑑𝑡𝜇 = lim
ℎ→0

{
1

ℎ𝜇
∑ (−1)𝑘 (

𝜇
𝑘

) 𝑓(𝑡 − 𝑘ℎ)
𝑡−𝑎

ℎ
𝑘=0 }         

    The fractional-order derivative of the function 𝑓 requires 

knowledge of 𝑓(𝑡) over the interval [a, t], in contrast to the 

integer order which only requires knowledge of 𝑓 near 𝑡. This 

feature leads to the conclusion that fractional-order systems are 

long-memory systems. 

 
    The fractional-order PD controller is expressed as: 

                      𝜏 = 𝑘𝑝𝑞̃(𝑡) + 𝑘𝑑𝐷𝜇𝑞̃(𝑡)                          (8) 

where the torque 𝜏 represents the control signal. 

 

    Fractional-order functions must approximated by integer-

order expressions to be easily handled during software 

implementation. The numerical approximation for fractional 

calculus used in this paper is the Grünwald–Letnikov method, 

based on the Taylor expansion [1] : 

;

(𝑘−
𝐿
ℎ

)
𝐷𝑡𝑘

𝜇
  𝑞̃(𝑡) ≈ ℎ−𝜇 ∑(−1)𝑗 (

𝜇
𝑗 )

𝑘

𝑗=0

𝑞̃(𝑡𝑘−𝑗) 

                                               = ℎ−𝜇 ∑ 𝑐𝑗
(𝜇)

𝑘

𝑗=0
𝑞̃(𝑡𝑘−𝑗)      (9)  

 

In which, 𝑡𝑘 = 𝑘ℎ , h is the sampling period, and L represents 

the memory length, 

 
  The binomial coefficients can be calculated as follows:  

                             𝑐𝑗
(𝜇)

= (1 −
1+𝜇

𝑗
) 𝑐𝑗−1

(𝜇)
                       (10) 

and  𝑐0
(𝜇)

= 1 

    The scheme of the fractional-order PD controller is shown in 
Fig. 2, where IGM illustrates the inverse geometric model and 
𝑥𝑑 denotes the desired trajectory in the operational space. 

Remark 1: The fractional-order PD controller can be widely 

used in industrial applications due to its ease of implementation. 

Remark 2: Unlike the control strategies which require an exact 

mathematical model, the fractional-order PD controller is 

model-free. 

Table. I 

GEOMETRIC AND DYNAMIC PARAMETERS 

Parameters DESCRIPTION Value 

𝐋𝐚 

 

Upper arm length 0.380 m 

𝐋𝐛 Forearm length 0.205 m 

 

𝒎𝐧 

 

𝐦𝐛𝐫 

 

𝐦𝐚𝐛 

 

𝐦𝐜 

 

Traveling plate mass 

 
Upper arm mass 

 

Forearms masses 
 

Elbow mass 

 

0.42 kg 

 
0.098 Kg 

 

0.028 Kg 
 

0.016 Kg 
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Remark 3: The parameters of the fractional-order PD 

controller allow achieving a better trade-off between the 

positive and negative effects of the derivative action. 

 

Fig. 2: Scheme of the proposed controller. 

 

IV. EXPERIMENTAL RESULTS 

    The experimental results obtained by applying the fractional-

order PD control law (8) on the Delta robot of Fig. 1 are 

presented in this section. 

    The robot utilizes brushed DC motors with a belt-driven 

transmission having a ratio of r=12. The operational trajectory 

is executed with a maximum acceleration of 15 m/s2 [23, 24]. 

The data were collected by sampling at 1 kHz, and the control 

algorithms were implemented in C language.  

    The tracking performance evaluation involves the utilization 

of the Maximum Absolute Error (MAE) and Root Mean Square 

Error (RMSE) as criteria. The expressions of these criteria are 

as follows: 

                 𝑅𝑀𝑆𝐸𝑥  = √
1

𝑛
∑ (x𝑖 − x𝑑𝑖

)2
𝑛

𝑖=1
                        (11) 

 

               𝑀𝐴𝐸𝑥 = max (|𝑥𝑖 − 𝑥𝑑𝑖
|)                     (12)                                                                                  

     Where n represents the number of samples, 𝑥𝑑 represents the 

desired trajectory in the operational space and 𝑥𝑖 is the actual 

response in operational space. 

The expression of the RMSE and MAE when considering all 

the three axes is given by: 

 

           𝑅𝑀𝑆𝐸 = √𝑅𝑀𝑆𝐸𝑥
2 + 𝑅𝑀𝑆𝐸𝑦

2 +  𝑅𝑀𝑆𝐸𝑧
2               (13) 

𝑀𝐴𝐸 = max (𝑀𝐴𝐸𝑥 , 𝑀𝐴𝐸𝑦 , 𝑀𝐴𝐸𝑧)                     (14)        

   

The controller gains and fractional-order are selected as 𝑘𝑝 =

𝑑𝑖𝑎𝑔{2.2, 2.2, 2.2},  𝑘𝑑 = 𝑑𝑖𝑎𝑔{0.0145, 0.0145, 0.0145} and 

𝜇 = 1.12. These parameters are obtained using an iterative 

tuning procedure, in which tracking performance is evaluated 

by varying one parameter at a time while holding the others 

constant. The parameter 𝑘𝑝 is maintained at a moderate level to 

highlight the impact of the order 𝜇.  Increasing 𝑘𝑝 results in a 

faster response; however, it may also amplify overshoot, 

particularly when combined with a high 𝜇. 

 
 

 

 

 

 

          

 

 

Fig. 3: The operational trajectory tracking under the fractional-order PD 
controller 

 

           Fig. 4: Experimental tracking error of joint 1. 

 

           Fig. 5: Experimental tracking error of joint 2. 

 
             Fig. 6: Experimental tracking error of joint 3. 

 

             Fig. 7: Control torque of joint 1. 

 

    Fig 3 illustrates the trajectory tracking in the operational 

space under the proposed fractional-order PD controller. 

Figures 4, 5, and 6 depict the tracking error under the proposed 

fractional-order PD and PD controller of joints 1, 2, and 3, 

respectively. The figures point out that the tracking error under 

the fractional-order PD is inferior compared to the error under 

the PD controller. The proposed   controller exhibits an RMS 

error equal to 0.17 mm, which is less than 80.4% of that 

provided by the PD controller. For MAE, the fractional PD 

controller can ensure 0.49 mm, which is less than 80.8% of that 

ensured by the PD controller.  
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    Figures 7, 8, and 9 show the control torque signals under the 

PD and fractional-order PD controller for joints 1, 2, and 3, 

respectively. It is observed that the torque signals have nearly 

the same amplitude and variation. Table II presents the tracking 

performance of both controllers. 

Figs. 10 to 15 represent the tracking errors and control torque 

signals under the fractional-order PD controller for different 

derivative fractional-orders of joints 1, 2, and 3, respectively. It 

can be observed that when μ=0.91, the tracking error is much 

larger compared to  the cases when μ=1.11 or μ=1.21.  The 

RMSE decreases from 0.43 mm at μ=0.91  to 0.17 mm at  

μ=1.11,  and  to  0.11 mm  for μ=1.21.  

Nevertheless, increasing the value of the fractional order μ leads 

to significant oscillations in the control signals, which may 

degrade the tracking performance of the proposed controller. 

Table III outlines the RMSE and MAE of the fractional-order 

PD controller under different fraction orders.  

  
    Fig. 8: Control torque of joint 2. 

 

    Fig. 9: Control torque of joint 3. 

 

Fig. 10: Tracking error for different fractional derivative order of joint 1. 

 

Fig. 11: Tracking error for different fractional derivative order of joint 2. 

 

Fig. 12: Tracking error for different fractional derivative order of joint 3.  

     

Fig. 13: Control torque for different fractional derivative order of joint 1. 

 

Fig. 14: Control torque for different fractional derivative order of joint 2. 

Table. II 

TRACKING PERFORMANCE 

Performance                PD Fractional-order PD 

   RMSE (mm) 
 

            0.87 0.17 

   MAE (mm)             2.56 0.49 

   

 

 
Table. III 

TRACKING PERFORMANCE FOR DIFFERENT FRACTIONAL ORDERS 

Performance 

 

𝜇 = 1.21 

 

𝜇 =  0.91 𝜇 =  1.11 

  RMSE (mm) 
 

  0.11    0.87       0.17 

  MAE (mm)   0.44 

 

   2.56       0.49 
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Fig. 15: Control torque for different fractional derivative order of joint 3. 

V. CONCLUSION 

    In this paper, a model-free fractional-order PD controller is 

applied to a Delta robot to address the trajectory tracking 

problem. To improve the performance of the conventional PD 

controller, a fractional derivative order is introduced. 

Experimental studies on the Delta robot demonstrate the 

effectiveness of the proposed approach. The results show that 

the fractional-order PD controller achieves better tracking 

performance compared to the conventional PD controller, while 

both controllers exhibit similar control torques. It is also found 

that the fractional derivative order μ must be carefully chosen 

to balance tracking accuracy and smoothness of the control 

torque. 
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Impacts of Changes in Climatic Conditions and 
Urbanization on Runoff at City Scale 

Sana Ghezali and Mohamed Amine Boukhemacha 

Abstract−Urbanization and climate change are increasingly recognized as key drivers of hydrological alterations in 

rapidly growing cities. This study assesses their combined and individual impacts on runoff generation in Algiers, Algeria, 

over the period 1992–2016 using the Soil Conservation Service Curve Number (SCS-CN) model. Land cover maps from 

the European Space Agency’s Climate Change Initiative and long-term rainfall records were integrated with hydrological 

soil data to quantify runoff under three scenarios: (i) real conditions combining changes in climatic conditions and 

urbanization, (ii) fixed urban settings isolating climate effects, and (iii) fixed climatic conditions isolating urbanization 

impacts. Findings reveal that during the period 1992-2016, the city experienced an expansion of the impervious surfaces 

(from 19.86% to 41.48%) at the expense of other land covers. Moreover, the results show that although annual 

precipitation remained close to its baseline (608.25 mm·y⁻¹), runoff displayed a continuing upward shift above its baseline 

(70.04 mm·y⁻¹) after the early 2000s. Correlation analysis indicates that precipitation highly affects runoff variability (R² 

= 0.695) compared to urbanization impacts. Nevertheless, under the fixed climate conditions scenario, the 2-fold urban 

area expansion (with an increase of +108.4%) between 1992 and 2016 led to a +11.9% increase in runoff, underscoring 

its structural role in altering hydrological responses. These findings highlight the dual influence of the climatic conditions 

and land-use change on urban runoff dynamics and emphasize the need for integrated planning to enhance flood 

resilience and sustainable water management. 

Keywords− Change in climatic conditions, Runoff, SCS-CN method, Urbanization, Water management. 

 

NOMENCLATURE 

I. INTRODUCTION 

Cities in the Mediterranean region face growing challenges in 

managing water resources due to rapid urban expansion and 

climate change [1]. This dual pressure, where land-use 

transitions and changing rainfall patterns have affected 

hydrological responses. Rapid urban development changes land 

cover by replacing vegetation and permeable soils with 

impervious surfaces such as roads, rooftops, and pavements. 

This transformation disrupts the hydrological cycle by 

increasing surface runoff, modifying infiltration and 

groundwater recharge, and affecting evapotranspiration and 

water quality [2], [3], [4]. Consequently, the expansion of 

impervious areas and loss of vegetation significantly heighten 

flood risks [5].  

In parallel, climate change amplifies these pressures through its 

direct influence on precipitation regimes. Shifts in rainfall 

intensity, duration, and frequency can intensify hydrological 

cycle response [6], particularly surface runoff [7], [8], 

producing both more severe floods and longer droughts. [9]. 

Several hydrological models were employed to assess runoff 

and study how changes in precipitation regimes and expansion 

of impervious surfaces affect surface runoff response, including 

SWAT [10], [11], [12], HEC-HMS [13], [14] and PRMS [15], 

[16]. Among these, the Soil Conservation Service Curve 

Number (SCS-CN) method has emerged as one of the most 

widely applied empirical models for runoff estimation, due to 

its relative simplicity, modest data requirements, and proven 

applicability across diverse climatic and land use contexts [17], 

[18], [19]. It has been extensively used to assess hydrological 

impacts of land-use change and climate variability in both 

urban and rural watersheds [20], [21]. 

Despite growing attention to the individual effects of climatic 

conditions and urbanization on runoff, relatively few studies 

have explicitly addressed their combined impacts over 

extended time periods. Understanding how these factors 

interact is essential for regions experiencing rapid urban 

expansion while simultaneously facing climate pressures. This 

study addresses this gap by investigating the long-term (1992–

2016) runoff response of Algiers, a rapidly urbanizing 

Mediterranean city, under the impact of climate change and 

urbanization. Therefore, this study aims to identify the relative 

roles of precipitation variability and urban expansion 

(combined and isolated) in affecting runoff dynamics using the 

SCS-CN method.  

II.   STUDY ZONE 

The study area is Algiers, the capital of Algeria, located on the 

Mediterranean coast of North Africa between 36°34′–36°49′N 

SCS-CN Soil Conservation Service–Curve Number. 

SWAT Soil and Water Assessment Tool. 

HEC-

HMS   

Hydrologic Engineering Center’s Hydrologic 

Modeling System. 

PRMS Precipitation-streamflow modeling system. 

CN Curve number. 

AMC Antecedent moisture conditions. 

CCI-LC Climate Change Initiative Land Cover. 

LULC Land use and land cover. 

HSG Hydrological soil group. 
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latitude and 2°48′–3°23′E longitude (Fig.1). Based on the 

Köppen climate classification [22], the city experiences a 

Mediterranean climate, with an average annual temperature of 

18 °C and mean precipitation of about 600 mm, most of which 

occurs during winter. Algiers covers a total area of 774 km², of 

which 44.1% was classified as urban land in 2020 [23]. The city 

has undergone rapid demographic growth, with its population 

increasing from 1.6 million in 1987 to 2.6 million in 1998, and 

surpassing 3 million by 2008 [24]. 

 
Fig. 1: Study zone location, land use map for 2022 [25] and rain gauge 

location 

III. DATA AND METHODS 

To better understand and evaluate how runoff responds to the  

impacts of climate change and urban development, this study 

applied the Soil Conservation Service–Curve Number (SCS-

CN) model [26]. This method establishes a quantitative 

relationship between rainfall, land cover, soil type, and 

antecedent moisture conditions, therefore enabling reliable 

estimation of direct runoff. It is given by “(1)”. 

 

𝑄 = max (0,
(𝑃−𝐼𝑎)

2

(𝑃−𝐼𝑎)+𝑆
)   ∧   𝐼𝑎 = 𝜆𝑆   

 ∧   𝑆 =
25400

CN
− 254 

(1) 

where P [mm/day] denotes the precipitation, Ia [mm/day] refers 

to the initial abstraction, representing the portion of rainfall lost 

before the onset of runoff through processes such as vegetation 

interception, evaporation, depression storage, and initial 

infiltration. Q [mm/day] indicates the direct runoff. The 

parameter λ is a dimensionless coefficient typically set to 0.2, 

and S [mm/day] represents the potential maximum retention. 

The curve number (CN) is a dimensionless index that reflects 

the combined influence of soil type (Fig.2), land use/land cover, 

and hydrological conditions. CN values also vary according to 

antecedent moisture conditions (AMC), which are determined 

by the cumulative rainfall over the preceding five days. Three 

AMC classes are defined: AMC I (dry), AMC II (average), and 

AMC III (wet), as summarized in Table I. 

 

 

 

 

Table. I 

ANTECEDENT MOISTURE CONDITIONS CLASSIFICATION [26] 

Class Condition description Total 5 days of antecedent 

rainfall 

  Dormant 

season 

Growing 

season  

AMC I Dry condition  < 13 mm < 36 mm 

AMC II Average condition 13 to 28 mm 36 to 53 mm 

AMC III Almost completely 

wet situation 

> 28 mm 53 mm 

In this study, two datasets were integrated to generate yearly 

CN2 maps (corresponding to AMC II) for the period 1992–

2016. The first dataset consisted of land cover maps derived 

from the European Space Agency’s Climate Change Initiative 

Land Cover (CCI-LC) product [25]. With a spatial resolution 

of 300 m, the CCI-LC dataset offers a yearly consistent global 

coverage and is particularly suitable for long-term land use and 

land cover assessments. For this analysis, the original land 

cover classes were reclassified into six categories relevant to 

hydrological modeling: built-up land, agricultural land, forest 

cover, grassland, water bodies, and bare land (Fig.3). This 

reclassification enabled the detection of urban expansion and 

land use transitions over time, thereby facilitating the 

assessment of their effects on runoff dynamics in combination 

with climate variability. The second dataset was a hydrological 

soil group (HSG) map derived from the soil map (Fig.2). Based 

on these inputs, CN2 values were produced and subsequently 

used to compute and map CN1 (AMC I) and CN3 (AMC III) 

through equations “(2)” and “(3)”, respectively producing daily 

CN maps over the studied period. 

 

CN1 =
CN2

2.281 − 0.01281 × CN2
 

 

(2) 

 

CN3 =
CN2

0.427 + 0.00573 × CN2
 

(3) 

 

In addition to land cover and soil data, meteorological inputs 

were incorporated into the analysis. Daily precipitation records 

were obtained from the Dar El-Beida rain gauge, situated within 

the study area (Fig.1) and managed by the National Water 

Resources Agency. The precipitation record used covers the 

period 1992–2016 and served as the primary climatic input for 

the quantitative estimation of runoff. 

 

 
Fig. 2: Soil map of Algiers based on data from [27] 
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To investigate the potential impacts of changes in climatic 

conditions and urban development on runoff generation, three 

analytical scenarios were designed: 

• Scenario 1: Combined effect (real system analysis). This 

scenario integrates both changes in climatic conditions 

and urbanization effects simultaneously, thereby 

representing the actual evolution of the system and 

allowing an evaluation of runoff response (Q) under real-

world conditions. 

• Scenario 2: Climate-only conditions (fixed urban 

extent). In order to isolate the role of climatic variability, 

LULC was held constant at its 1992 state, while only 

precipitation and climatic conditions were allowed to 

vary. This provides insights into the impact of the change 

in climatic conditions independently of urban expansion. 

• Scenario 3: Urbanization-only settings (fixed climate 

conditions). Conversely, to assess the influence of urban 

development, climate conditions were fixed to those of 

the baseline year 1992, while urban expansion was 

allowed to vary. This isolates the hydrological impacts 

of urban growth from those of the climatic conditions. 

IV. RESULTS AND DISCUSSION 

The present study investigates the impacts of changes in 

climatic conditions and urbanization on runoff (combined and 

separated) at the city scale during the period 1992-2016. The 

analysis will be presented first in terms of urban development. 

(examining the spatiotemporal of land use and land cover 

(LULC) changes and patterns in the areas across the period 

1992-2016), while the second analysis relies on the assessment 

of the precipitation variability during the same period. And 

finally, the evaluation of runoff quantity and response under 

three scenarios: (1) the combined effect of urbanization and 

changes in climatic conditions, (2) climate-only conditions, and 

(3) urbanization-only settings. 

A. LULC spatiotemporal analysis 

The spatiotemporal assessment of LULC between 1992 and 

2016 (Fig.3-4) highlights pronounced urban expansion across 

the study area. Built-up areas more than doubled, rising from 

19.86% to 41.48%, which corresponds to an average annual 

growth rate of +0.9%. Agricultural land exhibited the most 

significant decline, decreasing from 57.32% to 43.53% at a rate 

of –0.57% per year, indicating a substantial conversion of 

fertile land into urban surfaces. Grassland showed only a 

marginal reduction, decreasing from 1.11% to 0.5% (–0.03% 

annually). In contrast, forest cover registered a slight but steady 

gain, increasing from 8.66% to 9.77% (0.05% annually), which 

may reflect localized reforestation or conservation initiatives. 

Bare land, however, demonstrated considerable changes, 

dropping from 11.61% to 3.64% over the study period (-0.33% 

annually), possibly due to urban occupation or conversion into 

other land uses. Water bodies also declined slightly, from 

1.44% to 1.08%.  

 
Fig. 3: LULC spatiotemporal evolution in Algiers during 1992-2022 

Overall, the observed expansion of built-up areas has come 

largely at the expense of other vegetated classes, underscoring 

the intensity of urban growth and its transformative effect on 

the city fabric. This urban development results in increased 

pressure on natural resources (e.g., water), while also impacting 

the natural hydrological cycle by altering infiltration, 

groundwater recharge, and surface runoff, and elevating flood 

risks [28], [29], [30], [31], [23]. 

 
Fig. 4: Trend of LULC changes during 1992-2016. 

B. Temporal variability of precipitation and runoff at the 

city scale 

The precipitation regime during the studied period reflects a 

temporal variability (Fig. 5) closely oscillating around the long-

term baseline (1992-2016) of 608.25 mm·y⁻¹. Moreover, the 

long-term polynomial trend remains nearly flat, with values 

during the mid-2000s that slightly exceed this baseline. 

 
Fig. 5 precipitation variability and runoff patterns under real system scenario 

for Algiers during the period 1992-2016. 
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On the other hand, the runoff trend under the combined effects 

of changes in climatic conditions and urbanization (Fig. 5) 

exhibits more pronounced variability compared to the long-

term baseline (1992-2016) runoff of 70.04 mm·y⁻¹. During the 

1990s, the trend generally remained below the multiannual 

average. However, from the mid-2000s, the runoff values show 

an upward trajectory, gradually surpassing the long-term 

baseline. These findings suggest that climate variability 

(precipitation patterns) modulated the timing of peaks, but the 

continuing elevation of runoff, even during years of near-

average precipitation, points to runoff response to urbanization, 

where the urban area increased. Similar findings were reported 

in other urban cities such as Bengaluru, known as the Silicone 

city of India [32], Robe town, Ethiopia [33], Beijing-Tianjin-

Hebei, China [34]. 

