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This study presents a comprehensive, simulation-based validation of a Luenberger Observer
(LO) specifically designed for fault detection in storage tank systems. It commences with the
development of a nonlinear storage tank model, which is subsequently linearized to streamline
the observer design process. The LO estimates critical system states and produces residual
signals that enable reliable fault detection. The observer gain is meticulously chosen using pole
placement techniques to ensure rapid convergence of estimates and overall stability. To evaluate
the effectiveness of this approach, three distinct fault scenarios—ramp, square pulse, and
inverted ramp signals—are introduced to simulate various types of abnormal conditions that
could occur in real-world operations. Simulation results demonstrate that the LO accurately
estimates the liquid level states with a mean absolute error of approximately 0.02 meters,
equivalent to about 2.6%. Furthermore, the observer detects faults with an average delay
between 5 and 9 seconds following fault injection, indicating its prompt response capability.
Notably, even with sensor noise levels reaching 6%, the observer maintains stable tracking
performance, demonstrating strong robustness against disturbances. Across all tested scenarios,
the residual signals show rapid increases during fault conditions and swiftly return near zero
once the system reverts to normal operation, with no false alarms observed. Collectively, these
results suggest that the Luenberger Observer provides an accurate, rapid, and disturbance-
tolerant method for fault detection in storage tank systems. Such an approach offers a practical
alternative to data-driven fault detection methodologies, as it relies less on extensive training
datasets and can be more readily implemented for real-time industrial monitoring applications.

INTRODUCTION

maintaining accurate level monitoring and reliable fault detection
in the tank dynamics is not only a control problem but also a
critical safety measure for preventing industrial accidents.

Storage tanks are critical units in process engineering, widely
used in both small-scale operations and large-scale industrial
applications. Their usage is prevalent in the chemical sector,
including oil and gas, petrochemicals, and polymers. A storage
tank serves as a container for storing various types of liquids or
chemicals according to industrial requirements [1]. Due to their
extensive use, storage tanks are susceptible to various problems.
One major issue is structural damage caused by corrosion on the
tank walls, which can lead to leaks or even catastrophic failure.
Corrosion is triggered by both internal factors, such as direct
contact between the liquid and the tank walls, and external
factors, including the surrounding environment. Such damage
increases the risk of fire or explosion, which can endanger both
workers and the surrounding environment [2, 3].

Although structural degradation, such as corrosion, represents a
major source of safety risk, improper liquid-level regulation can
also trigger hazardous events in storage tank operations. In
practice, undetected flow inconsistencies or sensor faults may
lead to overfilling or dry-run conditions, which accelerate
structural fatigue, cause pressure imbalance, and increase the
likelihood of leakage, fire, or tank rupture. Therefore,
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A notable example occurred at ITC Deer Park in 2019, where a
pump failure led to a chemical release and a massive fire,
destroying 15 tanks and contaminating the Houston Ship
Channel. This disrupted local ecosystems and economic
activities, while also risking human health due to hazardous
exposure [4]. To manage fluid levels, industries rely on
automated systems for filling and draining tanks. Accurate level
control is essential in chemical processes, as even slight
deviations can impact product quality. However, monitoring
levels in closed tanks can be challenging. Inflow-outflow
imbalances may lead to overflows or dry runs, both of which can
damage equipment and interrupt operations [5, 6]. These systems
utilize sensors to monitor fluid levels, but these sensors can fail
or produce incorrect data due to issues such as valve damage or
aging. This underlines the importance of fault detection, which
helps identify and isolate problems early [7, 8]. This highlights
the need for fault detection mechanisms, which aim to identify
and isolate faults in the system.
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Several techniques have been developed for fault detection in
tank systems, such as Principal Component Analysis (PCA),
Moving Window Principal Component Analysis (MWPCA),
Change Finder, Support Vector Machine (SVM), and Moving
Window Independent Component Analysis with Adaptive
Threshold (MWAT-ICA). These have been used to detect faults
in sensors, leaks, and valve blockages [9-13]. While these
methods demonstrate good performance, challenges remain,
including dependence on training data [10, 11], vulnerability to
false positives, and delayed detection under nonlinear dynamics
[9]. Therefore, there remains a need for a method that can
accurately and quickly detect faults without requiring large
historical datasets.