A.  Impacts of urbanization and changes in climatic 

conditions 

To identify the dominant factor influencing runoff variability, 

a comparative analysis was performed under the real system 

scenario, examining the relationships of runoff with both 

precipitation and the proportion of urbanized area (Fig.6). The 

results demonstrate a strong linear relationship between 

precipitation and runoff (R² = 0.695), indicating that 

approximately 23.8% of rainfall was transformed into runoff 

during the period 1992–2016. In contrast, the correlation 

between runoff and urban area percentage was weak (R² = 

0.023), suggesting that precipitation exerted far greater control 

on runoff dynamics than urban expansion. This highlights that, 

during the studied period, climate variability (particularly 

rainfall fluctuations) was the primary driver of runoff changes 

in the city. 

 
Fig. 6: Correlation between runoff under real system scenario and (a) the 

percentage of the urban area and (b) the precipitation. 

The runoff response under urbanization-only effects (fixed 

climate conditions) demonstrates a gradual increase relative to 

the 1992 reference year (Fig.7). From 1992 to around 2000, the 

increase remained modest, reflecting the relatively slow rate of 

urban expansion during this period. However, beginning in the 

early 2000s, the urban-induced runoff effects became more 

pronounced, with a steady rise observed until 2016. This period 

coincides with accelerated urban growth in Algiers, which 

expanded impervious surfaces such as roads and buildings (this 

aspect was also reported by [35]), resulting in enhanced surface 

runoff. During 1992-2016, the urban area, with respect to 1992, 

expanded by +108.4%, which resulted in a +11.9% increase in 

runoff in 2016. Importantly, this effect persists regardless of 

precipitation variability, underscoring the structural 

modification of the city’s capacity to regulate runoff. A similar 

trend was reported by [36], where a 10% increase in impervious 

surfaces resulted in a 12% rise in runoff. 

 
Fig. 7: Relative change (with respect to the year 1992) in precipitation, the 

urban area percentages and the runoff under a fixed climatic conditions 

scenario. 

On the other hand, when only climatic influences are 

considered (with fixed urbanization settings at 1992 constants), 

runoff exhibits pronounced interannual variability that closely 

follows precipitation patterns (Fig.8). Relative change in 

precipitation fluctuates between –62.83% in 2000 and +6.55% 

in 1999, while relative change in the produced runoff ranges 

from –85.90% in 2000 to +19.63% in 2007. These findings 

highlight the hydrological system's (particularly runoff) 

heightened sensitivity to rainfall variability. This aspect was 

reported in recent studies [37], [38], [39], [40]. 

 

 
Fig. 8: Relative change (with respect to the year 1992) in precipitation, the 

urban area percentages and the runoff under a fixed urban settings scenario. 

In terms of limitations, the following points summarize the 

main constraints of this study. 

• This study used precipitation data from the Dar El-

Beida station which offers the only long, daily, 

continuous, and quality-controlled rainfall record. 

However, it may not fully represent spatial rainfall 

variability across Algiers. 

• The absence of continuous discharge records limited 

the ability to validate simulated runoff directly. 

• The study relied on the CCI–LC products with a 

validated accuracy (approximately 75% globally, as 

reported by ESA [41]) and applied a standardized 

reclassification approach. This reclassification could 

not be verified against ground observations due to the 

lack of local survey data. 

R² = 0.023

0

300

600

900

1200

0% 10% 20% 30% 40% 50%

R
u

n
o

ff
 Q

 [
m

m
/y

]

Urban area [%]

(a)

Q vs. % urban area

Linear (Q vs. % urban area)

R² = 0.695

0

300

600

900

1200

0 300 600 900

R
u

n
o

ff
 Q

 [
m

m
/y

]

Precipitation P[mm/year]

(b)

Q vs. P

Linear (Q vs. P)



16                                                                                                                                    Ghezali et al.: Impacts of Changes in . . . 

 

 

V. CONCLUSION 

This study investigated the combined and individual impacts of 

changes in climatic conditions and urbanization on runoff 

generation in Algiers from 1992 to 2016, using the SCS-CN 

method. The spatiotemporal analysis of LULC during the 

period 1992-2016 indicates an increase in built-up areas from 

19.86% to 41.48%, corresponding to an annual growth rate of 

+0.9%. This urban development was at the expense of other 

land cover, particularly the agricultural land (reduced from 

57.32% to 43.53% at a yearly rate of –0.57%), leading to 

intensifying pressure on natural resources, altering hydrological 

cycles, and contributing to environmental degradation. The 

findings also reveal that precipitation is the dominant driver of 

interannual runoff variability, as reflected in the strong 

correlation (R² = 0.695) between rainfall and runoff, indicating 

that 23.8% of precipitation contributes to runoff during the 

study period. Nevertheless, the continuing upward shift in 

runoff relative to the long-term baseline, even during periods of 

near-average precipitation, highlights the role of urban 

expansion in structurally influencing the city’s hydrological 

response. By 2016, urban areas had increased by +108.4% 

relative to 1992, resulting in an estimated +11.9% rise in runoff 

under urbanization-only conditions. The results also underscore 

that changes in climatic conditions amplify short-term 

fluctuations in runoff through influences on rainfall intensity, 

while urbanization contributes to a permanent change in the 

runoff regime by modifying infiltration and enhancing surface 

flows. Together, these drivers not only increase annual runoff 

but also elevate the risks of flooding and impact groundwater 

recharge, thereby intensifying pressure on urban water 

management systems. 

Overall, this study indirectly demonstrates the importance of 

integrating land-use planning and climate adaptation strategies 

to mitigate hydrological risks in rapidly urbanizing 

Mediterranean cities. The methodology and findings provide a 

transferable framework for other regions facing similar 

challenges of balancing urban growth with climate adaptation. 

Future research should aim to couple SCS-CN modeling with 

advanced climate projections and nature-based solutions (such 

as green infrastructure to enhance infiltration and reduce 

runoff) to further explore pathways for sustainable water 

management. 
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Food Freshness Evaluation Using a CLIP-Based
Architecture

Md. Siam Ansary, Amina Brinto, and Shaila Sajnin Keya

Abstract—In this work, we present an efficient deep learning framework for automated fresh and stale food classification
using transfer learning with a pretrained CLIP-based feature extractor. The proposed system employs frozen vision
transformer (ViT) embeddings from CLIP as generalized visual descriptors and integrates them with a lightweight multi-
layer perceptron (MLP) classifier for binary classification. To enhance generalization, extensive data augmentation and
stratified dataset partitioning were applied to the publicly available Fresh and Stale Classification dataset. Experimental
results reveal a consistent improvement across ten training epochs, achieving a final test accuracy of 97.99%, F1-score
of 0.9808, and ROC–AUC of 0.9985. The proposed model demonstrates excellent discriminative performance, robust
convergence, and strong generalization capabilities while maintaining computational efficiency. These results confirm
the suitability of CLIP-based visual representations for high-accuracy food quality assessment and real-time freshness
detection applications.

Keywords—image classification, clip, food freshness, health.

NOMENCLATURE

CLIP Contrastive Language-Image Pre-training.
MLP Multilayer perceptron.
ViT Vision Transformers.
CNN Convolutional Neural Network.
ACC Accuracy.
P Precision.
R Recall.
F1 F1-score.
SP Specificity.
ROC Receiver Operating Characteristic.
AUC Area under the curve.
MCC Matthews Correlation Coefficient.
CUDA Compute Unified Device Architecture.
GPU Graphics Processing Unit.

I. INTRODUCTION

Food quality assessment plays a critical role in ensuring con-
sumer safety, reducing waste, and maintaining supply-chain
efficiency. Traditional approaches for freshness detection rely
heavily on manual inspection or sensor-based measurements,
which are time-consuming, labor-intensive, and prone to hu-
man error. Recent advancements in deep learning and com-
puter vision have enabled automated food-quality recognition
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by leveraging large-scale image datasets and pretrained models.
However, many existing solutions depend on fine-tuning deep
convolutional networks, which require significant computational
resources and domain-specific data.

To address these limitations, this study proposes a transfer-
learning–based classification framework that integrates pre-
trained CLIP (Contrastive Language–Image Pretraining) em-
beddings with a lightweight Multi-Layer Perceptron (MLP)
classifier. CLIP’s vision transformer (ViT-B/16) backbone was
employed as a fixed feature extractor to capture rich semantic
and textural representations from images of food items. The
extracted features were subsequently classified using a compact,
fully connected MLP network. This approach reduces training
cost while maintaining high discriminative performance.

The proposed model was evaluated on the publicly available
Fresh and Stale Classification dataset from Kaggle. The data
were divided into training, validation, and test subsets using strat-
ified sampling to maintain class balance. The system achieved
outstanding accuracy and F1-score, demonstrating the effective-
ness of pretrained transformer features for specialized classi-
fication tasks. The major contributions of this research are as
follows:

1. Development of a CLIP-based feature extraction frame-
work for food freshness classification without end-to-end
fine-tuning.

2. Implementation of a lightweight MLP classifier optimized
for fast convergence and minimal computational overhead.

3. Comprehensive evaluation using multiple performance
metrics including accuracy, precision, recall, F1-score,
ROC–AUC, and Matthews correlation coefficient.

4. Empirical validation showing that frozen CLIP embed-
dings can achieve near state-of-the-art results on a small-
scale, domain-specific dataset.
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The experimental findings highlight that transfer learning using
CLIP-derived representations provides a powerful and efficient
pathway for food-quality classification, opening avenues for
deployment in industrial inspection systems, automated retail
environments, and mobile consumer applications.

II. LITERATURE REVIEW

Yuan et al. [1] worked on vegetable and fruit freshness detection
using deep visual features. They extracted CNN-based represen-
tations from RGB images and trained a classifier that achieved
high recognition accuracy for freshness identification across
multiple produce categories.

Gao et al. [2] developed a food image classification model
utilizing a Vision Transformer (ViT) with extensive data and fea-
ture augmentation. Their framework significantly outperformed
conventional CNN architectures, showing higher precision on
benchmark food datasets.

Jo et al. [3] conducted research on fresh meat quality assess-
ment through hyperspectral imaging (HSI). By integrating spa-
tial–spectral CNNs, they predicted physicochemical properties
related to meat freshness and demonstrated substantial gains
over RGB-only models.

Choi et al. [4] proposed a hybrid model combining hyperspectral
imaging and chemometric analysis for predicting pork freshness.
The model accurately estimated total volatile basic nitrogen
(TVB-N) values and sensory freshness scores, confirming the
potential of HSI for non-destructive freshness assessment.

Lun et al. [5] presented a comprehensive review of deep learn-
ing–enhanced spectroscopic technologies for food quality anal-
ysis. Their study emphasized the synergy between deep neural
networks and spectral sensing methods in evaluating ripeness,
adulteration, and spoilage.

Sonwani et al. [6] worked on an integrated food spoilage moni-
toring system employing multiple sensors and machine learning
algorithms. The framework successfully detected early spoilage
signs under real-world conditions by analyzing volatile gas emis-
sions and environmental parameters.

Shu et al. [7] investigated fruit freshness classification using a
ResNet-101 backbone enhanced with non-local attention mech-
anisms. Their model achieved superior recall and F1-score on
fruit datasets with varying freshness levels, proving the effec-
tiveness of attention-based CNNs.

Nikzadfar et al. [8] reviewed hyperspectral imaging and artifi-
cial intelligence integration for food quality and safety. They
analyzed recent methods that combine spatial–spectral data with
deep learning architectures for rapid and non-invasive freshness
detection.

Gatti et al. [9] applied CLIP-based transfer learning for visual
verification in food packaging. They extracted frozen CLIP
embeddings and trained lightweight classifiers to detect mis-
matches in food order packaging, achieving high accuracy in
industrial inspection environments.

Mehdizadeh et al. [10] explored AI-driven, non-destructive de-
tection of meat freshness using spectral sensors. Their model

correlated deep-learning predictions with chemical indicators of
spoilage, reaching ROC–AUC scores above 0.95.

Varga et al. [11] investigated fruit ripeness estimation using hy-
perspectral imaging combined with deep learning. They applied
convolutional neural networks to predict ripeness stages with
strong generalization across different fruit types.

Anwar et al. [12] conducted a review on food quality assessment
using machine learning and sensors. Their study concluded that
sensor fusion, combining electronic nose, imaging, and spectral
data, enhances reliability in freshness classification.

Radford et al. [13] introduced CLIP (Contrastive Lan-
guage–Image Pretraining), which enabled large-scale vi-
sual–language representation learning. Their model set a foun-
dation for zero-shot transfer learning, later utilized for various
food classification tasks.

Dosovitskiy et al. [14] developed the Vision Transformer (ViT)
architecture that processes image patches through self-attention
mechanisms. ViT demonstrated superior performance on image
classification benchmarks and influenced modern food-vision
approaches.

Bossard et al. [15] proposed the Food-101 dataset and baseline
CNN models for food category classification. This dataset has
since been widely used for evaluating and fine-tuning deep food
recognition systems.

Ghosh et al. [16] presented NoisyViT, a robust vision trans-
former framework for food image recognition under noisy envi-
ronments. Their approach enhanced classification stability and
improved performance on low-quality food imagery.

Liu et al. [17] conducted a comprehensive review on deep learn-
ing in food image recognition. They discussed CNNs, transform-
ers, and multimodal architectures, highlighting recent advances
and challenges in large-scale food datasets.

III. IMPLEMENTATION METHODOLOGY

The implementation pipeline was designed to systematically
train, validate, and evaluate a deep learning model for binary
image classification between fresh and stale food samples. The
overall workflow comprises six major stages: dataset prepara-
tion, preprocessing and augmentation, model architecture de-
sign, feature extraction, classifier training, and evaluation. Each
component was implemented in Python using PyTorch and the
timm vision library, executed in Google Colab with GPU accel-
eration.

A. Dataset Preparation

The “Fresh and Stale Classification” dataset from Kaggle
was used for experimentation. The dataset consists of im-
ages categorized into two classes: fresh and stale. Images
were organized into a directory structure compatible with
torchvision.datasets.ImageFolder, enabling automatic
label assignment based on folder names. The dataset was split
into 80% training, 10% validation, and 10% testing subsets us-
ing Stratified Shuffle Split to preserve class distribution across
all splits.



20 Ansary et al.: Food Freshness Detection using CLIP

B. Data Preprocessing and Augmentation

To ensure robust feature learning and to prevent overfitting,
distinct preprocessing pipelines were defined for training and
validation phases using the torchvision.transforms mod-
ule. Training transformations included random resized cropping,
horizontal flipping, and color jittering to introduce variabil-
ity in scale, orientation, and illumination. Validation and test
transformations involved only resizing and center cropping for
consistency. All images were normalized using the standard
ImageNet mean and standard deviation values to align with the
normalization of pretrained networks.

C. Feature Extraction Using Pretrained Backbone

To leverage transfer learning, a pretrained feature extractor was
employed rather than training an entire convolutional network
from scratch. The Vision Transformer (ViT-B/16) variant of
CLIP (vit_base_patch16_clip_224.openai) was loaded
using the timm library. The model’s classification head was
removed by setting num_classes=0, allowing it to output high-
dimensional feature embeddings through global average pooling.
These embeddings capture semantic information from the input
images without fine-tuning the pretrained parameters, ensuring
computational efficiency and reducing overfitting risk.

D. Classifier Architecture

On top of the extracted visual embeddings, a lightweight Multi-
Layer Perceptron (MLP) classifier was implemented to perform
the final binary classification. The MLP architecture consisted
of:

• A fully connected layer projecting concatenated feature
vectors to a hidden dimension of 512

• Batch Normalization and ReLU activation to stabilize and
accelerate convergence

• Dropout (0.5) for regularization

• A final linear layer mapping to two output neurons repre-
senting the two classes (fresh and stale)

The classifier was optimized independently, while the feature
extractor remained frozen during training.

E. Model Training

The classifier was trained using the Adam optimizer with a
learning rate of 0.001 and Cross-Entropy Loss as the objec-
tive function. The training process spanned 10 epochs with a
batch size of 32. During each iteration, images were forwarded
through the frozen feature extractor to generate embeddings,
which were then input to the MLP for classification. The opti-
mizer updated only the classifier parameters based on computed
gradients.

To ensure reproducibility, all random seeds were fixed across
Python, NumPy, and PyTorch modules. The device configura-
tion automatically selected GPU (cuda) if available; otherwise,
computation defaulted to CPU.

F. Model Evaluation

Performance was assessed on the held-out test set using several
evaluation metrics:

• ACC: overall prediction correctness

• P and R: to quantify class-wise reliability and complete-
ness

• F1: harmonic mean of precision and recall

• SP: ability to correctly identify fresh samples

• ROC–AUC: area under the Receiver Operating Character-
istic curve

• MCC: balanced performance metric even for class-
imbalanced data

G. Implementation Environment

All experiments were conducted on Google Colab with an
NVIDIA GPU runtime. The implementation utilized the fol-
lowing key Python packages: torch, torchvision, timm,
scikit-learn, numpy, and PIL. The entire workflow was ex-
ecuted under Python 3.10. The source code was designed for
reproducibility, portability, and clarity to facilitate further exten-
sions or integration with other pretrained architectures.

IV. EVALUATED RESULTS

The proposed model was evaluated on the “Fresh and Stale
Classification” dataset using an 80–10–10 split for training,
validation, and testing, respectively. Table I summarizes the
epoch-wise performance across ten training epochs, reporting
loss, accuracy, and F1-score for both training and validation
phases.

As shown in Table I, the training and validation losses consis-
tently decreased across epochs, demonstrating stable conver-
gence and effective learning. Validation accuracy improved
from 95.33% in the first epoch to a peak of 98.52% at epoch
9, while the corresponding F1-score reached 0.9859, indicating
strong generalization capability. The marginal difference be-
tween training and validation metrics suggests that overfitting
was well controlled due to appropriate regularization and data
augmentation.

After completing ten epochs of training, the best-performing
model was tested on the held-out test set. The comprehensive
evaluation results are presented in Table II.

The high ROC–AUC score (0.9985) and F1-score (0.9808) indi-
cate that the model is capable of distinguishing between fresh
and stale samples with remarkable precision.

Moreover, the Matthews correlation coefficient (0.9601) reflects
strong agreement between the predicted and actual classes, even
under potential class imbalance.
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Table. I
EPOCH-WISE PERFORMANCE OF THE PROPOSED MODEL

Epoch Train Loss Val Loss Train Acc Val Acc Train F1 Val F1
1 0.2455 0.1124 0.8954 0.9533 0.9009 0.9542
2 0.1993 0.0718 0.9175 0.9738 0.9219 0.9749
3 0.1841 0.0606 0.9232 0.9795 0.9273 0.9805
4 0.1714 0.0651 0.9313 0.9742 0.9351 0.9759
5 0.1651 0.0590 0.9344 0.9764 0.9380 0.9774
6 0.1560 0.0499 0.9353 0.9852 0.9387 0.9860
7 0.1566 0.0590 0.9370 0.9772 0.9404 0.9782
8 0.1510 0.0514 0.9393 0.9810 0.9425 0.9819
9 0.1419 0.0438 0.9435 0.9852 0.9466 0.9859

10 0.1423 0.0469 0.9432 0.9821 0.9463 0.9830

Table. II
FINAL TEST METRICS OF THE PROPOSED MODEL

Metric Value
Accuracy 0.9799
Precision 0.9948
Recall (Sensitivity) 0.9671
Specificity 0.9943
F1-score 0.9808
ROC–AUC Score 0.9985
Matthews Correlation Coefficient 0.9601

curve.png

Fig. 1: Receiver Operating Characteristic (ROC) curve on the
test set.

V. RESULT ANALYSIS

The experimental findings demonstrate that the proposed CLIP-
based feature extraction combined with a lightweight multi-layer
perceptron classifier achieved highly promising results on the
Fresh and Stale Classification dataset. Throughout ten train-
ing epochs, both the training and validation metrics exhibited a
consistent upward trend, confirming the model’s stability and
strong convergence behavior. The validation accuracy improved
steadily from 95.33% in the first epoch to 98.52% by the ninth
epoch, while the corresponding validation F1-score reached
0.9859, signifying excellent class-wise balance between preci-
sion and recall. The simultaneous decline in training and vali-
dation losses indicates that the model successfully minimized
overfitting while learning meaningful representations from the
data.

The final test evaluation further reinforces the model’s robust-
ness. With an overall accuracy of 97.99%, precision of 99.48%,
and recall of 96.71%, the classifier proved highly reliable in
identifying both fresh and stale samples. The ROC–AUC score
of 0.9985 demonstrates outstanding discriminative capability,
nearly reaching perfect separation between the two categories.
Additionally, the Matthews correlation coefficient (0.9601) con-
firms a very strong correlation between predicted and actual
labels, even in the presence of potential class imbalance.

A closer examination of the confusion matrix reveals that
out of 2,634 test samples, only 53 misclassifications oc-
curred—comprising 7 false positives and 46 false nega-
tives—which corresponds to an error rate below 2%. This
highlights the model’s exceptional generalization ability and
reliability in practical applications.

The observed results clearly validate the effectiveness of lever-
aging pretrained visual transformers (CLIP) as frozen feature
extractors for domain-specific image classification tasks. By
utilizing generalized visual embeddings learned from large-
scale datasets, the model successfully transferred high-level
semantic knowledge to a specialized food-quality classification
problem. Furthermore, the lightweight MLP classifier ensured
computational efficiency without sacrificing performance, mak-
ing the proposed pipeline well-suited for real-time or resource-
constrained environments.

In summary, the performance metrics collectively demonstrate
that the proposed approach achieved state-of-the-art accuracy
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and robustness, confirming its potential as an efficient and scal-
able solution for automated freshness assessment. The strong
balance across precision, recall, and F1-score also reflects the
model’s ability to make reliable decisions across both classes,
ensuring practical viability for industrial and consumer applica-
tions.

VI. FUTURE WORKS

Although the proposed system achieved remarkable accuracy
and robustness, several directions remain for future research.
First, further improvements could be attained through multi-
modal integration, combining visual embeddings with chemical
or spectral sensor data to enhance freshness prediction accuracy.
Additionally, incorporating temporal analysis using video-based
or time-series models may help capture gradual degradation
patterns in perishable items.

Exploring fine-tuning strategies on domain-specific subsets of
CLIP or other large vision–language models could improve
adaptability to diverse food types. Moreover, implementing
model quantization and pruning would facilitate deployment
on low-power edge devices such as smartphones or embedded
inspection systems. Finally, the system can be extended to multi-
class scenarios to provide more granular insights for food safety
monitoring and shelf-life prediction.

VII. CONCLUSION

This study introduced a novel and efficient approach for fresh
and stale image classification using transfer learning with pre-
trained CLIP visual embeddings and a simple yet effective MLP
classifier. The experimental results demonstrated consistent
performance improvements throughout training, achieving a fi-
nal accuracy of 97.99%, F1-score of 0.9808, and ROC–AUC
of 0.9985 on the test dataset. The results confirm that pre-
trained transformer-based visual representations can generalize
remarkably well to food-quality inspection tasks with minimal
fine-tuning requirements.

The proposed model’s high precision, recall, and robustness
make it a viable candidate for practical real-world deployment
in automated inspection, packaging, and food-safety assurance
systems. In conclusion, this work underscores the potential of
CLIP-based transfer learning to bridge the gap between large-
scale vision-language models and domain-specific classification
problems, providing a foundation for future innovations in intel-
ligent food-quality monitoring.
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Minimal Distortion Principle versus Back
Projection for Independent Vector Analysis

Soufiane Tebache, Adel Belouchrani, Lynda Berrah and Nacira Mendjel

Abstract—This paper deals with the scaling ambiguity issue in blind convolutive source separation when performed
in the frequency domain. It discusses the relationship between two major techniques, mainly the Minimal Distortion
Principle and the Back Projection, that allow to overcome the aforementioned indeterminacy. The Minimal Distortion
Principle minimizes the mean square difference between the separated sources and the sensor signals, while the back
projection recovers the sensor-observed amplitudes of each estimated source signal. Herein, we prove that the Minimal
Distortion Principle is a particular solution of the Back Projection. Another contribution of this paper consists of
exploiting one of the most beneficial outcomes of the Back Projection, that is spatial diversity. Our proposed approach
applies Single Input Multiple Output deconvolution to the outputs of the back projected source signals, after their
estimation by the Independent Vector Analysis algorithm. This method has the advantage of improving the estimation
accuracy and removing the channel effect. Experimental results show the effectiveness of our proposal with respect to
both the Minimum Distortion Principle and the conventional Back Projection solution.

Keywords—Back projection, Minimal Distortion Principle, Independent Vector Analysis, SIMO Deconvolution.

I. INTRODUCTION

Blind Source Separation (BSS) is a powerful tool for separating
mixtures of sources from a set of sensors, where neither the
source signals nor the mixing parameters are known. This prob-
lem leads to two types of indeterminacy: permutation and scal-
ing. When dealing with wide-band propagation, as in the speech
signal case, one faces the problem of convolutive mixtures. Ex-
isting solutions in the time domain lead to complex and time-
consuming computations. Efficient methods solve the underling
problem in the time-frequency domain using the Short-Time
Fourier Transform (STFT). The latter transforms the convolutive
BSS problem into several independent BSS problems with in-
stantaneous models, which can be solved using well-established
instantaneous BSS algorithms at each frequency bin. However,
the estimated source signals in each frequency bin have arbitrary
permutations and scaling that significantly affect the separation
performance. Various post-processing [1, 2] can be used to ad-
dress permutation ambiguity, but this increases computational
cost. A more elegant solution is Independent Vector Analysis
(IVA) [3], which uses the entire frequency spectrum as input,
instead of considering each frequency bin as an independent
BSS problem, to overcome the permutation ambiguity.

However, the scaling ambiguity remains and is equivalent to an
arbitrary filter of the source signals in the case of the aforemen-
tioned approach. The Minimum Distortion Principle (MDP) [9]
is a well-known method for dealing with such ambiguity, it se-
lects the separators that minimizes the mean square difference
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between the separated source signals and the sensor signals. An-
other technique, called Back Projection (BP) [16], can recover
the sources after separation to their sensor-observed amplitudes.

In this paper, we discuss the relationship between Minimal Dis-
tortion Principle (MDP) and Back Projection and prove that
the MDP is a particular solution of the Back Projection. We
observe that the Back Projection actually provides spatial di-
versity, which has not been exploited yet in the literature. Our
second contribution consists of using Single Input Multiple Out-
put (SIMO) deconvolution after separation. This is performed
through IVA for each output signal in order to take advantage
of the spatial diversity provided by the Back Projection. Such a
proposal allows performance enhancement in terms of signal to
distortion ratio with respect to reverberate time.

The paper is organized as follows: Section II. formulates the
BSS problem briefly, the proposed solution and the proof of
the MDP-BP relationship are provided in Section III., simula-
tion results are presented in Section IV., and finally, Section V.
concludes the paper.

II. PROBLEM FORMULATION

Let us observe, at time instant n, M signals, x(n) =
[x1(n), · · · , xM (n)], assumed to be the mixtures of L inde-
pendent source signals s(n) = [s1(n), · · · , sL(n)] according to
the following noiseless convolutive model:

xm(n) =

L∑
l=1

P−1∑
p=0

aml(p)sl(n− p) m = 1, ..,M (1)

x(n) =

P−1∑
p=0

A(p)s(n− p) (2)

where A(p), p = 0, ..., P −1, is theM×L transfer function ma-
trix, whose elements are denoted aml(p), and P is the impulse

Part of this paper was presented in the conference paper [18].
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response length. By assuming a significantly longer time analyz-
ing window than the impulse response length, it is possible to
express the convolution in the frequency domain as individual
multiplications for each frequency bin, as follows:

xTF (f, n) = A(f)sTF (f, n) (3)

where xTF (f, n) represents a column vector with M elements,
denoted xTFm

(f, n), which corresponds to the (f, n)th element
of the Short-Time Fourier Transform (STFT) [14], XTFm

, of
the sensor signal xm(t), sTF (f, n) denotes a column vector
with L elements, denoted sTFl

(f, n), which corresponds to the
(f, n)th element of the STFT, STFl

, of the source signal sl(t).
The matrix A(f) is an M × L mixing matrix for frequency bin
f . In order to separate the source signals from the observed
mixtures, an unmixing matrix W(f) should be estimated for
each frequency bin:

yTF (f, n) = W(f)xTF (f, n) (4)

In the sequel, we assume that M = L and that the A(f) matri-
ces are well conditioned.

III. PROPOSED APPROACH

The proposed solution starts by applying the Independent Vector
Analysis (IVA) [3] that solves implicitly the permutation ambi-
guity at the frequency bins, then addresses the scaling ambiguity
through Back Projection and finally, recovers the source signal
through a SIMO deconvolution algorithm. In subsection B.,
we discuss the relationship between Minimal Distortion Princi-
ple (MDP) and Back Projection, and show that the MDP is a
particular solution of the Back Projection.

A. Independent Vector Analysis (IVA)

The IVA algorithm [3] considers the sources as multidimensional
random vectors containing all the frequency components of each
source signal. It aims to maximize the independence between
individual source signals while maintaining the dependency
within each vector. This process get rid of the permutation
ambiguity between the frequency bins. The unmixing matrix
is estimated at each frequency bin according to the following
iterative update [11]:

W(f)←W(f) + η∆W(f) (5)

With

∆W(f) =
{

I + E
[
ϕf (yTF )yTF (f)H

]}
W(f)

yTF = [yTF1
, ..., yTFL

]T

ϕf (yTF ) =
[
ϕf
1 (yTF1

), ..., ϕf
L(yTFL

)
]T

ϕf
l (yTFl

) =
∂

∂yTFl
(f)

log
(
p(yTFl

)
)

where the step size, η ∈ [0, 1], is a tuning parameter that imposes
a trade-off between convergence speed and stability [11], and
p(.) is a density probability function.

This can be obtained by dimension reduction at each frequency
bin, e.g. by data whitening.

B. Minimal Distortion Principle versus Back Projection

To deal with the scaling ambiguity in the frequency domain,
two major techniques exist in the literature, mainly the Minimal
Distortion Principle (MDP) [9] and the Back Projection (BP)
[16]. The MDP chooses the proper separators that minimize the
mean square difference between the separated sources and the
sensor signals, its solution consists of the following unmixing
matrix at frequency bin f :

Ws(f) = diag(W−1(f))W(f) (6)

where diag(.) denotes the diagonal matrix operator and W(f)
is the unmixing matrix, at frequency bin f , estimated by the IVA
algorithm.

The Back Projection technique projects back the estimated
source signals to the sensor array, it actually rescales the source
signals to match their observed amplitudes at each sensor:

Let Â(f) = W−1(f) be the estimated mixing matrix, the in-
verse of the estimated unmixing matrix, at the f th frequency
bin, and yTFl

(f, n), be the estimate of the lth source signal
sTFl

(f, n) at the time-frequency point (f, n). Because of the
inherent scaling indeterminacy, we have the following relation-
ships:

yTFl
(f, n) = αl(f)sTFl

(f, n) (7)

âl(f) =
1

αl(f)
al(f) (8)

where αl(f) is an arbitrary factor. To get the signals, denoted
sTFl

(f, n), free from the scaling indeterminacy, one can mul-
tiply the lth separated signal yTFl

(f, n) by its corresponding
column of the estimated mixing matrix âl(f):

sTFl
(f, n) = âl(f)yTFl

(f, n) (9)

By substituting equations (7) and (8) in equation (9), one gets:

sTFl
(f, n) = al(f)sTFl

(f, n), l = 1, · · · , L (10)

where sTFl
(f, n) = [sTFl1

(f, n), ..., sTFlM
(f, n)]T with

sTFlk
(f, n) being the contribution of the lth estimated source

signal at the kth sensor. It appears clearly from equation (10)
that the recovered source signals at their sensor-observed am-
plitudes are free from the scaling ambiguity αl(f). Note that
equation (10) describes a Single Input Multiple Output (SIMO)
system for each source, separately. Thanks to the multidimen-
sionality of its output, such a system provides the spatial diver-
sity needed to recover its input (in our case the corresponding
source) using only second order statistics.

Let W(f) be an estimate of the unmixing matrix, at frequency
bin f , of the blind convolutive separation problem. The scale
indeterminacy free unmixing matrix of the Minimum Distortion
Principle,

Ws(f) = diag(W−1(f))W(f)

is a particular solution of the Back Projection.

Using equation (9), the expression of the lth signal recovered
by Back Projection at the lth sensor is given by:

sTFll
(f, n) = âll(f)yTFl

(f, n), l = 1, · · · , L. (11)
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Consider the following source vector:

sTF (f, n) = [sTF11
(f, n), sTF22

(f, n), ..., sTFLL
(f, n)]T

(12)

Using equation (11), the source vector sTF (f, n) reads:

sTF (f, n) =


â11(f) 0 . . . 0

0 â22(f) . . . 0
...

...
. . .

...
0 0 . . . âLL(f)

 yTF (f, n)

(13)
Note that

â11(f) 0 . . . 0
0 â22(f) . . . 0
...

...
. . .

...
0 0 . . . âLL(f)

 = diag(Â(f)) (14)

where Â(f) is an estimate of the mixing matrix at frequency bin
f , that is the inverse of the estimated unmixing matrix W(f):

Â(f) = W−1(f) (15)

According to equations (4), (14) and (15), equation (13) is
rewritten as:

sTF (f, n) = diag(W−1(f))W(f)xTF (f, n)

= Ws(f)xTF (f, n) (16)

with Ws(f) = diag(W−1(f))(W)(f), where one recognizes
the MDP unmixing matrix (6).

This Theorem shows that the Minimum Distortion Principle is
a particular solution of the Back Projection, in which only the
l − lth components, sTFll

(f, n), l = 1, · · · , L are used.

C. Back projection-Spatial diversity

In reference [17], the authors estimate the source signals as the
back projected components onto the first sensor, i.e.

sTFl1
(f, n), l = 1, · · · , L (17)

The above expression does not exploit the spatial diversity of-
fred by the source vectors sTFl

(f, n), l = 1, · · · , L. Our con-
tribution consists of exploiting this spatial diversity through
Single Input Multiple Output (SIMO) deconvolution of the back
projected output signal obtained after separation in the time-
frequency domain by the IVA algorithm.

The source vectors of equation (9) obtained after the back projec-
tion of the IVA algorithm outputs in the time-frequency domain
are transformed to the time domain through the Inverse Short
Time Fourier Transform (ISTFT):

slk(n) = ISTFT (sTFlk
(f, n)), k, l = 1, · · · , L (18)

According to equation (10), one has:

slk(n) = ISTFT (alk(f)sTFl
(f, n)), (19)

Since we have assumed a significantly longer analyzing window
than the impulse response, the multiplications in the frequency

domain are translated to linear convolutions in the time domain.
Hence, we obtain L SIMO systems:

slk(n) =

P−1∑
p=0

al,k(p)sl(n− p), k, l = 1, · · · , L (20)

The Robust Normalized Multichannel Frequency-Domain Least-
Mean-Square algorithm [15] and the SIMO equalizer reported
in [8] are employed in this paper for performing the blind identifi-
cation of theL SIMO channels al,k(p), p = 0, · · · , P−1; k, l =
1, · · · , L, and their equalization to retrieve theL original sources
sl(n), l = 1, · · · , L, respectively.

IV. NUMERICAL EXPERIMENTS

Herein, an evaluation is conducted in the case of speech signals.

A. Experimental setup

Pyroomacoustics software package [19] is used to generate
the Room Impulse Responses (RIRs) and the corresponding
convolutive mixtures according to a simulation scenario: A
room measuring 5.5 m× 3.5 m× 3 m with RT60 reverberation
time of 130 ms was chosen, and an array of seven microphones
was placed in the center of the room, with one microphone
in the center and the other six spaced equally around a circle
of a 4.5 cm radius. Two sources were positioned at different
angles 0.5 m away from the microphone array, and mixtures
were produced using 10 s speaking utterances at a sampling
frequency of 16 kHz. Figure 1 shows the simulation scenario
and the position of the two sources.

Fig. 1: Simulation scenario with 2 sources.

B. Performance evaluation

To assess the quality of the separation, we compute the stan-
dard energy ratios in decibels (dB), specifically the Signal-to-
Distortion (SDR) for the lth source as:

SDRl = 10 log10

||sl||2

||sl − ŝl||2
(21)

where ||.|| denotes the Euclidean norm.

RT60 reverberation time is the duration required for the sound
energy in a room to decrease by 60 dB after the source emission has
stopped (ISO 3382).
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Herein, one evaluates the robustness of the proposed IVA-based
algorithm versus RT60 reverberation time using MDP [9], BP
[17] and our proposal BP-SIMO, respectively. The SDRs of
the two sources are computed for different RT60s ranging from
150 ms to 450 ms. Figures 2 and 3 depict the evolution of
the BSS performance (SDR) of the first and second separated
signal, respectively, as the RT60 increases.

Fig. 2: Effect of reverberation on the SDR of the first separated
signal.

Fig. 3: Effect of reverberation on the SDR of the second sepa-
rated signal.

The above graphs show that an increase in RT60 reverberate time
leads to a gradual degradation of performance. This degradation
occurs because sound waves in a reverberate room bounce off
surfaces and create multiple reflections that can overlap with the
direct sound, making it difficult for BSS algorithms to accurately
distinguish between individual sources. The results highlight,
as well, that our BP-SIMO approach outperforms the BP [17]
and MDP [9] methods for all RT60 values.

V. CONCLUSION

New insights on the scaling ambiguity problem involved in Inde-
pendent Vector Analysis is given. The relationship between the
Minimal Distortion Principle and Back Projection for solving

the aforementioned ambiguity is discussed. The paper shows
that the Minimal Distortion Principle is actually a particular so-
lution of the Back Projection. A second contribution consisted
of exploiting, through SIMO deconvolution, the spatial diversity
provided by the Back Projection. Herein, the SIMO deconvo-
lution has been performed using the Robust Normalized Multi-
channel Frequency-Domain Least-Mean-Square algorithm [15]
for the channel blind identification and the SIMO equalizer re-
ported in [8] for the channel equalization. Performance results,
in terms of signal to distortion ratio, confirm that the proposed
approach enhances the quality of source separation, with respect
to reverberate time, as applied to speech signals.
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A New Multi-Path Hybrid Classifier for
Transformer Oil Fault Diagnostic

Youcef Benmahamed, Omar Kherif, Sofiane Chiheb, Madjid Teguar, Sherif Ghoneim and Ahmed Boubakeur

Abstract—This work aims to provide advances in diagnosis algorithms using intelligent techniques and represents
an application in fault detection and classification in oil-immersed power transformers. The paper proposes a new
methodology of classification using hybrid algorithms to describe an improved DGA diagnostic tool based on combining
different classifiers and several input vectors. A total of six classes of electrical and thermal faults are labeled. For each
fault, binary classifications are first conducted using two classifiers trained and evaluated using nine different input
vectors. For this, a dataset of 501 samples is used, and the best pairs (classifier, input vector) are selected for each given
binary classification. From these pairs, different hybrid classifiers are proposed. Each classifier reaches its outcome
through an independent pathway, and these classifiers together form the proposed multi-path hybrid classifier. The final
decision of this classifier is obtained from the decisions made at the output of each path. This application brings a global
accuracy rate of up to 95% for the transformer oil diagnosis, demonstrating the proposed technique’s effectiveness in
the classification field. The proposed model and other conventional algorithms are compared using a small independent
database of twenty elements..

Keywords—DGA, fault diagnosis, power transformer oil, hybrid classifier, SVM, KNN, Decision Tree.

NOMENCLATURE

DGA Dissolved Gas Analysis.
KNN K-Nearest Neighbor.
SVM Support Vector Machine.
DT Decision Tree.

I. INTRODUCTION

The continuous and reliable operation of electricity is one of
the main challenges of power companies, from generation to
transmission and distribution. In this chain, power transformers
play an essential role for the target. Numerous studies were con-
ducted to investigate the impact of faults in power transformers
as well as to develop and/or improve resolution techniques to
prevent such faults (e.g., [1–4]). Studying more than 340 power
transformers with a voltage rate from 33 to 400 kV, authors
in [5] stated that insulation problems are the most common fault,
accounting for 37% of power transformer failures.

Mineral insulating oil is the most common oil used in outdoor
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transformers. This oil is characterized by its significant dielec-
tric strength to withstand a fairly high voltage. It also helps
to reduce heat generated by transformer windings. Indeed, oil-
immersed transformers’ lifetime can be governed by the state of
the insulation system. This latter is generally exposed to some
defects arising from overheating, paper carbonization, arcing,
and discharges of low or high energy [4, 6, 7]. Evaluation pro-
cedures and relevant tests of these oils can be found within the
recommendations of [8, 9].

Dissolved Gas Analysis (DGA) method is one of the most ef-
fective methods used in the field of faults detection within oil-
immersed power transformers [10, 11]. This method analyzes
the concentration of gases liberated in the transformer oil. Dif-
ferent hydrocarbon gases are released due to insulating oil and
paper decomposition under electrical and thermal stresses.

In general, the most important gases, in alphabetical order, are
Acetylene (C2H2), Ethane (C2H6), Ethylene (C2H4), Hydro-
gen (H2), and Methane (CH4). A particular combination of
gases characterizes each type of fault within transformer oil.

Some of the application of DGA methods can be summarized as
follows; i) DGA identifies different transformer fault types, due
to different thermal, electrical, and mechanical stresses on the
insulating oil. Each fault produces a specific pattern of gases
that can be detected through DGA. ii) DGA detects faults early
before leading damage to the transformer, so it helps prevent
costly repairs and downtime. iii) Monitoring changes in gas
levels over time provides a trend analysis that helps predict
future faults and plan maintenance activities accordingly. iv) it
provides an overall assessment of the transformer’s condition
through analyzing various gases and their levels, which helps in
determining whether the transformer is operating within normal
limits or needs maintenance. v) it also helps to locate the fault
within the transformer by analyzing the distribution of gases
within different parts of the transformer. So, it is a powerful tool
for transformer fault diagnosis [12, 13].

2716-912X c© 2025 Ecole Nationale Polytechnique
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The dissolved gases produce under the electrical, thermal, and
mechanical stresses. For instance, Ethylene is related to hotspots
between 150 C and 1000 C, and acetylene is associated with arcs
where temperatures reach a few thousand degrees. Furthermore,
partial discharges in transformer oil can result in a considerable
increase in hydrogen concentration because of the ionic bom-
bardment [13]. Six classes of faults are widely considered in
this field, namely partial discharge (PD), low energy discharges
(D1), high energy discharges (D2), thermal faults < 300 C (T1),
thermal faults of 300 C to 700 C (T2), and thermal faults > 700
C (T3).