The LO offers a promising solution for fault detection due to its
ability to accurately estimate system states and generate residual
signals that are useful in identifying faults [14, 15]. This method
is designed to estimate the internal states of a system that may not
be directly measurable. In addition, the LO is beneficial for
control, system identification, and overall performance
enhancement [16]. By applying this observer, system
linearization can be achieved, making complex nonlinear systems
more manageable. Its strengths lie in its simple mathematical
formulation, reliable stability, and robustness against
disturbances. However, selecting the appropriate observer gain is
crucial to ensure accurate state estimation and fast error
reduction. Previous studies have demonstrated the effectiveness
of the Luenberger Observer in fault detection across various
systems, including BLDC motors [17], railway systems [18], DC-
DC converters [19], vehicle suspensions [20], and dual-tank
systems [21]. However, limited studies have specifically
investigated LO-based fault detection for single storage tank
systems validated under multiple realistic fault scenarios.

Motivated by this gap, this study proposes the design and
simulation-based validation of an LO for fault detection in a
storage tank system. The main contributions of this work are: (i)
designing an LO adapted to the dynamics of a storage tank model,
(i1) evaluating its performance under three different types of
faults: ramp, square pulse, and inverted ramp signals, and (iii)
assessing its accuracy and robustness in terms of estimation error,
fault detection time, and noise tolerance. In contrast to generic
LO formulations, the observer designed in this study incorporates
three tailoring mechanisms that make it suitable for storage tank
dynamics: (i) the observer gain is determined through pole
placement adapted to the slow—fast settling characteristics of
liquid-level dynamics, ensuring faster convergence than the
tank’s natural response; (ii) linearization is performed around an
operating point that reflects the industrial steady-state balance
between inlet and outlet flows, enabling accurate state
reconstruction during transient and near-steady regimes; and (iii)
the residual evaluation employs thresholds derived from nominal
operating behavior rather than fixed limits, allowing reliable
detection of gradually developing and leak-type disturbances
without false alarms. These technical elements distinguish the
proposed LO from conventional observer implementations used
in previous studies. The remaining sections of this paper are
organized as follows: Section 2 presents the mathematical model
and observer design, Section 3 discusses the simulation results,
and Section 4 concludes the study and outlines future work.
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METHODS

This study consists of three main components: (i) the
mathematical modeling of the storage tank system, (ii) the design
of the Luenberger Observer, and (iii) the specification of fault
scenarios used for evaluation. The simulation results and
validation of the proposed method are presented separately in the
next section. The overall methodological workflow is illustrated
in Figure 6, which outlines the complete fault detection procedure
from model development to residual analysis.

Mathematical model of Storage Tank system

The mathematical model of the storage tank system is derived
using the volume balance law, which relates the change in liquid
volume to the inflow and outflow rates as seen in Figure 1.

Figure 1. Storage tank system

In this system, liquid enters the tank through a Flow Indicator (F;).
Inside the tank, a Level Controller (LC) is used to regulate and
monitor the liquid level, ensuring that the volume remains within
the desired limits to prevent overflow or underflow conditions.
The stored liquid is then discharged through a flow outlet (Fo) to
the next stage of the process, with the outflow regulated by a
control valve. According to the principle of volume balance, the
change in liquid volume inside the tank is determined by the
difference between the inflow and outflow rates. The differential
equation representing this system can be expressed as follows:

F (1)~ F, (1) ()

av(t) _
At

where the parameters of the tank are shown in Table 1.

Table 1. Parameters of the storage tank system

Parameters Unit and Symbol
Diameter d(1m)

Level h (0.75 m)
Cross-section area A (mdd> m*)
Flow input Fi

Constant ¢ (0.02 SI)

Since the tank is assumed to have a cylindrical or fixed shape, the
liquid volume can be written as V(t) =Ah (t) , hence:

dt dt
Then, by substituting equation (2) into equation (1), the following
is obtained:

dh(r) 1 1
— - _F(t)-—F,
o =B~ E () 3

The outflow rate F is given by the equation:
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eJh(r) )

where 4 is level and ¢ is a constant that encapsulates the
characteristics of the tank’s outflow system, such as the pipe
diameter, flow resistance, and gravitational factors, and it is
typically given by:

2gA

c= [~ (5)
P

with g is gravitation, A is the cross-sectional area, and p is
fluid density. Therefore, from (3) is obtained:
dh(r) 1 eh (1)
— L =—F(t)- —

6
dt A ©

Based on the equation (6), the mathematical model of the storage
tank system is nonlinear, requiring a linearization process to
simplify the analysis. Using a Taylor series expansion, the
linearized model of the storage tank in the form of a state-space
equation is presented in (7)

x(1)= Ax(t)+Bu(t) -
y(t)=Cx(1)+v(t)+F(2)
with
clagbliben e
and x(t):[h(t)] as a state variable, y(t)=[h(t)] is a
measurement variable, and u(t) = [E (t)] is an input system.

Vector v represents Gaussian measurement noise, and the fault is
modeled as an additive signal F applied to the measurement. This
formulation serves as the foundation for designing the LO for the
storage tank system.

Design of Luenberger Observer

The LO estimates the internal states of the tank system using the
linearized state-space model. The observer structure is expressed
as:

() =A%(0) + Bu(®) + K (y(1) - 5 (1))
(1) =Cx(1)

©)

where %(7) e R' is the estimated state vector and, y(t)eR'isa

vector measurement, and u < R'continuous input vector,
AeR* BeR¥*, and C e R* are known matrix. Vector v

represents Gaussian measurement noise. To obtain the linearized
model required for observer design, the nonlinear tank dynamics
were expanded around the operating point using a first-order

Taylor series approximation. The equilibrium liquid height h

was computed by enforcing the steady-state condition h= 0,

such that inflow and outflow rates are balanced. The Jacobian

matrices 5_f and 61 were evaluated at (h*,u*) to form the
oh ou

state and input matrices 4 and B, while the output C is the same

as (8). This procedure ensures that the resulting linear model

captures the local behaviour of the tank around nominal operation
and provides a suitable representation for the LO design.
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The linearization was performed at the steady-state liquid level of
0.75 m, which represents the nominal operating height used
throughout the simulation study. The equilibrium point

(hO,F F, ) was obtained by enforcing the condition h=0,

1,0240,0
resulting in F;; =F,. To express deviations from the
equilibrium, the perturbed variables were defined as Ah = h—h,
AF, =F -F,, and AF,=F,—F, . Substituting these

1 1
definitions into the nonlinear model and neglecting higher-order
terms yields the linearized state-space model used for observer
design.

The LO gain K is computed using pole placement for the linear
time-invariant model to ensure fast convergence and estimation
stability [22]. Since the system matrices are constant, the resulting
observer gain is also constant and does not vary with time. The

poles are selected such that the eigenvalues of (A -KC ) yield a

settling time faster than the open-loop system [23]. A closed-loop
block diagram representing the interaction between the storage
tank system and the LO is presented in Figure 2. The LO was
implemented following a prediction—correction structure at every

sampling instant. First, the system input u ( t) was used to predict
the next state based on the linearized model. The innovation term
K ( y(t) -y (t)) was then applied to correct the prediction using

the difference between the measured and estimated outputs.

System .

Luenberger
Observer

Figure 2. Block diagram of the storage tank system with
Luenberger Observer for fault detection.

The diagram highlights the residual generation mechanism:
r(1)=y(6)=3(1) (10)
The residual signal serves as the fault indicator, significant

deviations from zero indicate abnormal behavior. To avoid false

alarms, the fault-detection threshold " is defined as a multiple
of the noise level, namely:

’/;h :lur+kar (11)

where k >1 is a design parameter (analogous to a k-sigma rule)
chosen such that noise-induced residual fluctuations remain
below the threshold. A fault is declared when the absolute value

of the residual exceeds this threshold, i.e. when |r(t)| >r, . The
fault detection delay is defined as:

Ly =l —1; (12)

137



DIAN MURSYITAH / JURNAL NASIONAL TEKNIK ELEKTRO - VOL. 14 NoO. 3 (NOVEMBER 2025)

is the first time

where 7, is the fault injection time and 7,

instant at which |r(t)| crosses the threshold.

Scenario of faults

To evaluate the fault detection capability of the Luenberger
Observer, three representative fault scenarios are designed and
injected into the system output during simulation.