The literature surveys indicated some shortcomings of using
DGA for transformer fault diagnosis. In some cases, the dis-
solved gases amount is not sufficient to refer the exact trans-
former fault type and it can produce false positives, where the
normal aging or environmental factors increase the gas levels
producing false results [15]. The nonlinearity of the data sam-
ples can also lead to incorrect of transformer fault type. DGA
Data sample processes consume time, effort and cost [16]. The
accuracy of DGA results influences by other factors such as the
quality of the oil sample, the sampling technique used, and the
laboratory analysis method [17]. Due to wrong diagnosis of
the specific transformer fault types, it is difficult to determine
the appropriate maintenance or repair actions [18]. Interpret-
ing DGA results requires specialized knowledge and expertise,
which may not be readily available to all users [19].

In literature, different techniques have been developed to di-
agnose transformer faults. These techniques include graphi-
cal DGA methods (e.g., [20, 21]) and intelligent techniques
(e.g., [22–24]). In addition, improved techniques (coupled meth-
ods) have also been created to accurately diagnose transformer
faults (single and/or multiple faults) and indicate each fault’s
likelihood quantitatively (e.g., [23–26]). Arranging the input
data of the DGA methods can affect on the DGA results. There-
fore, many researchers have focused on developing input vectors
that can enhance the DGA results to diagnose transformer faults
correctly [4, 7, 27, 28].

This work describes an advanced classification methodology
using a combination of different input vectors and various classi-
fiers, and an application is presented to enhance the transformer
fault diagnostic accuracy based on DGA. Furthermore, hybrid
algorithms are proposed to improve DGA diagnostic tools. From
a total dataset of 501 samples, 481 are used to train and test the
proposed models, where six electrical and thermal fault classes
are labeled. As main result, it was found that the global accu-
racy rate, reaching 95% for the power transformer diagnosis,
demonstrates the effectiveness of the proposed technique.

The paper is organized as follows: the proposed methodology
is presented in a Section to provide a general overview and a
reference point for different applications. Section III covers the
selected classifiers and input vectors for the transformer oil fault
diagnosis. The dataset is also presented in this section. Results
and discussions are shown in Section IV. The results obtained
and compared with other classifiers are shown at the end of this
section. The paper finalizes with conclusions and perspectives.

II. PROPOSED MULTI-PATH HYBRID CLASSIFIER

A. Geeral principal

In [27], the authors proposed several input vectors to train and
assess a KNN classification algorithm based on a decision tree
principle. The work was conducted to select the best input
vector to achieve a high-accuracy diagnosis for the transformer
faults. The accuracy rate has been analyzed to choose the most
appropriate input vector for the proposed method. The obtained
results were fascinating compared to conventional techniques
of classification. Therefore, the idea is generalized in this work
and introduces a new technique. This technique uses multiple
classifiers, and the final decision is determined by an election
(e.g., high number of appearances). Figure 1 shows the chart of
the proposed technique.

The first step involves selecting an M number of different clas-
sifiers according to the desired application. The parameters
associated with each classifier should be defined and adjusted
for the application. Then, a set of criteria should be established
to define the best pair’s characterization. For instance, the sim-
plest criterion represents the pair with the highest accuracy rate
or an accuracy rate higher than a given value. Finally, a K num-
ber of criteria should be selected, and this number will affect the
number of paths in the proposed multi-path hybrid classifier.

Fig. 1: A general structure of the proposed methodology.

As shown in Figure 1, the next step consists of generating dif-
ferent input vectors from the same dataset. The collected data
generates various modified datasets, grouping the M input vec-
tors. Taking into account the transformer oil fault diagnosis,
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for instance, the original data represents the first input vector,
which consists of the concentration of gases in parts per million
(ppm). A second input vector may be the relative concentration
of each gas compared to the sum of concentrations. It should be
noted that the input vector generation is a process that depends
on the data where the data transformation should be established
to make the data more separable and easier to use in the classifi-
cation process. A detailed example of the selected input vectors
is presented in Section III.

It is important to note that the selected combinations together
help with the identification of various possible pathways. There-
fore, the combination of these pathways represents the proposed
multi-path hybrid classifier where the final decision is obtained
from pre-defined criteria as shown in the forthcoming parts.

B. Pairs and paths selection

Each classifier is trained and evaluated by all the selected input
vectors using the dataset defined for the testing process. Several
techniques can be adopted for this phase, such as a binary clas-
sification based on the decision tree principle and multicategory
classification. Figure 2 shows two possible scenarios for the
classification process.

(a)

(b)

Fig. 2: Best combination identification process:(a) Multiclass
condition,(b) Binary condition.

A decision tree principle can be considered in both scenarios,
representing a branched flowchart with two or multiple pathways
for potential decisions. For a given classifier, the tree starts with
a decision node, which implies a decision must be made. For the
multiclass scenario in Figure 2(a), a branch is created from the
decision node where the obtained decision might successively
run to another decision. For the second scenario, the process
is simple by applying a “one vs. all” strategy. This means that

each dataset is used to train and evaluate a given classifier about
two classes of faults denoted by Class 1 and Class 2 as shown
in Figure 2(b).

As an application in transformer oil diagnosis, for instance,
Class 1 (=Fi) might be used to refer to one of the six faults in
transformer oil (i.e., PD, D1, D2, T1, T2, and T3). In this case,
Class 2 (=Xi) should represent a complementary class depending
on the classification (i.e., Xi = PD, D1, D2, T1, T2, and T3 – Fi).
A binary classification is considered by selecting this process,
which means two decisions can be obtained on the output of
each classifier. It will help identify the appropriate input vector
and classifier for binary classification. Figure 3 demonstrates
the proposed process to determine the best combination vector-
classifier to create paths for the global hybrid classifier.

Fig. 3: Best pair selection process.

Figure 3 shows that the training and testing processes are con-
ducted using input vectors applied to various classifiers. Indeed,
many tests should be conducted so that the accuracy rate of each
binary classification can be obtained as a function of the selected
classifier and input vector. Therefore, this process helps identify
the possible paths for global classification. Figure 4 illustrates
a typical structure of the proposed technique used to determine
the global accuracy rate of any path.

The best pairs selection process allows the creation of a hybrid
classifier with one possible decision. This hybrid classifier, the
denoted path, is not unique; different proposals can be made
according to the desired accuracy rate. Eventually, each pathway
reaches an outcome by passing through different classifiers and
elaborating various input vectors. A combination of these deci-
sions offers a trusted outcome that is generated from the result
of the selected pathways, especially once the same outcome is
obtained for different paths.

It is worth noting that the proposed multi-path hybrid classi-
fier can be used in various classification problems, including
multi-input multi-output classification (MIMO-C) systems. In
addition, different scenarios can be generated from the proposed
structure according to the output classes for a given situation.

III. INPUT VECTOR AND CLASSIFIER

In this work, nine input vectors have been used to train and test
different classifiers, where the best combination (classifier and
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Fig. 4: General structure of the proposed classifier.

input vector) is selected for the considered binary classification.
Indeed, pre-classification is first adopted to recognize the first
three best combinations (input vector and classifier) that gives
the highest accuracy rate where a database of 501 whose 481
samples were reserved the process of training and testing. Table
I gives the distribution of the training and testing samples ac-
cording to their identified fault type. Additional twenty samples
(shown in Section IV.) have been used to examine the validity
of the proposed classifier.

As the Authors in [18] detailed, the 481 samples were collected
from different sources where gas concentration values were
observed in service for faulty equipment inspected in service.
The database is mainly collected from relevant publications
(e.g., [29]) and Egyptian Electric Utility (Report [30]). Data are
collected from [31] and [32] for the twenty samples used for
validation.

A holdout method is used for the dataset decomposition based
on the well-known decomposition (2/3 for training and 1/3 for

Table. I
DISTRIBUTION OF SAMPLES OVER FAULT TYPES

Symbol Training Testing Total

PD 32 16 48
D1 53 26 79
D2 84 42 126
T1 63 32 95
T2 32 16 48
T3 57 28 85

Total 321 160 481

testing). Although the dataset is unbalanced, the authors ran-
domly assign sample sets for each class by 2/3 in the training
phase, and by 1/3 in the testing phase. In this way, one can
ensure that the existence of each class in the training and testing
processes – proportionally by its initial dimension. This scenario
helps with the reduction of the potential risk of each classifier.
Therefore, 321 samples have been randomly selected for the
training phase and 160 samples for the testing. Among other
data mining methods, three classifiers have been considered as
follows:

• Support Vector Machine (SVM)

• K-Nearest Neighbor (KNN)

• Decision tree (DT)

As mentioned previously, a binary classification has been in-
dependently developed for all of the classifiers. In order to
simplify the comparison process and avoid going inside the
algorithms, MATLAB toolboxes have been used for the applica-
tion. These toolboxes are exploited to use the SVM, KNN, NB,
DT classifiers. Details of each are available online on [33–35].

It is well-known that many interpretative methods based on
DGA were reported to detect the incipient fault nature within an
oil-immersed power transformer. These mainly include, as input
vectors, the concentration of the dissolved gases in ppm, relative
concentration of gases in percentage, IEC ratios, Rogers four-
ratios, Dornenburg ratios, Duval triangle coordinates, Duval
pentagon coordinates, a combination of Rogers and Dornenburg
ratios, and a combination of Duval triangle-pentagon coordi-
nates as follows:

V1 Concentrations of the gases in parts per million
V2 Percentage to the total sum
V3 IEC ratios
V4 Rogers four-ratios
V5 Dornenburg ratios
V6 Duval triangle coordinates
V7 Duval pentagon coordinates
V8 Rogers and Dornenburg ratios
V9 Duval triangle-pentagon coordinates

It should be noted that more details about these input vectors
and their formulation are reported in a previous work [25].
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Table. II
CLASSIFICATION RESULTS FOR TWO DIFFERENT CLASSIFIERS FOR 10 SAMPLES OF PD CLASS

SAMPLE
ACTUAL
CLASS

PREDICTED CLASS

KNN SVM
V1 V2 V3 V4 V5 V6 V7 V8 V9 V1 V2 V3 V4 V5 V6 V7 V8 V9

PD-1 PD PD PD PD D1 PD PD PD PD PD PD PD D2 PD PD D1 PD D2 PD
PD-2 PD PD PD PD PD PD T3 PD T1 PD PD PD PD PD T1 D1 PD PD PD
PD-3 PD PD PD PD PD PD T3 PD PD PD PD PD PD PD PD T3 PD D2 PD
PD-4 PD PD PD PD T1 PD T1 PD T1 PD PD PD PD PD T3 PD T3 T2 PD
PD-5 PD PD PD PD PD PD PD PD T3 PD PD PD D2 PD PD D1 PD D2 PD
PD-6 PD PD PD PD PD T1 T3 PD T1 PD PD PD PD PD PD D1 PD D2 PD
PD-7 PD PD PD D1 PD PD T3 PD PD PD PD PD PD PD PD T3 PD D2 PD
PD-8 PD PD PD PD PD PD T3 PD T1 PD PD PD PD PD T2 T3 PD PD PD
PD-9 PD PD PD PD PD PD T3 PD T1 PD PD PD PD PD PD T1 PD D2 PD

PD-10 PD PD PD T1 PD PD T2 PD D2 PD T1 T1 PD PD T3 T3 T3 T1 PD

Table. III
CLASSIFICATION RESULTS FOR TWO DIFFERENT CLASSIFIERS FOR 10 SAMPLES OF D2 CLASS

SAMPLE
ACTUAL
CLASS

PREDICTED CLASS

KNN SVM
V1 V2 V3 V4 V5 V6 V7 V8 V9 V1 V2 V3 V4 V5 V6 V7 V8 V9

D2-1 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D1 D2 D2 D2 D2 T1 D2 D2 D2
D2-2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 T3 D2 D2 D2
D2-3 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 T3 D2 D2 D2
D2-4 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D1 D2 D2 D2 D2 D2 D2 D2 D2
D2-5 D2 D2 D2 D2 D2 PD D2 D2 T1 D2 D2 D2 D2 D2 D2 D2 D2 D2 T1
D2-6 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D1 D2 D2 D2 D2 T3 T2 D2 D2
D2-7 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D1 D2 D2 D2 D2 T3 T2 D2 D2
D2-8 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D1 D2 D2 D2 D2 T1 D2 D2 D2
D2-9 D2 D2 D2 D2 D2 PD D2 D2 PD D2 D2 D2 D2 D2 D2 T1 D2 D2 D2

D2-10 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2 D2

IV. RESULTS AND DISCUSSIONS

This section provides the obtained results when applying the
proposed classification methodology. A binary classification
is presented, and the corresponding results are discussed to
identify the hybrid classifiers. Secondly, an example of a multi-
path hybrid classifier is presented and discussed. Finally, the
obtained results along with a comparison with other classifiers
are shown.

A. Binary classification and pair selection

The proposed methodology’s first step is finding the best pairs
(classifier, input vector) from each binary classification. A set
of 481 samples has been used for the training and testing stages,
two-thirds of the samples were reserved for training phase and
one-third for testing utilizing the MATLAB’ functions. Ta-
ble II illustrates a brief description and example of the binary
classification results using two different classifiers (KNN and
SVM) and considering the nine input vectors (V1 to V9). The
classification results in this table consider only the PD class of
faults where ten samples are selected arbitrary to examine the
existence of best pairs.

From the results obtained, one can clearly see that the classifier

selection and the input vector are key factors in the classification
purpose. For the same classifier, different decisions are obtained
when considering different input vectors. The correct decision
is obtained from both classifiers when using the input vector V9.
Vectors V1 and V2 allow obtaining 100% accuracy with KNN
against 90% with the SVM classifier.

Likewise, one can see that vector V4 is effective with SVM
classifier since all obtained decisions are correct, which is not
the case when considering the KNN classifier. Regarding correct
decisions, the KNN classifier shows a ratio of 70/90 against
63/90 for the SVM classifier. It can be explained by the fact that
the KNN classifier is more suitable for such a classification than
the SVM and the selected input vectors.

Overall, the results can be summarized in the fact that the pair
(classier, input vector) considerably impact the obtained deci-
sion of a classification. In order to examine such conclusions,
different samples are considered where the same analysis is
conducted. Table III gives the obtained results using the two
classifiers and considering the nine input vectors for D2 faults.

Compared to the results in Table II, the decisions for the second
classification in Table III show a higher accuracy rate when
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using the D2 fault. It may imply that conclusions on a specific
pair (classifier, input vector) applied to a given class of faults
cannot be generalized to other classes. For instance, input vector
V6 with KNN classifier gives an accuracy rate of 100% for D2
classification against 20% for PD one.

Regarding the SVM classifier, one can see from Tables II and
III that input vector V8 is suitable for distinguishing D2 from
the PD fault. Therefore, each classification should be associated
with one or more pairs (classifier, input vector) to provide a high
accuracy classification decision. The testing data consists of 160
samples, which all group the six defined classes of faults. Table
IV calculates the accuracy rate for the two classifiers using the
nine input vectors.

The results show accuracy rates varying between 0 and 100%
for different classifiers and input vectors. For instance, one
can identify the pair (KNN, V9) as the best for classifying the
PD fault while the pair (SVM, V6) is the worst for the same
fault class. Regarding T1 fault, the best pair is (SVM, V2) and
the worst is (KNN, V8). Based on the overall results, one can
conduct binary classifications considering tree decision principle
where the best pair shall be used in each stage to provide the
best decision at the end of the classification process.

It is worth noting that the classification can be made with dif-
ferent input vector/classifier combinations. Therefore, not only
a single path that could exist, but one can define several paths.
Thus, a multi-path hybrid classifier should be considered as
described in the following section.

B. Multi-path hybrid classifier

Based on the results, numerous paths can be proposed using
combinations between faults classified in Table IV in descending
order.

Table. IV
ACCURACY RATE FOR DIFFERENT INPUT VECTORS

Accuracy rate using KNN (%)
PD D1 D2 T1 T2 T3

V1 93.75 80.77 90.48 87.50 75.00 96.43
V2 93.75 76.92 97.62 87.50 75.00 96.43
V3 75.00 50.00 78.54 93.75 75.00 85.71
V4 62.50 53.85 78.54 71.88 81.25 85.71
V5 87.50 11.54 71.43 03.13 06.25 10.71
V6 37.50 23.08 85.71 78.13 37.50 71.43
V7 93.75 73.08 95.24 90.63 75.00 92.86
V8 18.75 11.54 88.10 00.00 00.00 14.29
V9 100 76.92 90.48 87.50 93.75 92.86

Accuracy rate using SVM (%)

V1 87.50 88.46 83.33 87.50 43.75 96.43
V2 93.75 80.77 90.48 96.88 87.50 89.29
V3 93.75 11.54 35.71 71.88 37.50 89.29
V4 25.00 73.08 28.57 90.63 00.00 00.00
V5 75.00 46.15 83.33 75.00 62.75 00.00
V6 00.00 00.00 88.10 84.38 00.00 82.14
V7 87.50 73.08 92.86 90.63 68.75 92.86
V8 68.75 03.85 97.62 71.88 87.50 00.00
V9 93.75 76.92 92.86 93.75 81.25 92.86

The straightforward way is to consider the same pairs for the
classification. It means that one can create a multi-path classifier
without hybridization in each single path (i.e., the same classifier
and input vector for a given path). Eighteen classifications
have been considered using two classifiers and nine different
input vectors. In this case, the corresponding accuracy rates are
summarized in Table V.

Table. V
ACCURACY RATE FOR DIFFERENT CLASSIFICA-

TION PATHS

ACCURACY RATE (%)
KNN SVM

V1 88.13 83.75
V2 89.38 89.38
V3 77.50 48.75
V4 73.13 33.75
V5 32.50 60.00
V6 61.88 57.50
V7 88.13 86.25
V8 29.39 56.25
V9 89.38 90.00

As can be seen in Table V, some input vectors give good accu-
racy rates for both classifiers (e.g., V1, V2, V7 and V9) whilst
a low accuracy rate is obtained if one changes the classifier for
some input vectors (e.g., V3 with KNN and V3 with SVM).
The best results in the considered case are obtained for an input
vector V9 and SVM classification. In addition, using V2 with
both classifiers results in an accuracy rate of 89.38%. The same
result is obtained from different paths when the input vector V9
is used with KNN classification. Overall, better results may be
obtained if one can study furthermore this hybridization.

From the results in Table V, one can create a multi-path classi-
fication where the final decision is taken from those decisions
calculated at the output of several paths.

Table. VI
ACCURACY RATE FOR DIFFERENT MULTI-PATH

CLASSIFIERS

SPECIFICATION ACCURACY
CLASSIFIER INPUT RATE (%)

Path 1 SVM V9 -
Path 2 SVM V2 -
Path 3 KNN V1 -

Multi-path 1–3 - - 90.00
Path 4 KNN V7 -
Path 5 KNN V9 -

Multi-path 1–5 - - 92.50
Path 6 SVM V1 -
Path 7 KNN V2 -

Multi-path 1–7 - - 91.88
Path 8 SVM V7 -
Path 9 KNN V3 -

Multi-path 1–9 - - 91.88

As a simple example, the number of paths is increased, and the
final decision is made for different scenarios. Four different
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multipath classifiers have proposed where the number of paths
is increased from classifier to another as follows:

• Multi-path Classifier 1: Paths 1, 2 and 3.

• Multi-path Classifier 2: Paths 1, 2, 3, 4 and 5.

• Multi-path Classifier 3: Paths 1, 2, 3, 4, 5, 6 and 7.

• Multi-path Classifier 4: Paths 1, 2, 3, 4, 5, 6, 7, 8 and 9.

Multipath classifier 1 groups three different paths (Paths 1, 2
and 3). Path 1 is the classification using SVM classifier with the
input vector V9. Path 2 is the classification using the SVM and
V2.

In general, the described paths and the obtained accuracy rates
are given in Table VI where the final decision for each multipath
classifier is selected from the outputs of the different paths.

In this table, the criterion for selecting final decision consists of
selecting the decision with higher recurrence, which is obtained
from the paths’ decisions. In case of equality or difficulties in
the selection, the criterion consists of prioritizing the decision
of the best path (usually the first one has higher accuracy rate
compared to the others).

Table. VII
COMPARISON BETWEEN THE PROPOSED ALGO-

RITHM AND OTHER RELEVANT METHODS

H2 CH4 C2H6 C2H4 C2H2 ACT
IEC-
60599

Roger’s
4 ratios Duval TKNN TSVM DT-V4 MPH

1 1230 163 27 692 233 D2 D2 UD D2 D1 D2 D2 D2
2 120 10 30 25 5 D1 PD UD T3 D1 PD D1 D1
3 3700 6400 2400 10 7690 T2 UD UD D1 T2 T3 T1 T2
4 6 2990 29990 67 26076 T1 UD D1 T1 T1 T1 T1
5 34 21 4 56 49 D2 D2 D2 D2 D2 D2 D2 D2
6 120 140 30 0 120 T1 UD UD D1 T1 T2 T1 T1
7 240 17 0 5 40 PD UD UD D1 PD PD PD PD
8 6454 2313 121 6432 2159 D2 D2 UD D2 D2 D2 D2 D2
9 650 53 20 0 34 PD UD PD D1 PD PD PD PD

10 125 680 290 20 900 T3 UD UD D1 T3 T3 T1 T3
11 1076 95 71 231 4 PD UD UD T3 PD PD PD PD
12 140 95 10 80 60 D2 D2 D2 D2 D2 D2 D2 D2
13 300 700 280 36 1700 T3 UD UD D1 T3 T1 T3 T3
14 960 4000 1290 6 1560 T2 UD UD D1 T2 T1 T2 T2
15 1450 940 211 61 322 T1 UD UD D1 T1 T1 T1 T1
16 2500 10500 4790 6 13500 T2 UD UD D1 T2 T1 T2 T2
17 305 100 33 541 161 D1 D2 UD D2 D2 D2 D1 D2
18 796 999 234 31 1599 T3 UD UD D1 T3 T1 T3 T3
19 37800 1740 249 8 8 PD PD PD PD PD PD PD PD
20 33046 619 58 0 2 PD UD PD PD PD PD PD PD

5/20 5/20 6/20 18/20 12/20 18/20 19/20
ACCURACY RATE (%) 25 25 30 90 55 90 95

ACT: ACTUAL CLASS OF FAULT UD: UNDETERMINED

It should be noted that the selection criteria can affect the output
of the multipath classifiers. It could be another paper’s subject
since different factors may contribute to the final decision. For
instance, it was found that the number of paths used in the mul-
tipath classifier considerably impacts the final decision. Figure
5 shows the obtained accuracy rate as a function of the number
of paths.

Fig. 5: Accuracy rate as a function of number of paths.

The results indicate that the number of the selected paths is a
sensitive factor for creating a multi-path hybrid classifier. A
higher number of paths may reduce the effectiveness of the
classifiers.

Therefore, an appropriate selection should be adopted where
optimal choices of classification algorithm with appropriate
input data should be considered to diagnose transformer faults
better.



36 Youcef Benmahamed et al.: A New Multi-Path Hybrid Classifier for Transformer Oil Fault Diagnostic

Therefore, an appropriate selection should be adopted where
optimal choices of classification algorithm with appropriate
input data should be considered to diagnose transformer faults
better.

C. Independant data and validation

A dataset of 20 new samples tests different classifiers for the
validation and comparison stages, including conventional ones
(IEC-60566 method, Roger’s ratios and Duval triangle).

A total of seven classifiers are considered as shown in Table VII
which gives the decisions of different classifiers along with the
accuracy rates. The classifier MPH is a multi-path hybrid clas-
sifier that combines three paths–TKNN (as best path), TSVM
and DT-V4. TKNN is a hybridization between the decision tree
and the KNN classifier whilst TSVM is similar hybridization
using SVM with Decision tree principle as studied in a previous
work [26]. DT-V4 is a classification using DT classification
using the input vector V4. It should be noted that the selection
here is just an example and an infinite number of choices can be
considered.

The results show that the MPH improved the diagnosis results
(95 %) compared to other conventional techniques and single-
path classifiers. Therefore, the proposed methodology can help
classify faults in oil-immersed power transformers by providing
a better accuracy rate than conventional diagnostic techniques.

V. CONCLUSION

A study on transformer oil diagnosis using DGA has been made
in this paper using 501 samples to provide an advance in the
field. The pioneer classifiers SVM and KNN have been used
with different input vectors to understand the pair “classifier,
input vector” effect on the diagnostic accuracy. For a given
sample, the decision is based on the use of a vote on the results
of the two algorithms (SVM and KNN) through the injection of
several input vectors. Analyzing the results, classification paths
were considered, where multiple paths were combined to form
a new multi-path hybrid classifier. This strategy can be more
practical for improving the diagnosis of power transformer oil
than using the classical way when employing a single classifier
and a unique input vector. Enrichment in the input vector crafted
the classifier to reduce the percentage of misdiagnosis and the
hybridization with another classifier made a strong decision on
the state of the sample. Hybridizing several algorithms and input
vectors can effectively diagnose the power transformer fault.
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Woody Biomass Cogeneration with Hot Air 
Turbine: Application to a Wood Pellet Production 

Unit in Algeria  

Amel Hamdi, Mohammed Amouri, Hocine Bennour, Toudert Ahmed Zaïd & Rabah Bouarab  

Abstract− In this paper, the performance of a hot air turbine operating in an industrial combined heat and power (CHP) 

cogeneration is investigated, electrical and thermal energy supplied are intended for a pellet production unit. This unit is 

powered by Eucalyptus residue at 50% moisture content recovered from a forest located in El Taref, north-east of 

Algeria. The results show that when the air temperature at the boiler inlet Te exceeds 100 °C, an excess air ratio α above 

90 % is required to maintain the flame temperature below 1200 K. Based on this, the parameters were set to α = 80 % 

and Te = 100 °C, resulting in a flame temperature of 1192 K. The turbine inlet temperature T3, which must remain below 

the flame temperature, was fixed at 1140 K. Once these conditions were established, the compression ratio maximizing 

the overall efficiency was determined to be around 8, yielding a cogeneration efficiency of 53 %, with an electrical 

efficiency of 20 % and a thermal efficiency of 33 %. 

Keywords−Biomass, Cogeneration, Hot air turbine, Pellet. 

 

NOMENCLATURE 

 

𝐶𝑝ℎ specific oil (kJ/kg K) 

Cpb specific heat wood (kJ/kg K) 

Cpf specific heat of fume (kJ/kg K) 

𝐶𝑃𝑎
, 𝐶𝑃𝑔

 
specific heats of air and products of combustion 

respectively ( Btu/lb ℉) 
h enthalpy (kJ/kg) 

𝑚̇b wood mass flow rate (kg/s) 

𝑚̇𝑐𝑜𝑔 amount of wood for cogeneration system (kg/s) 

𝑄̇ Dryer heat requirement (kW) 

𝑄̇𝐶  Condenser heat rejection rate (kW) 

𝑤̇𝑂𝑅𝐶  ORC power (kW) 

𝑊̇𝑛𝑒𝑡 
power required to supply the production unit 

(kW) 

T temperature (K) 

𝜏 compression ratio 

CHP combined heating and power 

ORC Organic rankine cycle 

LHV lower heating value 

HHV higher heating value 

α total air ratio 

𝛼0 excess air ratio 

𝜀 gas / oil exchanger efficiency 

𝜂 efficiency 

 

I. INTRODUCTION 

The most common primary energy sources are fossil fuels like 

coal, natural gas, and petroleum, but their emissions seriously 

harm the environment by causing acid rain, global warming, 

ozone layer degradation, and ecosystem contamination. 

Supporting a sustainable energy transition and addressing 

environmental issues can be achieved through promoting and 

developing renewable energy [1]-[3]. 

As the best long-term solution to achieve environmental goals, 

the Algerian government is committed to promoting renewable 

energy through related policies and programs aimed at 

preserving dwindling fossil resources [4]. 

Initially the objectives of the National Plan for Renewable 

Energy (2011-2020) were to reach 11.000 MW of RE by 2030. 

However, in 2015, the Algerian government revised the initial 

program to target 22,000 MW of renewable energy by 2030 

with the objective that 27% of all electricity produced come 

from renewable sources [5], [6].  

Biomass has been recognized as a promising energy source. 

because it offers many social, economic, and environmental 

benefits [7]-[9], Currently, there is significant interest in 

utilizing agricultural waste as a replacement for fossil fuel. It 

can significantly contribute to decarbonizing energy production 

and achieving carbon neutrality targets [10], [11]. The 

pretreatment of biomass to improve its fuel quality or to meet 

specific performance standards across different energy system 

scales is a widely adopted practice. Biomass pelletization 

through the densification of raw materials significantly 

increases bulk density and reduces storage and transportation 

costs. In comparison to the direct combustion of untreated 

biomass, the use of biomass pellets in specially designed stoves 

can greatly enhance combustion efficiency and reduce pollutant 

emissions. It is widely recognized that, due to their higher 

density, biomass pellets exhibit slower devolatilization and 

prolonged combustion duration, which promotes more 

complete and efficient [12], [13].  
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Wood pellets are characterized by a high bulk density of up to 

750 kg/m³ and a lower heating value of approximately 16.5 GJ 

per ton. In contrast, woodchips have a lower bulk density of 

around 250 kg/m³ and an energy content of about 13 GJ per ton 

[14]. According to Monteiro et al. [15], combining biomass 

power generation with pellet production plants represents a 

highly effective strategy for optimizing pellet manufacturing 

processes. Combined heat and power (CHP) operations often 

represent the most efficient use of biomass, The energy 

conversion rate of biomass cogeneration can reach more than 

twice that of pure power generation [16], [17]. Various biomass 

cogeneration systems have been developed and implemented to 

optimize the production of heat and electricity. Wood 

combustion generates exhaust gases at high temperatures 

typically between 900 and 1000 °C [18], [19], which makes it 

especially well-suited for integration with high-temperature 

heat recovery technologies such as hot air turbines. Hot air 

turbines are a developing technology that enables the use of 

low-quality fuels by isolating the working fluid from 

combustion gases. Heat is transferred through a high-

temperature exchanger operating above 900 °C to ensure 

reliable turbine operation [20], [21]. Indeed, Ibrahim et al. [22] 

highlighted in their study that the air temperature at the inlet of 

the turbine and the compressor’s air compression ratio are 

critical parameters in this technology, with an optimal 

compression ratio existing that maximizes the system’s 

efficiency.  

This study analyzes a cogeneration system designed to supply 

500 kW of electrical power for the production unit and to 

deliver thermal energy (via flue gases at 400–600 °C) for wood 

drying in a rotary drum dryer. A mathematical model was 

developed to evaluate system performance and optimize its 

operating parameters. The simulations are carried out in 

MATLAB using thermodynamic properties from the CoolProp 

database. An algorithm has been developed to determine the 

following parameters:  

 

1. The variation of exhaust gas temperature at the 

chimney outlet,  

2. the variation of flue gas temperature at the dryer outlet,  

3. the variation of the electrical efficiency of the system,  

4. The variation of the thermal efficiency of the system 

and  

5. the variation of the overall cogeneration efficiency, as 

functions of the compression ratio, flame 

temperature, and turbine inlet air temperature.  

This parametric study enabled the identification of the 

system’s optimal parameters and the estimation of the required 

wood quantity for the project. 

II. MATERIALS AND METHODS 

A.  Production Unit 

Wood pellets, made from wood industry byproducts, are 6–

8 mm in diameter and up to 40 mm long. Production involves 

chipping, crushing, drying, pelletizing, and cooling, followed 

by packaging for transport [23].  A simplified representation of 

a typical unit available on the global market is shown in Fig. 1, 

along with the amount of electricity required for each stage of 

the process [24]. 

 
Fig. 1: A simplified representation of a common pellet production unit. 

B. Biomass Resources 

This study is based on the assumption of continuous wood 

availability, used as a working hypothesis to simplify the model 

and focus on the technical aspects of energy consumption. The 

assumption, validated by the General Directorate of Forests 

(DGF), presumes constant wood production throughout the 

year. The exploitable areas were determined according to a 

five-year program (see Table I).  

In El Taref region, Eucalyptus plantations cover 10,822 

hectares. Eucalyptus is well-suited for short-rotation systems 

due to its fast growth, environmental adaptability, and high 

lignin and cellulose content, making it ideal for biomass-based 

heat and electricity production. These plantations also support 

soil regeneration and reduce erosion [25], [26]. The DGF 

estimates that 20 to 30 m³/ha of woody biomass with a density 

of 500 kg/m³ can be recovered; this study assumes a 

recoverable volume of 25 m³/ha. The elemental composition of 

Eucalyptus is shown in Table II.  

C. Combustion Assumptions 

The study assumes complete combustion of wood, with all 

products gaseous except for ashes. Considering air contains 

3.76 moles of nitrogen per mole of oxygen, the theoretical air 

needed for combustion is calculated. For raw wood at 50% 

moisture, 2.81 kg of air per kg of wood is required, with 25–

100% excess air typically used to ensure full combustion [27]. 

D. Composition of Flue Gases  

Assuming complete combustion of Eucalyptus with ashes 

settling in the furnace, the resulting flue gases contain CO2, 

H2O, SO2, N2, and O2 (when excess air is present). The fuel’s 

smoke power, measured as kilograms of smoke per kilogram of 

raw wood, is calculated as follows. 

 

mf  =  [CO2] + [H2O]f  + [SO2] + [N2] + [O2]                    (1) 

 

where: [CO2], [H2O], [SO2], [N2] and [O2], represent masses 

formed from the combustion of 1 kg of raw fuel. 

Table. I 

EXPLOITED AREA FROM 2016 TO 2020 AND QUANTITY OF SLASH RECOVERED 

FROM EL TAREF FORESTS [31] 

Year 2016 2017 2018 2019 2020 

Exploited area (ha) 619 780 747 1000 782 

Slash recovered (ton) 7738 9750 9338 12500 9775 

  

 

 

Table. II 

ELEMENTAL MASS COMPOSITION BASED ON DRY SUBSTANCE AND AT 50% 

MOISTURE CONTENT [32] 

 C H O N S Ash 

Dry 48.33 5.89 45.13 0.15 0.01 0.49 

50 % moisture 

content 
24.16 2.95 22.56 0.07 0.01 0.24 
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E. Calorific value of the fuel 

The higher heating value (HHV) and lower heating value 

(LHV) of the fuel are determined using correlations based on 

the mass composition (dry basis). Using various calculations, 

the average values of HHV and LHV are 19220 kJ/kg and 7700 

kJ/kg, respectively [28], [29].  

F. Flame temperature T5 

According to empirical formulas in the literature, furnace 

combustion is not totally adiabatic. One such formula is Eq. 2 

(from [30]) as follows: 

𝑇5 =
𝐿𝐻𝑉 + 𝐴𝛼(𝐻𝐻𝑉)𝐶𝑝𝑎

(𝑇𝑎 − 80)10−6

(1 − 0.01)(𝐴𝑠ℎ) + 𝐴𝛼(𝐻𝐻𝑉)𝐶𝑝𝑔
10−6

                      (2) 

where: A is the theoretical air required per million (Btu fired,lb) 

(A = At * 106/HHV);  Cpa and Cpf are the specific heats of air 

and products of combustion respectively (Btu/lb. °F); the LHV 

and HHV are given in British thermal units (Btu/lb); (Ash) is 

given as a percentage; α : total air ratio (theoretical air ratio + 

excess air ratio α0). Theoretical air ratio is the ratio of the actual 

air required to the stoichiometric air required. For perfect 

combustion, the theoretical air ratio is 1. 

III. SYSTEM DESCRIPTION 

The proposed TAC system for the cogeneration unit is 

illustrated in Fig. 2.  

 

Fig 1: Hot air turbine system proposed for the cogeneration unit 

It consists of a boiler, a compressor, a heat exchanger, and a 

turbine. Combustion gases from the wood-fired boiler can reach 

temperatures of up to 950 °C. These hot gases are directed into 

a heat exchanger, where they are used to heat air that has been 

previously compressed. After passing through the heat 

exchanger, the compressed air reaches high temperatures, 

typically between 700 and 950 °C.  This hot air then drives a 

turbine connected to a generator, producing electricity. At the 

turbine outlet, the air remains hot. A portion of this air is mixed 

with the combustion gases exiting the heat exchanger and 

routed to a wood dryer, which is part of the pellet production 

unit. The remaining hot air is mixed with ambient air to improve 

combustion efficiency in the boiler.  

A. Hypotheses 

All operations (compressions, expansions, and heat exchanges) 

are assumed to be internally reversible; the air is assumed to 

behave as an ideal gas. The calculations were conducted with 

the following parameters: isentropic efficiency of the turbine 

(𝜂𝑖𝑠𝑇=0.90), Compressor efficiency (𝜂c =0.88) and T1: air 

temperature at compressor inlet (T1=25 C).  

B. Balance Sheet on the Cogeneration Unit 

The temperature rise across the compressor is determined using 

the following thermodynamic relationship 

𝑇2𝑠 = 𝑇1 ∗ 𝜏
𝛾−1

𝛾                        (3)                                                                                          

 

Noting that 𝛼 =
𝛾−1

𝛾
, it yields 

 

𝑇2𝑠 = 𝑇1 ∗ 𝜏𝛼               (4) 

 

The efficiency of the compressor is defined as follows: 

 

𝜂𝑐 =
𝑇2𝑠−𝑇1

𝑇2−𝑇1
                 (5) 

 

𝑇2 = 𝑇1 ∗ (1 +
𝜏𝛼−1

𝜂𝑐
)            (6) 

 

However, 𝑇4𝑠 can be expressed as follows 

 

𝑇4𝑠 = 𝑇3 ∗ 𝜏−𝛼             (7) 

    

The turbine efficiency is defined as follows: 

 

𝜂𝑡 =
𝑇3−𝑇4

𝑇3−𝑇4𝑠
               (8) 

 

which gives 

 

𝑇4 = 𝑇3(1 − 𝜂𝑡 ∗ (1 − 𝜏−𝛼))           (9) 

 

Energy balance on the air-gas heat exchanger is given as 

follows 

 

𝑚̇𝑎𝐶𝑝𝑎2𝑇2 + 𝑚̇𝑓𝐶𝑝𝑓5𝑇5 = 𝑚̇𝑎𝐶𝑝𝑎3𝑇3 + 𝑚̇𝑓𝐶𝑝𝑓6𝑇6          (10) 

 
𝑚̇𝑎(𝐶𝑝𝑎2𝑇2−𝐶𝑝𝑎3𝑇3)+𝑚̇𝑓𝐶𝑝𝑓5𝑇5

𝑚̇𝑓
=𝐶𝑝𝑓6𝑇6                  (11)  

 

where, Eq. 11 is solved by iterations using MATLAB to find 

T6, while 𝐶𝑝𝑓6 is determined as a function of T6. 

 

A portion of the air exiting the turbine is injected into the flue 

gases leaving the heat exchanger. To determine the mass flow 

rate of ambient air (𝑚̇𝑒) required to achieve the desired air 

temperature at the boiler inlet, an energy balance is performed 

at point e, where the hot air from the turbine mixes with ambient 

air. 

 

𝑚̇𝑎𝐶𝑝𝑎4𝑇4 + 𝑚̇𝑒𝐶𝑝𝑎25𝑇𝑎𝑡𝑚 = 𝑚̇𝑎𝐶𝑝𝑎𝑇𝑒𝑇𝑒 + 𝑚̇𝑒𝐶𝑝𝑎4𝑇4 (12) 

 

𝑚̇𝑒 =  
𝑚̇𝑎(𝐶𝑝𝑎𝑇𝑒𝑇𝑒−𝐶𝑝𝑎4𝑇4)

(𝐶𝑝𝑎25𝑇𝑎𝑡𝑚−𝐶𝑝𝑎4𝑇4)
           (13) 

 

The energy balance at point 6′, representing the mixing of 

combustion gases with turbine outlet air, is expressed as: 

 

𝑚̇𝑒𝐶𝑝𝑒𝑇4 + 𝑚̇𝑓6𝐶𝑝𝑓6𝑇6 = (𝑚̇𝑓6+𝑚̇𝑒)𝐶𝑝𝑓6′𝑇6′                (14) 

 

 
𝑚̇𝑒𝐶𝑝𝑒𝑇4+𝑚̇𝑓6𝐶𝑝𝑓6𝑇6

(𝑚̇𝑓6+𝑚̇𝑒)
=𝐶𝑝𝑓6′𝑇6′                                               (15) 
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It should be clarified that Eq. 15 is solved by iterations using 

MATLAB to find T6', where 𝐶𝑝𝑓6′ is determined as a function 

of T6'. As for the Dryer heat requirement, the mass balance 

through the dryer gives: 

 

(𝑚̇𝑓6′+𝑚̇𝑒)𝐶𝑝𝑓6′𝑇6′ + 𝑚̇𝑏1𝐶𝑝𝑏1𝑇𝑏1 = (𝑚̇𝑓6′+𝑚̇𝑒)𝐶𝑝𝑓7𝑇7 +

𝑚̇𝑏2𝐶𝑝𝑏2𝑇𝑏2 + 𝑚̇𝑒𝑣ℎ𝑔        (16) 

 

(𝑚̇𝑓6′+𝑚̇𝑒)𝐶𝑝𝑓6′𝑇6′ + 𝑚̇𝑏1𝐶𝑝𝑏1𝑇𝑏1 − 𝑚̇𝑏2𝐶𝑝𝑏2𝑇𝑏2 =

(𝑚̇𝑓6′+𝑚̇𝑒)𝐶𝑝𝑓7𝑇7 + 𝑚̇𝑒𝑣ℎ𝑔         (17) 

 

The equation is solved iteratively to determine T7. The 

iterations are performed using MATLAB, where Cpf6′ and hg 

are evaluated at each step based on T7 and the molar fraction 

of water in the flue gases, respectively. 