Ramp Fault Signal

A ramp fault represents a gradually developing abnormal
condition in the storage tank system. The signal increases linearly
over time with a constant slope, starting from zero and rising
toward its maximum value. In industrial practice, this type of
progressive valve degradation, where the measurement error
increases gradually rather than abruptly.

0.5p e © 4
04} 3‘ i
0.3} _fj 4
0.2} f 4

[R13 | ]

0 100 300 300

Figure 3. Ramp Fault Signal

In the system simulation, the ramp fault is used to model a slowly
developing abnormal condition. This type of disturbance
represents situations where deviations accumulate progressively
over time rather than appearing suddenly. In the context of the
storage tank, a ramp signal corresponds to an undetected increase
in inlet flow or gradual deterioration of a level sensor that causes
the measured liquid level to drift upward. In this study, the ramp
fault is injected during the time interval of 150-200 seconds with
a magnitude of 0.5 m, as presented in Figure 3. This scenario
enables the evaluation of the observer’s sensitivity to faults that
evolve gradually and are typically challenging to identify in their
carly stages.

Square Pulse Fault Signal

A square pulse signal is characterized by abrupt alternation
between two levels, switching rapidly between high and low
values. In system simulation, this type of disturbance is
commonly used to represent faults that occur suddenly and
intermittently. In the context of the storage tank system, a square
pulse fault corresponds to a transient disturbance in the level
sensor or abrupt changes in the outlet valve position, resulting in
short-duration fluctuations in the measured liquid level.

In this study, the square pulse fault is introduced during the time
interval of 160-230 seconds with a magnitude of 0.3 m, as shown
in Figure 4. This scenario is used to evaluate the ability of the LO
to detect abrupt and short-duration faults by examining how
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rapidly and accurately the residual signal responds to sudden
deviations from normal operating conditions.

L L " "
0 100 200 300

Figure 4. Square Pulse Fault Signal
Inverted Ramp Fault Signal

An inverted ramp signal is characterized by a linearly decreasing
profile over time. In system simulation, this fault type represents
a gradually developing disturbance that leads to a continuous
reduction in the measured process variable. In the context of the
storage tank system, an inverted ramp fault corresponds to an
undetected leak or persistent loss of outflow control, resulting in
a gradual decline in the liquid level.

In this study, the inverted ramp fault is applied during the time
interval of 100-200 seconds with a magnitude of 0.5 m, as shown
in Figure 5. This scenario enables assessment of the observer’s
ability to detect fault conditions that develop slowly and reduce
the measured level rather than increasing it. Since such faults may
initially appear as normal variations, this case is used to evaluate
the observer’s robustness and early detection capability under
progressive downward disturbances.

04t \ 1

0.3} \ -+

0.2 \ 1

01k \ 4

L 1 1
0 100 200 300

Figure 5. Inverted Ramp Fault Signal

The fault magnitudes used in the simulation were intentionally
selected to represent severe but safety-critical deviations from the
nominal operating level of 0.75 m. In particular, the ramp and
inverted-ramp faults with an amplitude of 0.5 m correspond to
large level excursions that would be associated with serious
overfilling or leak-type events, while the 0.3 m square disturbance
represents an abrupt, high-impact anomaly in the measurement or
flow. These magnitudes were chosen to emulate worst-case

https://doi.org/10.25077/jnte.v14n3.1332.2025
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scenarios that are of primary concern in industrial practice, where
late detection of such large deviations can lead to equipment
damage or safety hazards. A detailed sensitivity analysis for
smaller and more subtle faults is beyond the scope of this study
and is considered a direction for future work. The fault scenarios
have defined, the fault detection evaluation of the storage tank
system using the LO can be conducted by analyzing the residual
response generated under each disturbance as shown in Figure 6.

Is residual >
threshold?

No fault detected Fault detected Trigger
Continue monitoring alarm

Return to
loop

Acquire input u(t) and
measurement output y(t)

1

Compute LO estimated
output $(t) = C %(t)

Compute residual r(t) =
vi(t) — ¢(t)

4

\_ Compare residual r(t) with
threshold of normal
operating condition

Figure 6. Flowchart of the LO fault detection algorithm
using residual evaluation.

RESULTS AND DISCUSSION
Behaviour of the storage tank system

The simulation was carried out for 360 seconds with a sampling

time of 1 second. The initial liquid level was set to 4 (0) =0,6m
, representing a partially filled tank. The inflow F; (t) was set as

a constant value of 5x107*n2’ / s during the interval 0 <# <90

s, and increased to 6,11x107*m’ /s for ¢>90to evaluate
sensitivity under different operating conditions. The outflow was
defined by the nonlinear discharge model, and no disturbances or
faults were introduced in the open-loop simulation. Under these
inputs, the liquid level converged to a steady-state value of
approximately 0.75 m, consistent with the derived equilibrium
operating condition, as shown in Figure 7.

https://doi.org/10.25077/jnte.v14n3.1332.2025
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At the beginning of the simulation, the liquid level increases
rapidly due to a higher inflow rate compared to the outflow rate.
After approximately 200 seconds, the system approaches
equilibrium and reaches a steady-state value of around 0.75 m, as
indicated by the nearly constant curve.

0.76 -

Level (m)

== output system
I

] 50 100 150 200 250 300 350
Time (s)

Figure 7. Output respons for open loop storage tank system

This behaviour is consistent with the nonlinear hydraulic
characteristics of storage tanks, where the liquid-level response
increases rapidly before gradually stabilising once the inlet and
outlet flows become balanced. Establishing this baseline
condition is important because it provides a reference for
distinguishing normal operation from abnormal behaviour in later
subsections. Any deviation from this steady-state pattern during
fault scenarios will be reflected in the residual signal generated
by the LO.

State estimation performance

Before proceeding with fault detection, it is essential to ensure
that the observer provides accurate state estimation. The
observer’s performance is evaluated using two indicators:
sensitivity and robustness. Sensitivity refers to the ability of the
observer to track state changes when the input varies, while
robustness evaluates its performance in the presence of
measurement noise. To assess sensitivity, two different input
profiles were applied: the first during 0-90 seconds and the
second during 90-360 seconds. The corresponding estimated and
actual outputs are presented in Figure 8.

0.76

072

07

Level (m)
o
£
T

082

output system

ouput cbserver

06 i I L L
0 50 100 150 200 250 300 350
Time (s)

Figure 8. LO Output under Input Variation.
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As shown in the Figure 8, the estimated output closely follows
the actual system output, indicating strong state-tracking
performance. A slight deviation appears during the initial
transition phase before steady-state is reached, which is expected
as the observer adjusts to the input change. When the input
variation is introduced at 90 seconds, the observer continues to
track the resulting level change and stabilises at approximately
0.75 m, demonstrating good sensitivity to input variations and
rapid convergence. For the robustness analysis, measurement
noise is introduced into the simulation, modeled as

v~ /I/(O,R) where the value of R :[0.0020] . The state

estimation is shown in Figure 9.

09k ! ! 0 it L 811 A U,

o
13

Level(m)

=]
oS

06 R _L A I||\

05+ output system
ouput observer

| 1 I I L |
0 50 100 150 200 250 300 350
Time(s)

Figure 9. LO output with noise measurement

Figure 9 show the actual system output exhibits noticeable
fluctuations due to noise, yet the observer’s estimated output
remains smooth and close to the true value. This indicates that the
LO effectively attenuates noise disturbances and maintains high
estimation accuracy under imperfect measurement conditions.
Such behaviour confirms the robustness of the LO, making it
suitable for real-world applications where sensor noise is
unavoidable.

Fault detection in storage tank system

The fault detection performance of the LO was first evaluated
under a ramp-shaped fault scenario. The simulation was
conducted for 360 seconds with a sampling time of 1 second, and
the resulting residual response is presented in Figure 10(a).