 

Installation efficiency: 

 

Turbine power 

 

𝑤̇𝑇 = 𝑚̇a (𝐶𝑝𝑎3𝑇3 − 𝐶𝑝𝑎4𝑇4)            (18) 

 

Compressor power 

 

𝑤̇𝑐 = 𝑚̇a (𝐶𝑝𝑎2𝑇2 − 𝐶𝑝𝑎1𝑇1)                                    (19) 

 

𝑤̇𝑐𝑦𝑐𝑙𝑒 = 𝑤̇𝑡 − 𝑤̇𝑐  (20) 

 

Note that the power needed to operate the production unit 

(𝑤̇𝑢𝑛𝑖𝑡𝑒) is 500 KW. In this case, the quantity of wood required 

to generate this energy is calculated as follows: 

 

𝑚̇𝑐𝑜𝑔 =
𝑤̇𝑢𝑛𝑖𝑡𝑒

𝑤̇𝑐𝑦𝑐𝑙𝑒
               (21) 

 

𝜂𝑒𝑙 =
𝑤̇𝑢𝑛𝑖𝑡𝑒

𝑃𝐶𝐼∗𝑚̇𝑐𝑜𝑔
                           (22) 

 

in which, Q̇ is the quantity of heat released by the fumes at the 

dryer. This can be written as follows 

 

Q̇ = (𝑚̇𝑓6′+𝑚̇𝑒)𝑚̇𝑐𝑜𝑔𝐶𝑝𝑓6′𝑇6′ − (𝑚̇𝑓6′+𝑚̇𝑒)𝑚̇𝑐𝑜𝑔𝐶𝑝𝑓7𝑇7(23) 

 

𝜂𝑡ℎ =
Q̇

𝑃𝐶𝐼∗𝑚̇𝑐𝑜𝑔
                     (24) 

 

𝜂𝑐𝑜𝑔 = 𝜂𝑒𝑙 + 𝜂𝑡ℎ            (25) 

 

IV. RESULTS AND DISCUSSION 

In order to investigate how the flame temperature, air 

temperature at the turbine's inlet (T3), and compression ratio 

affect the cycle's performance, we have increased the amount 

of excess air from 35% to 85%, T3 from 1000 K to 1180 K, and 

the compression ratio from 2 to 10.  To ensure stable and 

complete combustion without operational issues, it is essential 

to minimize bottom ash formation and limit unburned gaseous 

and solid emissions. Bottom ash forms when ash reaches its 

melting point, which, for wood, must remain below its 

softening temperature approximately 1200 °C. To prevent this, 

the flame temperature should be kept under 1000 °C by 

adjusting the excess air ratio (α₀). Unburned materials not only 

reduce system efficiency but also have harmful environmental 

effects. Additionally, the flue gas temperature at the boiler 

outlet should remain above the acid dew point to prevent 

condensation. While this point typically ranges from 125 to 

135 °C for sulfur-rich fuels [33], [34], a lower limit of 100 °C 

is acceptable in this study due to the low sulfur content (0.01%) 

of the wood. 

The temperature at the dryer inlet, T6', must remain above the 

dryer’s operating temperature (>400 °C). The evolution of 

flame temperature as a function of the total air ratio (α) and the 

boiler inlet air temperature (Te) is shown in Fig. 3.  

 

Fig.2: Evolution of flame temperature with total air ratio (α) and boiler inlet 

air temperature (Te) 

This figure shows that the flame temperature varies inversely 

with the excess air ratio: as the excess air increases, the flame 

temperature decreases. This trend is expected, since higher 

excess air dilutes the combustion gases with a larger amount of 

nitrogen and unreacted oxygen, thereby lowering the flame 

temperature. Conversely, the flame temperature increases with 

higher boiler inlet air temperatures. Indeed, preheated 

combustion air enhances the combustion reaction and reduces 

thermal losses associated with heating the oxidant. It is also 

observed that for boiler inlet air temperatures above 100 °C, an 

excess air ratio higher than 90% is required to maintain the 

flame temperature below 1200 K.  From these observations, 

optimal operating parameters can be set. By selecting: an excess 

air ratio α = 80% and a boiler inlet air temperature Te = 100 °C, 

the resulting flame temperature is 1192 K (≈ 919 °C), which 

represents a satisfactory compromise between energy 

performance and compliance with material constraints and 

pollutant emission limits.  

The influence of turbine inlet air temperature and compression 

ratio has been studied.  Variation of electrical, thermal, and 

cogeneration efficiencies all with compression ratio are 

presented in Fig. 4, Fig. 5 and Fig. 6, respectively. 

 
Fig.3: Variation of electrical efficiency with compression ratio 
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Fig.4: Variation of thermal efficiency with compression ratio 

 
Fig.5: Variation of cogeneration efficiency with compression ratio 

From the results shown in Fig.4, 5, and 6, it can be observed 

that, regardless of the value of T3, the curves display a similar 

trend, which can be divided into two distinct phases:  

First phase: a rapid increase in performance up to a 

maximum point. This growth reflects the energy gain 

obtained from raising the turbine inlet air temperature.  

Second phase: beyond this maximum, a stability zone 

appears, where performance remains nearly constant. 

The recorded values stay close to those at the optimal 

point, indicating that increasing T3 beyond a certain 

threshold brings little additional improvement.  

Furthermore, for a fixed compression ratio, the different 

parameters studied (efficiency, gas temperature, etc.) generally 

increase with T3. However, this temperature must remain 

below the flame temperature, with a minimum safety margin of 

50 °C. This constraint is essential to avoid overheating issues 

that could damage materials and increase NOx emissions. 

Taking these conditions into account, the turbine inlet air 

temperature can be set at T3 = 1140 K (867 °C). This choice 

represents an optimal compromise, ensuring both high energy 

performance and safe cycle operation.  

Fig.7 and Fig. 8 illustrate the evolution of the inlet and outlet 

temperatures of the dryer, respectively.  

 

 
Fig.6: Curves of Dryer Outlet Temperature (T7) Evolution as a Function of 

Compression Ratio 

 
Fig.7: Curves of Dryer inlet Temperature (T6') Evolution as a Function of 

Compression Ratio 

Initially, both curves decrease rapidly, reach a minimum, and 

then rise again. This trend reflects the nonlinear behavior of 

heat exchange between the exhaust gases and the moist wood. 

The passage through a minimum explains the reduction in 

overall efficiency observed from this point: the energy 

contained in the gases is recovered less effectively, which 

lowers drying performance. Critical flue gas temperatures are 

maintained regardless of compression ratio or turbine inlet 

temperature: T7 stays above the acid dew point to prevent 

corrosion, and T6′ remains above 400 °C to ensure efficient and 

continuous wood drying. These results demonstrate that, 

despite the efficiency drop observed near the minimum, the 

process remains thermodynamically viable and safe, while 

ensuring both drying quality and equipment protection.  

Table III identifies the compression ratio that maximizes 

efficiency, τ = 8, for which the overall efficiency of the plant is 

52.91%.  

To validate the developed model, the results of the present 

study were compared with several reference studies available 

in the literature [21], [35]-[37].  

Table IV highlights the performance of different case studies 

involving biomass-fired hot air turbine cogeneration systems. 

The discrepancies observed among the results are mainly 

attributed to the installed capacity, the type of biomass used, the 

operating conditions (turbine inlet temperature, compression 

ratio), as well as the selected simulation model. The net power 

output calculated in the present work is 500kW, which is 
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significantly higher than the reported values ranging from 30 to 

100 kW. This difference is essentially related to the design 

conditions. However, the turbine outlet temperature remains 

comparable to that reported in previous studies, with a value of 

867 °C in this work versus 830-900 °C in the literature. 

Regarding electrical efficiency, the developed model yields 

19.68%, which is close to the values obtained by Vera et al. 

[35]-[37] and Pantaleo et al. [38] but slightly lower than those 

reported by Iora and Silva [35] and Durante et al. [21], which 

reach 23.5% and 27.6%, respectively. In contrast, the thermal 

efficiency and overall cogeneration efficiency obtained 

(33.23% and 52.91%) fell within the range of reference studies, 

although some values, such as the overall efficiency of 83.6% 

reported by Vera et al., are higher due to specific operating 

conditions. These results confirm the consistency of the 

proposed model with previous works, while also highlighting 

the differences arising from calculation assumptions, the types 

of biomass employed, and operating parameters (compression 

ratio, flame temperature, and turbine characteristics). This 

comparison therefore validates the developed model and 

situates its performance within the range of those found in the 

broader scientific literature on biomass-fueled hot air turbine 

cogeneration systems. 

 
Table I: Program results for T3=1140 K, T5=1192K, and Te=373K 

𝝉 
T6' 

(K) 

T7 

(K) 
ɳth ɳel ɳcog 

mcog 

(Kg/s) 

2,0 739,00 630,00 0,2091 0,1111 0,3202 0,5845 

2,5 728,00 596,00 0,2494 0,1371 0,3866 0,4735 

3,0 721,00 573,75 0,2752 0,1550 0,4301 0,4191 

3,5 716,00 557,75 0,2931 0,1676 0,4607 0,3875 

4,0 713,00 547,00 0,3053 0,1767 0,4820 0,3675 

4,5 711,00 539,25 0,3141 0,1834 0,4975 0,3541 

5,0 709,00 533,00 0,3202 0,1882 0,5084 0,345 

5,5 709,00 529,75 0,3249 0,1917 0,5166 0,3388 

6,0 709,00 527,25 0,3283 0,1941 0,5224 0,3346 

6,5 708,00 524,75 0,3299 0,1956 0,5255 0,3319 

7,0 709,00 524,50 0,3314 0,1965 0,5279 0,3304 

7,5 710,00 524,75 0,3320 0,1969 0,5289 0,3298 

8,0 711,00 525,25 0,3323 0,1968 0,5291 0,3299 

8,5 712,00 526,25 0,3317 0,1964 0,5281 0,3307 

9,0 713,00 527,25 0,3311 0,1956 0,5268 0,3319 

9,5 715,00 529,50 0,3304 0,1946 0,5250 0,3336 

10,0 716,00 531,25 0,3286 0,1934 0,5220 0,3357 

 

Table IV: Performance of Hot Air Turbines in Biomass Cogeneration Units Compared with Modeling and Simulation Results from the Literature 

 
Present study 

 

Iora and 

Silva [35] 

Durante et al. 

[21] 

Vera, Jurado, 

and Carpio [36] 

Vera, Jurado, de 

Mena, et al. [37] 

Pantaleo et al. 

[38] 

wnet (kW) 500 72.7 98.82 70 30 77.54 

Toutlet turbine (C) 867 850 - 850 830 900 

ɳel 19.68 23.5 27.6 19.6 20.1 19.19 

ɳth 33.23 43 - 64 40.1 - 

𝝉 8 5.37 5.5 4 4 - 

ɳcog 52.91 66.5 - 83.6 60.2 - 

Type of biomass  eucalyptus - eucalyptus olive residues olive residues biomass 

 



V.  CONCLUSION 

Our study was designed as an analysis to assess the feasibility 

conditions of an industry adapted to the wood-energy sector in 

Algeria. To address this issue, we designed a pellet production 

unit with a capacity of 2 t/h, coupled with a cogeneration system 

to ensure self-consumption. The latter cogenerates an electrical 

power of 500 kW and thermal energy in the form of combustion 

flue gases at temperatures between 400 and 600 °C. The supply 

chain is fed with biomass from eucalyptus residues with 50% 

moisture content, collected from forests located in the northeast 

of Algeria (El Tarf).  

 

The simulation carried out in MATLAB enabled the 

determination of the optimal operating parameters for each 

studied system, taking into account both thermodynamic 

conditions and performance constraints. This approach 

facilitated the parametric analysis of the cycles.  

 

The analysis showed that if the air temperature at the boiler inlet 

exceeds 100 °C, an excess air ratio above 90% is required to 

keep the flame temperature below 1 200 K. Based on this, the 

parameters were set to α = 80% and Te = 100 °C, resulting in a 

flame temperature of 1 192 K (919 °C). The turbine inlet 

temperature T3 must remain below the flame temperature and 

was fixed at 1 140 K (867 °C). Once these parameters were 

defined, the compression ratio maximizing efficiency was 

determined to be about 8, yielding a cogeneration efficiency of 

53% (electrical efficiency = 20%, thermal efficiency = 33%). 

Therefore, to produce 2 t/h of pellets at 10% moisture content, 

the unit requires 4.78 t/h of wood at 50% moisture content, of 

which 1.18 t/h is consumed by cogeneration, which achieves an 

overall efficiency of 53% (20% electrical and 33% thermal). 

The potential of the studied region would allow meeting the 

heating needs of up to 2 700–2 750 households, i.e., about 

15 000 inhabitants (approximately 3.2% of the total population 

of the region).  

 

This study highlights the potential of forestry residues as a 

renewable energy source to develop Algeria’s wood-energy 

sector, particularly for pellet production, offering an eco-

friendly alternative to fossil fuels. However, challenges such as 

sustainable biomass availability, forest fires, high moisture 

content, technical constraints, and economic costs must be 

addressed. Success depends on sound resource management, 

supportive policies, skilled workforce, and public acceptance. 

Careful planning is essential to ensure the long-term viability 

of biomass cogeneration and support Algeria’s energy 

transition.  

 

 

REFERENCES 

[1] N. Arshed, M. Munir, et M. Iqbal, “Sustainability assessment using 
STIRPAT approach to environmental quality: an extended panel data 

analysis”, Environ Sci Pollut Res, vol. 28, no 14, p. 18163‑18175, Apr. 

2021, doi: 10.1007/s11356-020-12044-9. 
[2] S. F. Moosavian, Y. Noorollahi, et M. Shoaei, “Renewable energy 

resources utilization planning for sustainable energy system 

development on a stand-alone island”, Journal of Cleaner Production, 
vol. 439, p. 140892, Feb. 2024, doi: 10.1016/j.jclepro.2024.140892. 

[3] B. Bergougui, “Moving toward environmental mitigation in Algeria: 

Asymmetric impact of fossil fuel energy, renewable energy and 
technological innovation on CO2 emissions”, Energy Strategy Reviews, 

vol. 51, p. 101281, jan. 2024, doi: 10.1016/j.esr.2023.101281. 

[4] S. Haddoum, H. Bennour, and T. Ahmed Zaïd, “Algerian Energy Policy: 
Perspectives, Barriers, and Missed Opportunities”, Global Challenges, 

vol. 2, no 8, p. 1700134, 2018, doi: 10.1002/gch2.201700134. 

[5] P. Díaz-Cuevas, B. Haddad, et M. Fernandez-Nunez, “Energy for the 
future: Planning and mapping renewable energy. The case of Algeria”, 

Sustainable Energy Technologies and Assessments, vol. 47, p. 101445, 

oct. 2021, doi: 10.1016/j.seta.2021.101445. 

[6] Ministry of energy and mining of Algeria, Le Programme des Energies 
et Renouvelables et de l’Efficacit´e Energetique, « Le Programme des 

Energies Renouvelables et de l’Efficacit´e Energetique ». Consulté le: 

Jul. 23, 2025.  
[7] T. Li et al., “Performance analysis of an integrated biomass-to-energy 

system based on gasification and pyrolysis”, Energy Conversion and 

Management, vol. 287, p. 117085, Jul. 2023, doi: 
10.1016/j.enconman.2023.117085. 

[8] [8] M. Mutascu, « Is biomass energy really sustainable in the United 

States? », Renewable and Sustainable Energy Reviews, vol. 181, p. 
113325, juill. 2023, doi: 10.1016/j.rser.2023.113325. 

[9] M. Shahbaz, C. Raghutla, K. R. Chittedi, Z. Jiao, and X. V. Vo, “The 

effect of renewable energy consumption on economic growth: Evidence 
from the renewable energy country attractive index”, Energy, vol. 207, 

p. 118162, sept. 2020, doi: 10.1016/j.energy.2020.118162. 

[10] R. T. Baur, S. Tuedic, J. Promploy, and K. Kirasamutranon, “Optimizing 
biomass pellet quality from sugarcane leaves and bamboo for 

sustainable biofuel production”, Advances in Bamboo Science, vol. 11, 

p. 100153, mai 2025, doi: 10.1016/j.bamboo.2025.100153. 
[11] L. J. R. Nunes, M. Casau, M. F. Dias, J. C. O. Matias, and L. C. Teixeira, 

“Agroforest woody residual biomass-to-energy supply chain analysis: 

Feasible and sustainable renewable resource exploitation for an 
alternative to fossil fuels”, Results in Engineering, vol. 17, p. 101010, 

Mar. 2023, doi: 10.1016/j.rineng.2023.101010. 

[12] H. Tran, E. Juno, and S. Arunachalam, “Emissions of wood pelletization 
and bioenergy use in the United States”, Renewable Energy, vol. 219, p. 

119536, Dec. 2023, doi: 10.1016/j.renene.2023.119536. 

[13] Y. Nie, X. Song, M. Shan, and X. Yang, “Effect of pelletization on 
biomass thermal degradation in combustion: A case study of peanut shell 

and wood sawdust using macro-TGA”, Energy and Built Environment, 

avr. 2024, doi: 10.1016/j.enbenv.2024.04.002. 
[14] C. Whittaker and I. Shield, “Short rotation woody energy crop supply 

chains”, in Biomass supply chains for bioenergy and biorefining, 

Elsevier, 2016, p. 217‑248.  
[15] E. Monteiro, V. Mantha, and A. Rouboa, “The Feasibility of Biomass 

Pellets Production in Portugal”, Energy Sources, Part B: Economics, 

Planning, and Policy, vol. 8, no 1, p. 28‑34, Jan. 2013, doi: 
10.1080/15567249.2011.608414. 

[16] J. Gao et al., “Site selection decision for biomass cogeneration projects 
from a sustainable perspective: A case study of China”, Energy, vol. 286, 

p. 129518, Jan. 2024, doi: 10.1016/j.energy.2023.129518. 

[17] S. K. Ghosh, “Biomass & Bio-waste Supply Chain Sustainability for 
Bio-energy and Bio-fuel Production”, Procedia Environmental 

Sciences, vol. 31, p. 31‑39, Jan. 2016, doi: 

10.1016/j.proenv.2016.02.005. 
[18] G. Carraro, V. Bori, A. Lazzaretto, G. Toniato, and P. Danieli, 

“Experimental investigation of an innovative biomass-fired micro-ORC 

system for cogeneration applications”, Renewable Energy, vol. 161, p. 
1226‑1243, 2020. 

[19] A. Hamdi, M. Amouri, H. Bennour, T. Ahmed-Zaid, and R. Bouarab, 

“Sizing of an organic rankine cycle cogeneration plant fueled with 
woody biomass: Application to an integrated wood pellet production 

unit”, International Journal of Green Energy, p. 1‑13, Jul. 2025, doi: 

10.1080/15435075.2025.2530123. 
[20] K. A. Al-attab and Z. A. Zainal, “Externally fired gas turbine 

technology: A review”, Applied Energy, vol. 138, p. 474‑487, Jan. 2015, 

doi: 10.1016/j.apenergy.2014.10.049. 

[21] A. Durante, G. Pena-Vergara, P. L. Curto-Risso, A. Medina, et A. Calvo 

Hernández, “Thermodynamic simulation of a multi-step externally fired 

gas turbine powered by biomass”, Energy Conversion and Management, 
vol. 140, p. 182‑191, mai 2017, doi: 10.1016/j.enconman.2017.02.050. 

[22] T. K. Ibrahim et M. M. Rahman, “Effect of compression ratio on the 

performance of different strategies for the gas turbine”, International 
Journal of Automotive and Mechanical Engineering, vol. 9, p. 

1747‑1757, 2014. 

[23] E. D. Walker, N. F. Lee, C. Nica, A. Barnes, B. Graham, et K. Martin, 
“Amplifying concerns: An exploration of community noise levels in rural 

communities impacted by wood pellet production”, Environmental 

Challenges, vol. 17, p. 101024, Dec. 2024, doi: 
10.1016/j.envc.2024.101024. 

[24] Starmax Agri Solutions, BIOPELLET SYSTEM (2 tph), Turkey, offer, 

2019. 
[25] E. Acuña, R. Rubilar, J. Cancino, T. J. Albaugh, and C. A. Maier, 

“Economic assessment of Eucalyptus globulus short rotation energy 

crops under contrasting silvicultural intensities on marginal 
agricultural land”, Land Use Policy, vol. 76, p. 329‑337, Jul. 2018, doi: 

10.1016/j.landusepol.2018.05.028. 

[26] G. Kewessa, T. Dejene, and P. Martín-Pinto, “Soil fungal communities 
under plantations of different Eucalyptus species in Ethiopia: Insights 

for evidence-based management”, Science of The Total Environment, 

vol. 982, p. 179663, Jun. 2025, doi: 10.1016/j.scitotenv.2025.179663. 
[27] T. Nussbaumer, “Combustion and Co-combustion of Biomass: 

Fundamentals, Technologies, and Primary Measures for Emission 

Reduction”, Energy Fuels, vol. 17, no 6, p. 1510‑1521, Nov. 2003, doi: 
10.1021/ef030031q. 



46                                                                                                                                      Hamdi et al.: Woody Biomass Cogen. . .  

 
[28] C. Sheng and J. L. T. Azevedo, “Estimating the higher heating value of 

biomass fuels from basic analysis data”, Biomass and Bioenergy, vol. 

28, no 5, p. 499‑507, May 2005, doi: 10.1016/j.biombioe.2004.11.008. 

[29] J. M. Vargas-Moreno, A. J. Callejón-Ferre, J. Pérez-Alonso, et B. 

Velázquez-Martí, “A review of the mathematical models for predicting 

the heating value of biomass materials”, Renewable and Sustainable 

Energy Reviews, vol. 16, no 5, p. 3065‑3083, Jun. 2012, doi: 
10.1016/j.rser.2012.02.054. 

[30] V. Ganapathy, Industrial boilers and heat recovery steam generators: 

design, applications, and calculations. CRC Press, 2002.  
[31] DGF, “Plan de gestion de la wilaya d’El Tarf”, Algerie, 2016. 

[32] R. Saidur, E. A. Abdelaziz, A. Demirbas, M. S. Hossain, and S. 

Mekhilef, “A review on biomass as a fuel for boilers”, Renewable and 
Sustainable Energy Reviews, vol. 15, no 5, p. 2262‑2289, Jun. 2011, doi: 

10.1016/j.rser.2011.02.015. 

[33] L. Keller and J.-P. Jaccoud, “Température minimale des gaz de fumée 
dans les chauffages existants”, No. 18, Aug. 1988, doi: 10.5169/SEALS-

76830. 

[34] M. Terhan, Prediction sulphuric acid and water vapour dew point 
temperatures of flue gases and combustion analysis for solid fuels in 

turkey”, Journal of Thermal Engineering, vol. 7, no 2, p. 30‑46, Feb. 

2021, doi: 10.18186/thermal.867125. 
[35] P. Iora and P. Silva, “Innovative combined heat and power system based 

on a double shaft intercooled externally fired gas cycle”, Applied 
Energy, vol. 105, p. 108‑115, May 2013, doi: 

10.1016/j.apenergy.2012.11.059. 

[36] D. Vera, F. Jurado, and J. Carpio, “Study of a downdraft gasifier and 
externally fired gas turbine for olive industry wastes”, Fuel Processing 

Technology, vol. 92, no 10, p. 1970‑1979, Oct. 2011, doi: 

10.1016/j.fuproc.2011.05.017. 
[37] D. Vera, F. Jurado, B. de Mena, and G. Schories, “Comparison between 

externally fired gas turbine and gasifier-gas turbine system for the olive 

oil industry”, Energy, vol. 36, no 12, p. 6720‑6730, Dec. 2011, doi: 
10.1016/j.energy.2011.10.036. 

[38] A. M. Pantaleo, S. M. Camporeale, and N. Shah, “Thermo-economic 

assessment of externally fired micro-gas turbine fired by natural gas and 
biomass: Applications in Italy”, Energy Conversion and management, 

vol. 75, p. 202‑213, 2013. 

 
 

Amel HAMDI is an engineer holding a master’s degree in 

chemical engineering, awarded by the École Nationale 

Polytechnique, Algiers, in 2015. Since then, she has been 

pursuing a PhD at the École Nationale Polytechnique, Algiers, 

with a research focus on the energetic valorization of biomass. 

Her work has resulted in one published article and her active 

participation in two international conferences and one national 

seminar.  

Mohamed AMOURI received the Engineer Diploma from Ibn 

Khaldoun University, Tiaret, and the Master’s and PhD degrees 

from the École Nationale Polytechnique, Algiers, in 2012 and 

2019, respectively. He is currently a researcher at the Centre de 

Développement des Énergies Renouvelables (CDER). His 

current research interests include biodiesel production, life 

cycle assessment, and microalgae cultivation.  

Hocine BENNOUR is an assistant professor at the Mechanical 

Engineering Department (ENP, Algiers). He has been involved 

in teaching and research in thermodynamic cycles, Energy 

conversion and Turbomachinery  

Toudert AHMED ZAID is Professor at the Chemical 

Engineering Department (ENP, Algiers). He has an experience 

of 20 years in the domain of surfactants and dispersed systems. 

He has authored or coauthored more than forty papers; mainly 

in this research area.  

Rabah BOUARAB is Professor at the Chemical Engineering 

Department of Ecole Nationale Polytechnique, Algiers. He has  

an  experience of 26 years  in  the  field  of  hydrogen 

production. He has authored or co-authored more than 40 

papers mainly in this research area. 

 
 



ENP Engineering Science Journal, Vol. 5, No. 2, December, 2025 47

Efficient Face Recognition Using
Embedding-Based Distillation

Hana Remma, Chaimaa Ouarezki, Youcef Ouadjer, Mourad Adnane, and Sid-Ahmed Berrani

Abstract—Knowledge distillation (KD) facilitates the compression of large, high-performing neural networks into
efficient student models, enabling deployment on resource-limited devices like mobile phones and IoT systems. This
paper introduces a KD methodology, which involves training a student to capture a teacher’s soft labels, intermediate
feature representations, and ground truth labels, ensuring both compactness and accuracy. Applied to face recognition,
our hybrid KD framework trains a MobileFaceNet student under an InceptionResNetV1 teacher, achieving 90.40%
accuracy and a 96.25% AUC, outperforming lightweight models while remaining suitable for edge devices. These results
highlight the potential of KD to enable robust, scalable face recognition solutions for real-world, resource-constrained
environments.

Keywords—Face Recognition, Knowledge Distillation, Mobile devices, Efficient Deep learning.

NOMENCLATURE

KD Knowledge Distillation.
FAR False Acceptance Rate.
FRR False Rejection Rate.
EER Equal Error Rate.
AUC Area Under the Curve
ROC Receiver Operating Characteristics

I. INTRODUCTION

Face recognition is a technology with numerous real-world ap-
plications, such as biometric authentication, video surveillance,
and human-computer interaction. Recent advances in deep learn-
ing have led to high-performing models like ArcFace [1], Cos-
Face [2], and MagFace [3], which achieve remarkable accu-
racy on large-scale benchmarks. However, these state-of-the-
art (SOTA) models typically rely on deep architectures with
hundreds of millions (100) of parameters and high computa-
tional complexity, making them unsuitable for deployment on
resource-constrained devices such as smartphones, IoT nodes,
and embedded systems.

To address this limitation, several strategies have been explored
to reduce model size while preserving accuracy. Model compres-
sion techniques, including pruning [4] and quantization [5], aim
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to eliminate redundant weights or reduce numerical precision.
While these methods significantly reduce storage and inference
costs, they often require meticulous fine-tuning and may re-
sult in performance degradation, especially on challenging face
recognition tasks. For example, the lightweight architecture of
ShuffleFaceNet [6], constructs compact models from the ground
up using depthwise separable convolutions or channel shuffling.
These models offer faster inference and lower memory foot-
prints but still fall short in recognition accuracy compared to
their larger counterparts.

An alternative and increasingly popular direction is knowledge
distillation (KD), initially introduced by Hinton et al. [7, 8],
which transfers knowledge from a large teacher model to a
smaller student. In the context of face recognition, KD has
been applied to improve embedding quality by aligning student
features with those of a pretrained teacher network.

In this paper, we propose a lightweight and effective face recog-
nition framework that leverages a hybrid knowledge distillation
approach. Our method enables a compact student model to be
trained under the supervision of a pre-trained teacher network
using both classification loss and embedding-based distillation
loss. Unlike existing distillation methods that often require com-
plex formulations or additional modules, our approach adopts
a simple yet powerful dual-loss strategy that encourages the
student to simultaneously learn identity labels and replicate the
teacher’s rich embedding space. This ensures that the student
inherits both the discriminative capability and relational struc-
ture of the teacher, achieving a balance between compactness
and accuracy suitable for on-device deployment. This paper is
organized as follows: Section II. dives into the methodology
of the proposed knowledge distillation framework. Section III.
provides interpretation and discussion of the obtained results.
Finally, section IV. concludes the paper with future directions.

II. METHODOLOGY

Knowledge distillation (KD) offers a robust set of benefits, mak-
ing it a pivotal technique for model compression and deploy-
ment. It enables a compact model, often termed the student,
with significantly reduced computational cost, to emulate the

2716-912X c© 2025 Ecole Nationale Polytechnique
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Fig. 1: Conceptual diagram of knowledge distillation, illustrating the teacher model (top) transferring soft labels to the student
model (bottom), alongside ground truth labels shaping the total loss.

capabilities of a larger, high-performing teacher model, facil-
itating deployment on resource-constrained platforms such as
mobile devices or IoT systems.

As illustrated in Figure 1, the InceptionResNetV1 [9] and Mo-
bileFaceNet [10] are used as teacher and student models respec-
tively. The main advantage of using InceptionResnNetV1 is that
it is trained on large publicly available datasets, and it encom-
passes general face feature representations. The MobileFaceNet
on the othe hand is a compact deep neural network dedicated
for facial recognition applications.

It is worth noting that the structure of InceptionResNetV1 and
MobileFaceNet are different, the motivation for this difference
is to enable knowledge transfer across diverse architectures, as
evidenced by [11] and [12]. This flexibility allows tailoring
student models to specific hardware or latency requirements
while leveraging the teacher’s expertise.

The proposed KD framework relies on three critical components:
the teacher’s soft labels, intermediate feature representations,
and ground truth labels from the dataset. Drawing on founda-
tional contributions by Hinton et al. [7] and Deng et al. [1], the
following subsections detail the learning mechanisms, weaving
mathematical precision with practical considerations.

A. Soft Labels: Capturing Class Relationships

The teacher, a deep neural network with significant capacity, pro-
duces soft labels-probability distributions over classes for each
input that encode inter-class similarities. The distilled model
often matches or surpasses the teacher’s performance on specific
tasks despite its smaller size. By learning softened probability
distributions, the student can replicate nuanced patterns, offering
more information than binary hard labels. The teacher’s logits,
zt = [zt,1, . . . , zt,C ], where C denotes the number of classes,

are softened using a temperature parameter T :

Pt,i =
exp(zt,i/T )∑C
j=1 exp(zt,j/T )

(1)

where Pt,i is the softened probability for class i. Similarly
to the teacher model, the student model produces soft-labels
probability Ps,i using its logits zs = [zs,1, . . . , zs,C ] to mimic
teacher’s output:

Ps,i =
exp(zs,i/T )∑C
j=1 exp(zs,j/T )

(2)

To align these distributions, the student minimizes the Kullback-
Leibler (KL) divergence, defining the distillation loss:

LKD = T 2
C∑
i=1

Pt,i log
Pt,i

Ps,i
(3)

The T 2 scaling ensures the loss remains balanced for large T ,
enabling the student to internalize the teacher’s generalizations,
particularly for complex class boundaries [7].

By leveraging soft labels, KD enhances generalization capabil-
ity of the student, and provides richer information than hard
labels. These labels reveal class similarities, enabling the stu-
dent to handle ambiguous inputs effectively. For example, a
teacher assigning probabilities to “dog” and “wolf” guides the
student toward nuanced patterns. Hinton et al. [7] showed KD-
trained students outperform hard-label-trained models on com-
plex datasets. Peng et al. [13] found that KD promotes smoother
class distributions in remote sensing tasks, improving robustness
to input variations.
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B. Intermediate Feature Representations

Building on soft labels, and feature embeddings of the student,
it is possible to learn robust intermediate representations. A
method advanced by Deng et al. [1] in their ArcFace framework,
proposed a highly discriminative face feature Alorithm, based
on an additive angular margin penalty term m.

In this work we use the ArcFace additive angular margin penalty
to enhance the discriminative power of deep features for face
recognition. Given an input feature embedding vector xs ∈ Rd,
produced by the student model, and a weight vector Wi ∈ Rd

for class i, both are first normalized to compute the cosine
similarity as cos(θi) = x>Wi

‖x‖‖Wi‖ . For the ground-truth class y,
an angular margin m is added in the cosine space, modifying
the similarity as:

cos(θy +m) = cos(θy) cos(m)−
√

1− cos2(θy) sin(m) (4)

Finally the student logits are scaled by a factor s, based on:

zs,i =

{
s · cos(θy +m), if i = y

s · cos(θi), otherwise
(5)

This formulation effectively increases the angular margin be-
tween classes in the normalized hypersphere, leading to im-
proved inter-class separability and intra-class compactness.

C. Ground Truth Labels

To ensure task-specific accuracy, the student is trained on ground
truth labels via cross-entropy loss:

LCE = −
C∑
i=1

yi log(Ps,i) (6)

where yi is the one-hot ground truth label, and Ps,i is the stu-
dent’s probability (with T = 1). This loss anchors the student’s
predictions to the dataset, balancing the teacher’s influence with
direct task learning [7].

D. Combined Objective

The student’s training optimizes a composite loss:

Ltotal = α · LKD + (1− α) · LCE (7)

where α ∈ [0, 1] balances distillation and cross-entropy losses.
Typical values include α = 0.5˘0.9, T = 2˘10. This balance is
often an empirical, enabling the student to synthesize teacher
insights and ground truth effectively [7,11,12,14]. These hyper-
parameters require careful tuning, often through validation, to
reconcile objectives like teacher mimicry and task fidelity.

E. Experimental Setup

Our facial recognition system is based on the MobileFaceNet
(student model), trained through knowledge distillation from
a high-capacity InceptionResNetV1 (teacher model). Training
was conducted using the Adam optimizer with a learning rate of
0.01 and weight decay of 10−4.

While teacher training is resource-intensive, KD limits this cost
to the student pre-training phase. The student requires minimal
resources for fine-tuning or deployment, reducing production
expenses.

In this work, we used the Labeled Faces in the Wild (LFW)
dataset [15], to pre-train and evaluate the MobileFaceNet model.
The LFW is a well established and commonly used dataset to
evaluate face recognition models. It contains over 13 000 images
of faces, with 5 749 identities, collected from the web, with three
different splits: train, evaluation and test sets.

III. RESULTS AND DISCUSSION

This section presents the results. First, a description of the
evaluation metrics is given. Then, results are presented with
an in-depth discussion. Finally, a comparison of the obtained
results with MobileFaceNet against state-of-the-art models is
presented.

A. Evaluation Metrics

We evaluated performance using the following standard metrics:

• Accuracy (%): Percentage of correctly classified pairs.

• FAR False Acceptance Rate (%): refers to the impostor
accepted as genuine.

• FRR False Rejection Rate (%): is the genuine rejected
as impostor.

• EER Equal Error Rate (%): is the point where FAR =
FRR.

• AUC (%): Area Under the Receiver Operating Character-
istics (ROC) Curve.

B. Obtained Results

Table. I
EXPERIMENTAL RESULTS OF THE PROPOSED METHOD

Accuracy (%) FAR (%) FRR (%) EER (%) AUC (%)

90.40 0.87 18.33 18.66 96.25

The experimental results illustrated in Table I, highlight the effec-
tiveness of the proposed KD approach in training a lightweight
face recognition model with high performance and low com-
putational cost. The MobileFaceNet student achieved a top-1
accuracy of 90.4%, an AUC of 96.25% (Figure 2), and a FAR
of 0.87%, demonstrating its capability to inherit rich represen-
tations from the InceptionResNetV1 teacher, which enhances
generalization and avoids overfitting typical of smaller models
trained from scratch.
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This approach is highly practical for resource-constrained de-
vices. The low FAR underscores the robustness of the learned
embeddings, critical for security applications like biometric
authentication, surpassing lightweight alternatives with less dis-
criminative features. However, the high FRR and EER (around
18%) indicate a limitation, likely due to dataset biases or insuffi-
cient feature diversity in the student model. To reduce FRR and
EER it is possible to explore the hyperparameter space by tuning
T , α, and the learning rate with advanced regularization like
dropout, batch normalization and early stopping. Overall, this
method balances performance and efficiency, offering a scalable
solution for real-world face recognition.

Fig. 2: ROC curve of MobileFaceNet trained via knowledge
distillation.

C. Comparison with State-of-the-Art Models

Table. II
COMPARISON WITH LIGHTWEIGHT AND HEAVYWEIGHT

SOTA MODELS

Model Accuracy (%) # of parameters (M)

Pyramid CNN [16] 85.5 -
DCMN [17] 90.00 0.5
ArcFace
(ResNet50) [1]

98.2 23.5

CosFace
(ResNet101) [2]

98.1 44.5

Ours (MobileFaceNet) 90.4 0.99

The distilled MobileFaceNet model is compared to state-of-
the-art models in terms of accuracy, and number of trainable
parameters in millions (M). Results are depicted in Table II.
Compared to Pyramid CNN [16] and DMCN [17] models, our
approach shows clear improvements in accuracy, making it suit-
able for embedded systems. While heavyweight models such as
ArcFace [1] (23.5M) and CosFace [2] (44.5M) outperform ours
in raw accuracy, they require significantly more computational
resources, making them less practical for edge devices.

IV. CONCLUSION

In this work we demonstrated the efficacy of knowledge distilla-
tion (KD) in crafting efficient, high-performing models for face

recognition, with broad implications for resource-constrained ap-
plications such as smartphone devices. Our hybrid KD approach,
employing MobileFaceNet as the student model under an Incep-
tionResNetV1 teacher, achieves 90.40% accuracy and 96.25%
AUC, outperforming lightweight models while remaining viable
for edge deployment. The methodology integrates soft labels,
feature alignments, and ground truth learning, ensuring the stu-
dent captures the teacher’s nuanced knowledge, as evidenced by
a robust False Acceptance Rate of 0.87%. Our appraoch has the
advantages of computational efficiency, cross-architecture versa-
tility, and it is tailored for real-time applications like biometric
authentication and IoT systems.

The elevated False Rejection Rate suggests refinement oppor-
tunities, with future research exploring multi-teacher or self-
distillation by leveraging an ensemble of teacher models that
combine their knowledge into a single student, merging diverse
strengths.
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Advanced Control of Shunt Active Power Filter 
based on Flying Capacitor Multicellular Inverter 

using Backstepping and PS-PWM 

Kheira Hemici and Mohand Oulhadj Mahmoudi 

Abstract−This paper presents an advanced nonlinear control strategy for a Shunt Active Power Filter (SAPF) utilizing a 

Flying Capacitor Multicellular Inverter (FCMLI) to improve power quality in electrical distribution systems. The 

proposed control is based on the Backstepping technique, known for its ability to handle nonlinear system dynamics and 

guarantee global stability. To ensure efficient inverter operation and capacitor voltage balancing, Phase-Shifted Pulse 

Width Modulation (PS-PWM) is employed. The effectiveness of the proposed Backstepping controller is evaluated against 

a traditional Proportional-Integral (PI) controller. Simulation results demonstrate that the proposed method 

outperforms the conventional PI controller in terms of total harmonic distortion (THD), transient response, and capacitor 

voltage balance. 

Keywords−Shunt active power filter, flying capacitor multicellular inverter, backstepping control, harmonic mitigation. 

 

NOMENCLATURE 

 

SAPF  Shunt Active Power Filter  

FCMLI  Flying Capacitor Multicellular Inverter  

PS-PWM  Phase-Shifted Pulse Width Modulation  

PI  Proportional-Integral  

BC  Backstepping Controller  

THD  Total Harmonic Distortion  

RMS  Root Mean Square  

PCC  Point of Common Coupling  

SRF  Synchronous Reference Frame   

 

I. INTRODUCTION 

Power quality has become a major concern due to the 

proliferation of nonlinear loads in modern electrical grids. 

Shunt Active Power Filters (SAPFs) are widely employed to 

compensate for current harmonics and reactive power [1]- [3]. 

The integration of multilevel inverters, particularly Flying 

Capacitor Multicellular Inverters (FCMLIs), into SAPFs 

provides additional benefits such as reduced switching losses, 

improved voltage quality and modularity. Numerous 

researchers have explored and tested a variety of control 

methodologies tailored to FCMLI-based SAPFs [4]-[11]. These 

strategies aim to enhance the dynamic performance, efficiency, 

and reliability of the system while ensuring compliance with 

stringent power quality standards. 

The multilevel structure of FCMLIs provides significant 

advantages, such as reduced harmonic distortion, improved 

voltage waveforms, and greater flexibility in voltage control. 

However, FCMIs introduce complexities in control due to the 

floating nature of their capacitors and the need for voltage 

balancing [12]-[14]. Traditional control strategies like PI 

controllers often fail to maintain performance under varying 

load conditions or dynamic disturbances. To address these 

limitations, this study proposes a nonlinear Backstepping 

control scheme integrated with PS-PWM, providing improved 

harmonic mitigation and capacitor voltage regulation.  

Backstepping is a powerful recursive design methodology that 

systematically builds a robust nonlinear control law, 

guaranteeing global asymptotic stability for systems in strict 

feedback form [15]-[17]. This method is especially well-suited 

for complex power electronic converters because it explicitly 

accounts for the system's nonlinearities. Consequently, it 

delivers superior dynamic performance, disturbance rejection, 

and accurate tracking compared to conventional linear control 

approaches.  

Our numerical simulations clearly demonstrate the 

effectiveness of this proposed backstepping-based control 

strategy in achieving the outlined control goals, ensuring stable 

operation, optimal performance, precise flying capacitor 

voltage balancing, and effective harmonic current 

compensation. This paper is organized as follows: Section II 

details the mathematical model of the SAPF-FCMLI in the d-q 

reference frame; Section III discusses the proposed 

backstepping controller synthesis; Section IV presents the 

simulation results and their interpretation; Section V concludes 

the paper II 

II. MATHEMATICAL MODEL OF THE SAPF-FCMLI IN THE D-Q 

REFERENCE FRAME 

In this section, the topology of the three-phase SAPF FCMLI is 

presented, along with its mathematical model in both α−β and 

d−q phase coordinates. The control of flying capacitor voltage 

is discussed, and the algorithm for generating the reference 

current is described. 
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Fig. 1 illustrates the schematic layout of a four-level Shunt 

Active Power Filter utilizing a Flying Capacitor Multilevel 

Inverter (SAPF-FCMLI). This system is engineered to suppress 

harmonic currents and compensate for reactive power arising 

from nonlinear loads. In the presented study, the nonlinear load 

takes the form of a three-phase diode rectifier, which is known 

to generate considerable current harmonics.  

 

 

Fig. 1: Three phases SAPF based on Flying Capacitor Multicellular Inverter 
system.    

The SAPF-FCMLI effectively addresses these power quality 

issues by injecting appropriate compensation currents. As a 

result, the mains currents remain nearly sinusoidal, even when 

subjected to nonlinear loading conditions, thereby improving 

overall power quality and ensuring stable, high-quality source 

currents.  