0.015 T
0.01 1
0.005 - 1
E
]
3
-0.005 - 1
oot | | | | ‘
0 50 100 150 200 250 300 350
Time (s)
(a) Ramp-shape fault
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Level(m)

-0.005

-0.011
L L I L 1 1 L

o 50 100 150 200 250 300 350
Time(s)

(b) asquare-shaped fault

0.005 ml

Level(m)
=

-0.005

0.01f : : : g

I I I I |
0 50 100 150 200 250 300 350
Time(s)

(c) an inverted ramp-shaped fault

Figure 10. Residual responses of the LO under different fault
scenarios: (a) Ramp-shape fault (b) a square-shaped fault (c) an
inverted ramp-shaped fault

Figure 10 shows the residual responses of the Luenberger
Observer under three fault scenarios. In Figure 10(a), the residual
remains close to zero before 150 seconds, confirming normal
operation without false alarms. When the ramp fault is
introduced, the residual increases gradually and crosses the
threshold after approximately 7 seconds, indicating timely
detection of a slowly developing disturbance. After the fault
disappears, the residual exhibits damped oscillations and then
returns to zero, demonstrating stable recovery and the ability of
the observer to distinguish between faulty and healthy states.

In Figure 10(b), the residual again remains near zero during the
normal operating period. When the square-shaped fault is applied,
the residual rises sharply and exceeds the threshold within 5
seconds, showing rapid detection of abrupt and intermittent
disturbances. The residual then stays at a high magnitude while
the fault persists and returns to zero after 260 seconds, confirming
no false alarms during the transition back to normal conditions.
Figure 10(c) represents the inverted ramp fault scenario. The
residual progressively decreases once the fault occurs and crosses
the threshold after approximately 9 seconds, indicating detection
of leak-type faults that develop in the negative direction. After the
fault is removed, the residual gradually returns to zero without
oscillations, confirming stable convergence and robust
performance of the observer.
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Across all fault conditions, the observer consistently detects both
the onset and clearance of faults with detection delays between 5
and 9 seconds, demonstrating fast and reliable fault identification
without false alarms. While data-driven methods such as PCA
and MWPCA [9], SVM [10], and MWAT-ICA [11] have shown
good performance in detecting process and sensor faults, their
applicability to storage tank systems is limited by the need for
large and representative historical datasets and their tendency to
produce delayed detection for slowly developing faults. In
contrast, the proposed LO does not require training data and
successfully detects ramp-type, square-type, and inverted-ramp
disturbances with short detection delays even under 6%
measurement noise, highlighting its suitability for storage tank
applications characterized by nonlinear slow—fast dynamics and
sparse fault datasets.

In order to provide a quantitative evaluation of fault detectability,
a threshold-based decision rule was applied. The fault-detection

threshold was set to 7, =0.04m, which corresponds to

approximately three times the maximum residual amplitude
observed under nominal conditions with 6% sensor noise. A fault
was considered detected when the absolute residual first exceeded
this threshold. Based on this criterion, the LO successfully
detected the ramp, square, and inverted-ramp disturbances with
detection delays of approximately 7 s, 5 s, and 9 s, respectively,
measured from the moment each fault was injected until the
residual crossed the threshold. Furthermore, in all three scenarios,
the peak residual amplitude during the fault was several times
larger than the noise-induced residual, demonstrating clear
separability between normal and faulty behavior. These results
confirm that the LO provides fast and reliable fault detection
across multiple disturbance profiles, even in the presence of
significant measurement noise.

CONCLUSIONS

Based on the simulation results and analysis, the Luenberger
Observer demonstrated effective performance in estimating
system states and detecting faults in the storage tank process.
Before fault injection, the observer achieved high estimation
accuracy with minimal error and remained robust under 6%
measurement noise, indicating adequate sensitivity and tolerance
to disturbances. When fault scenarios were applied, the observer
successfully detected all three fault types, namely ramp, square
pulse, and inverted ramp, with detection delays of approximately
7 seconds, 5 seconds, and 9 seconds, and the residual consistently
returned to zero after the fault was removed, confirming the
absence of false alarms and stable recovery. The main
contribution of this work is the demonstration that a model based
Luenberger Observer designed through pole placement and
supported by an operating point linearization can provide reliable
and noise tolerant fault detection in a nonlinear storage tank
system. This is achieved by explicitly incorporating the slow and
fast liquid level dynamics into the observer structure, resulting in
better performance than generic observer designs and data driven
methods. Overall, the findings indicate that a physically grounded
observer based scheme is a practical and computationally
efficient solution for real time monitoring in industrial storage
applications, and future research should include experimental
validation, assessment under model uncertainties and nonlinear
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operating conditions, and the development of adaptive or gain
scheduled observer structures for improved performance in time
varying and multivariable processes.
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