The FCMLI utilizes two DC-bus capacitors to effectively 

stabilize the DC bus voltage. The SAPF-FCMLI is connected 

to the distribution system at a Point of Common Coupling 

(PCC) through an (𝐿𝑓,𝑗 , 𝑅𝑓,𝑗) coupling filter. The differential 

equations describing the dynamic model of the three-phase 

SAPF-FCMLI are defined in (𝛼𝛽) axes, as given in Eq. (1).  

𝑑

𝑑𝑡
(
𝑖𝑓𝛼
𝑖𝑓𝛽
) =  

1

𝐿𝑓
(
𝑣𝑠𝛼 − 𝑣𝑓𝛼 − 𝑅𝑓𝑖𝑓𝛼
𝑣𝑠𝛽 − 𝑣𝑓𝛽 − 𝑅𝑓𝑖𝑓𝛽

)                   (1) 

The dynamical model of the system in 𝑑𝑞 reference frame 

results in Eq. (2) as follows [18]:  

𝑑

𝑑𝑡
(
𝑖𝑓𝑑
𝑖𝑓𝑞
) =  

1

𝐿𝑓
(
𝑣𝑓𝑑 − 𝑣𝑠𝑑 − 𝑅𝑓𝑖𝑓𝑑 +  𝜔𝐿𝑓𝑖𝑓𝑞
𝑣𝑓𝑞 − 𝑣𝑠𝑞 − 𝑅𝑓𝑖𝑓𝑞 +  𝜔𝐿𝑓𝑖𝑓𝑑

)        (2) 

According to the Equation (2), the mathematical model of 

proposed topology three-phase SAPF-FCMLI can be expressed 

as follows [19] 

𝑥̇ =  𝐴𝑥 + 𝐵𝑢 + 𝐺                                   (3) 

Equation (3) presents the general state-space form, where 𝑥 is 

a state vector (i.e., [𝑖𝑓𝑑 , 𝑖𝑓𝑞]T), 𝑥̇ is the reference vector, and 𝑢 

is the input vector (i.e., [𝑣𝑓𝑑 , 𝑣𝑓𝑞]T). Matrix A, B and G can be 

expressed as follows: 

𝐴 = 

[
 
 
 
 −
𝑅𝑓

𝐿𝑓
−𝜔

𝜔 −
𝑅𝑓

𝐿𝑓 ]
 
 
 
 

, 𝐵 =  

[
 
 
 
 
1

𝐿𝑓
1

𝐿𝑓]
 
 
 
 

, 𝐺 =  

[
 
 
 −
𝑣𝑠𝑑
𝐿𝑓

−
𝑣𝑠𝑞

𝐿𝑓 ]
 
 
 

 

G represents external perturbations, such as source voltage 

variations. 

The model presented in (2) describes the interaction between 

the active filter connected to the PCC and the AC power system 

in 𝑑𝑞 coordinates. The mathematical model helps to identify the 

control inputs, as well as the state and input variables. The 

model has two inverter currents (𝑖𝑓𝑑, 𝑖𝑓𝑞), the control inputs 

(𝑢𝑓𝑑, 𝑢𝑓𝑞) are related to the control signal s𝑗𝑘; and the input 

voltages at the PCC (𝑣𝑠𝑑, 𝑣𝑠𝑞) are treated as external 

perturbations to the system.  

The SAPF injects harmonic currents in opposition to those 

generated by the nonlinear load. The Synchronous Reference 

Frame (SRF) method transforms load currents from the 𝛼𝛽 

frame to the 𝑑𝑞 frame to separate harmonic components from 

the fundamental [11],[20]. This method performs robustly even 

under non-ideal grid conditions. Fig. 2 presents the block 

diagram of this extraction method. 

 

 
  

Fig. 2: Block diagram for extracting reference currents under the  frame.  

III. PROPOSED BACKSTOPPING CONTROL 

The principle of the backstepping controller involves 

systematically constructing a control law in an iterative manner. 

During this process, certain components of the system's state 

representation are treated as "virtual controls," for which 

intermediate control laws are progressively developed [21]. 

This methodology inherently incorporates the concept of 

Lyapunov stability, ensuring that a chosen Lyapunov function 

remains positive definite while its time derivative is 

consistently negative definite. This rigorous approach allows 

the system to be decomposed into a series of nested subsystems 

of decreasing order. At each successive step, the order of the 

system is effectively increased, and the stabilization of the 

previously unstable parts is addressed, culminating in the 

derivation of the final control law in the last step. This iterative 

procedure always guarantees the overall asymptotic stability of 

the system. 

A. Control synthesis by backstepping for DC bus voltage 

The DC side of the SAPF-FCMLI can be expressed as: 

𝑑𝑉𝑑𝑐

𝑑𝑡
=

𝑖𝑑𝑐

𝐶𝑑𝑐
                                   (4) 
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To maintain the DC bus capacitor voltage at a constant desired 

value, a Backstepping controller is employed for its regulation. 

The primary objective of this control loop is to generate the 

power reference at the DC bus capacitor terminal. 

The tracking error variable for the DC bus voltage 𝑒𝑉𝑑𝑐 is 

defined as follows: 

𝑒𝑉𝑑𝑐 = 𝑉𝑑𝑐
∗ − 𝑉𝑑𝑐                              (5) 

Its derivative is as follows: 

𝑒𝑉𝑑𝑐̇ =
𝑑𝑉𝑑𝑐

∗

𝑑𝑡
+ 

𝑑𝑉𝑑𝑐

𝑑𝑡
                              (6) 

Substituting 𝑉𝑑𝑐̇  from (4) into (6) yields: 

𝑒𝑉𝑑𝑐̇ = 𝑉𝑑𝑐
̇ +  

𝑖𝑑𝑐

𝐶𝑑𝑐
                                   (7) 

To proceed with the Backstepping design, we choose a 

Lyapunov function 𝑉𝐿1 as follows: 

𝑉𝐿1 =
1

2
 𝑒𝑉𝑑𝑐
2                                    (8) 

The derivative of 𝑉𝐿1 with respect to time is given by: 

𝑉𝐿1̇ =  𝑒𝑉𝑑𝑐𝑒𝑉𝑑𝑐̇ =  𝑒𝑉𝑑𝑐 (𝑉𝑑𝑐
∗̇ −

𝑖𝑑𝑐
∗

𝐶
)                    (9) 

Lyapunov function must be negative (𝑉𝐿1̇ <0) this can be 

achieved by choosing the derivative of the error 𝑒𝑉𝑑𝑐 to be: 

𝑒𝑉𝑑𝑐̇ =  −𝐾1 𝑒𝑉𝑑𝑐                               (10) 

in which, 𝐾1 is a positive gain (𝐾1>0). 

From equations (7) and (10) we find: 

𝑖𝑑𝑐
∗ = 𝐶𝑑𝑐(𝑉𝑑𝑐

∗̇ − 𝐾1 𝑒𝑉𝑑𝑐)                         (11) 

In this case, the reference voltage 𝑉𝑑𝑐
∗  is chosen as a constant, 

so its derivative 𝑉𝑑𝑐
∗̇ will be zero. To guarantee the Lyapunov 

stability, the control law is chosen as: 

𝑖𝑑𝑐
∗ = 𝐶𝑑𝑐𝐾1 𝑒𝑉𝑑𝑐                                   (12) 

Therefore, the control law can be written as given by Eq. (12). 

B. Control synthesis by backstepping for current filter 

The dynamic equations of the system in the 𝑑𝑞 reference frame 

are given by system (2), while the tracking errors for the 𝑑𝑞 axis 

currents, 𝑒𝑖𝑑 and 𝑒𝑖𝑞, are defined as follows: 

{
𝑒𝑖𝑑 = 𝑖𝑓𝑑

∗ − 𝑖𝑓𝑑
𝑒𝑖𝑞 = 𝑖𝑓𝑞

∗ − 𝑖𝑓𝑞
                              (13) 

Their derivatives are: 

{
𝑒𝑖𝑑̇ = 𝑖𝑓𝑑

∗ ̇ − 𝑖𝑓𝑑̇

𝑒𝑖𝑞̇ = 𝑖𝑓𝑞
∗ ̇ − 𝑖𝑓𝑞̇

                              (14) 

From system (2), the derivatives of the filter currents 𝑖𝑓𝑑̇  and 𝑖𝑓𝑞̇ 

are as follows: 

{
𝑖𝑓𝑑̇ =

1

𝐿𝑓
 (𝑣𝑓𝑑 − 𝑣𝑠𝑑 − 𝑅𝑓𝑖𝑓𝑑 +  𝜔𝐿𝑓𝑖𝑓𝑞)

𝑖𝑓𝑞̇ =
1

𝐿𝑓
 (𝑣𝑓𝑞 − 𝑣𝑠𝑞 − 𝑅𝑓𝑖𝑓𝑞 +  𝜔𝐿𝑓𝑖𝑓𝑑)

           (15) 

The Lyapunov function for this subsystem is chosen as: 

𝑉𝐿2 =
1

2
 𝑒𝑖𝑑
2 + 

1

2
 𝑒𝑖𝑞
2                            (16) 

The derivative of 𝑉𝐿2 with respect to time is given by: 

𝑉𝐿2̇ = 𝑒𝑖𝑑𝑒𝑖𝑑̇ + 𝑒𝑖𝑞𝑒𝑖𝑞̇                            (17) 

To ensure the stability of the system, the derivative of the 

Lyapunov function must be negative 𝑉̇ 𝐿2 must be negative. 

This can be achieved by choosing 𝑒̇𝑖𝑑 and 𝑒̇𝑖𝑞 as: 

{
𝑒𝑖𝑑̇ = 𝐾2𝑒𝑖𝑑
𝑒𝑖𝑞̇ = 𝐾3𝑒𝑖𝑞

                              (18) 

where, 𝐾2 and 𝐾3 are positive gains (𝐾2>0, 𝐾3>0). 

Substituting 𝑒𝑖𝑑̇ and 𝑒𝑖𝑞̇ from (14) into (18) and then 

substituting 𝑖̇𝑓𝑑 ∗̇ and 𝑖̇𝑓𝑞 ∗̇ from (15), we derive the 

expressions for the control inputs 𝑣𝑓𝑑 and 𝑣𝑓𝑞. For example, 

from the first part of (18) and (14): 

𝑖𝑓𝑑̇ −
1

𝐿𝑓
 (𝑣𝑓𝑑 − 𝑣𝑠𝑑 − 𝑅𝑓𝑖𝑓𝑑 +  𝜔𝐿𝑓𝑖𝑓𝑞) =  −𝐾2𝑒𝑖𝑑      (19) 

Rearranging to solve for 𝑣𝑓𝑑, it yields: 

𝑣𝑓𝑑 = 𝑣𝑠𝑑 − 𝑅𝑓𝑖𝑓𝑑 +  𝜔𝐿𝑓𝑖𝑓𝑞 +  𝐿𝑓(𝑖𝑓𝑑̇ − 𝐾2𝑒𝑖𝑑)      (20) 

Similarly, for 𝑣𝑓𝑞 , it follows 

𝑣𝑓𝑞 = 𝑣𝑠𝑞 − 𝑅𝑓𝑖𝑓𝑞 +  𝜔𝐿𝑓𝑖𝑓𝑑 +  𝐿𝑓 (𝑖𝑓𝑞̇ − 𝐾3𝑒𝑖𝑞)     (21) 

Therefore, the final control law for the filter voltages 𝑣𝑓𝑑 and 

𝑣𝑓𝑞  can be written as: 

{
𝑣𝑓𝑑 = 𝑣𝑠𝑑 − 𝑅𝑓𝑖𝑓𝑑 +  𝜔𝐿𝑓𝑖𝑓𝑞 +  𝐿𝑓(𝑖𝑓𝑑

∗ ̇ − 𝑖𝑓𝑑)

𝑣𝑓𝑞 = 𝑣𝑠𝑞 − 𝑅𝑓𝑖𝑓𝑞 +  𝜔𝐿𝑓𝑖𝑓𝑑 +  𝐿𝑓 (𝑖𝑓𝑞
∗̇ − 𝑖𝑓𝑞)

           (22) 

To ensure Lyapunov stability, the control law is given by 

Equation (19). Flying Capacitor Voltage Balancing using PS-

PWM we propose voltage-balancing dynamic in FCMLI using 

phase shifted pulse width modulation (PS-PWM). We 

specialize in the case three-cell inverter which represents four-

level FCMLI (p=3), the control law balances the flying 

capacitor voltages to the defined values (𝑣𝐶𝑗1
∗ =

𝑉𝑑𝑐

3
 ; 𝑣𝐶𝑗2

∗ =

2
𝑉𝑑𝑐

3
) [11]. The FCMLI employs phase-shifted pulse width 

modulation for voltage balancing [22, 23]. The voltage 

balancing dynamics are governed by: 

{

𝑑𝑉𝐶𝑗1

𝑑𝑡
=

1

𝐶
(𝑑𝑗2 − 𝑑𝑗1)𝑖𝑓𝑗

𝑑𝑉𝐶𝑗2

𝑑𝑡
=

1

𝐶
(𝑑𝑗3 − 𝑑𝑗2)𝑖𝑓𝑗

           (23) 

There are two values for the switch control functions. s𝑗𝑘= 

{0,1}, meaning "1" and "0" that the switch is on and off 

respectively. The switch pairs in each phase function in a 

complementary manner 𝑠𝑗1, 𝑠𝑗1̅̅̅̅ , 𝑠𝑗2, 𝑠𝑗2̅̅̅̅ ,  and 𝑠𝑗3, 𝑠𝑗3̅̅̅̅ ,. The line-

to-ground voltage 𝑉𝑀𝑗 and the currents through the flying 

capacitors (𝑖𝐶𝑗1, 𝑖𝐶𝑗2) can be written using Kirchhoff's laws as: 
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𝑉𝑀𝑗 = (𝑠𝑗1 − 𝑠𝑗2)𝑉𝑐𝑗1 + (𝑠𝑗2 − 𝑠𝑗3)𝑉𝑐𝑗2 + 𝑠𝑗3
𝑉𝑑𝑐

2
−

𝑉𝑑𝑐

2
   (24) 

From the preceding equations, we deduce that the current 

flowing through a capacitor is governed by the control signals 

linked to two consecutive switches within a switching period. 

The local-average representation of the capacitor current can be 

expressed as: 

{
𝑖𝐶𝑗1̅̅ ̅̅ ̅ = (𝑑𝑗2 − 𝑑𝑗1)𝑖𝑓𝑗̅

𝑖𝐶𝑗2̅̅ ̅̅ ̅ = (𝑑𝑗3 − 𝑑𝑗2)𝑖𝑓𝑗̅
                          (25) 

Where,  𝑖𝐶𝑗1̅̅ ̅̅ ̅  and 𝑖𝐶𝑗2̅̅ ̅̅ ̅   are the locally averaged currents of the 

capacitor 𝑑𝑗3, 𝑑𝑗2 and 𝑑𝑗1 are the duty cycles of the switch 𝑠𝑗3, s𝑗2 
and 𝑠𝑗1, respectively. The duty cycles are modified using 

proportional control: 

{
 
 

 
 𝑑𝑗1 = 𝑉𝑓𝑗

∗ + 𝑠𝑖𝑔𝑛(𝑖𝑓𝑗) (−(𝑉𝑐𝑗1
∗ − 𝑉𝑐𝑗1)) 𝑘𝑝

𝑑𝑗2 = 𝑉𝑓𝑗
∗ + 𝑠𝑖𝑔𝑛(𝑖𝑓𝑗) ((𝑉𝑐𝑗1

∗ − 𝑉𝑐𝑗1) − (𝑉𝑐𝑗2
∗ − 𝑉𝑐𝑗2)) 𝑘𝑝

𝑑𝑗3 = 𝑉𝑓𝑗
∗ + 𝑠𝑖𝑔𝑛(𝑖𝑓𝑗) (−(𝑉𝑐𝑗2

∗ − 𝑉𝑐𝑗2)) 𝑘𝑝

  

(26) 

Figure 3 shows the diagram of the voltage balancing technique 

for generation of the functions of the switches 𝑠𝑗𝑘 [11]. 

 

  
Fig. 3: Block diagram of the voltage balancing technique for four-level 

multicellular inverter using Phase-Shifted Pulse Width Modulation (PSPWM).  

IV. RESULTS AND DISCUSSION 

The SAPF-FCMLI and its backstepping controller were 

implemented in MATLAB using the Power Systems Toolbox. 

The nonlinear load is a three-phase diode rectifier. System 

parameters are given in Table I.  

Table. I 

PARAMETERS VALUES OF THE SIMULATED SYSTEM [6] 

PARAMETER VALUE 

Supply voltage and frequency 220V, 50 Hz 
Supply impedance 1 mΩ, 1 mH 

Load impedance 10 Ω, 10 mH 

Coupling Filter 1 mΩ, 1 mH 
DC bus voltage 800 V 

DC bus capacitance 5 mF 

Switching frequency 10 kHz 
Gains: K1, K2, and K3 10, 70, 70 

The objective of this work is to demonstrate the effectiveness 

of the SAPF-FCMLI controlled by a backstepping controller in 

terms of harmonic current filtering, reactive power 

compensation, and source current balancing under unbalanced 

nonlinear load conditions. 

To validate its efficacy and robustness, comprehensive 

computer simulations were performed, including a significant 

load change introduced at 0.6 seconds. These simulations 

assessed the system's dynamic response, harmonic mitigation, 

and power factor improvement. A key aspect of the evaluation 

involved a direct comparison between the proposed 

backstepping controller and a conventional PI controller.  

Initially, before SAPF-FCMLI activation (Fig. 4), source 

currents were heavily distorted with high Total Harmonic 

Distortion (THD) and were out of phase with the voltage, 

leading to a low power factor and high reactive power 

absorption. Upon activation, the SAPF-FCMLI, under both 

control strategies, dramatically enhanced power quality. Source 

currents became remarkably sinusoidal and perfectly 

synchronized with the voltage (Fig. 5 for backstepping, Fig. 6 

for PI), indicating significantly reduced reactive power 

consumption and an excellent power factor.  

Quantitatively, the backstepping controller consistently 

exceeded the PI controller in reducing THD. As detailed in 

Table II, the backstepping controller achieved a remarkable 

THD of 0.65% (pre-variation) and 1.02% (post-variation), 

which was significantly lower than the PI controller's 2.57% 

(pre-variation) and 2.31% (post-variation). The backstepping 

controller also maintained RMS currents closer to desired 

levels across both conditions, affirming its superior harmonic 

mitigation capabilities and robust control in dynamic scenarios. 

Table. II 

COMPARISON BETWEEN BACKSTEPPING CONTROLLER BC AND PI 

CONTROLLER IN TERMS OF SOURCE CURRENT 

 

PI BC 

t< 0.6s t> 0.6s t< 0.6s t> 0.6s 

THD (%) 2.57 2.31 0.65 1.02 

RMS (A) 54.8 150.4 52.54 147.04 

 

 

 

 

  

Fig. 4: Voltage and Source current (phase (a)) with THDs before SAPF-

FCMLI insertion  
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Fig. 5: Source voltage and current (phase (a)) waveforms with corresponding 

THDs after SAPF-FCMLI insertion using the backstepping controller.  

  

 

Fig. 6: Voltage and source current (phase (a)) with THDs after SAPFFCMLI 
insertion using PI controller.  

The backstepping controller consistently demonstrates superior 

voltage regulation performance compared to the PI controller, 

especially under load disturbances. The DC bus voltage 

undershoot is a mere 27V with backstepping control, precisely 

half the 54V observed with PI control. Similarly, flying 

capacitor voltage (𝑉𝐶𝑗1, 𝑉𝐶𝑗2) undershoots are consistently half 

as low with Backstepping, as detailed in Table III.  

Table. III 

PERFORMANCE COMPARISON BETWEEN BACKSTEPPING CONTROLLER BC AND 

PI CONTROLLERS IN TERMS OF THE DC BUS VOLTAGE AND FLYING CAPACITOR 

VOLTAGES 

Metric PI BC 

Transit time 0.32 s 0.18 s 

The undershoot 

in voltage 

Vdc 54 V 27 V 

Vcj1 36 V 18 V 
Vcj2 18 V 9 V 

Steady-State Error higher Significantly lower 

Robustness limited Superior  

Furthermore, the backstepping controller ensures a 

significantly faster transient response, taking just 0.18 seconds 

to restore voltages to their reference values, half the 0.32 

seconds required by the PI controller. It also minimizes steady-

state deviations and voltage ripples in the flying capacitors, 

crucial for maintaining high output waveform quality and 

overall system efficiency. 

Figs. 7 and 8 visually confirm this stark contrast, with Figure 7 

illustrating the backstepping controller's stable and excellent 

regulation, while Figure 8 highlights the larger fluctuations and 

slower recovery characteristic of PI control. This evidence 

collectively underscores the Backstepping controller's 

enhanced resilience and precision in maintaining critical 

voltage stability within the SAPF-FCMLI system. 

 

V. CONCLUSION 

This paper presented a backstepping control technique for a 

three-phase SAPF-FCMLI, achieving harmonic mitigation, 

reactive power compensation, and voltage balancing. 

Simulation results validate the controller’s effectiveness, with 

THD reduced to 0.65%–1.02%, transient response time of 0.18 

s, and near-zero steady-state error. Compared to the PI 

controller, backstepping offers faster response, lower 

oscillations, and better stability under nonlinear load variations. 

The approach enhances power quality, complies with IEEE 

standards, and improves grid efficiency. Future research could 

focus on real-time implementation, experimental validation, 

and integration with other advanced control techniques to 

further optimize performance. 
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