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Abstract

An intelligent model for online analysis of the helicopter turboshaft engine gas temperature in front of the
compressor turbine has been developed based on a self-regulating adaptive neural network model. The
architecture includes two dense layers and a recurrent GRU layer with the weight’s online adaptation, which
allows for the true temperature and compensation simultaneous estimation for each sensor drift. For
training, the Mi-8MTV with a TV3-117 engine flight data were used, taken by 14 dual T-102 thermocouples
with a 0.25-second discretization at a 2500-meter altitude. The signals were cleaned of outliers and z-
normalized. In comparative tests, the network demonstrated a 1.8 Kelvin RMSE and a 1.2 Kelvin MAE with
a 4.7 Kelvin maximum error and an inference time of about 0.5 milliseconds per step.
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1. Introduction and related works

In helicopter turboshaft engines (TE), the gas temperature in front of the turbine precise control is
critical to ensure the efficiency, reliability, and power plant durability [1]. Traditional monitoring
systems [2, 3] often fail to take into account rapid changes in the operating mode and external
conditions, which leads to measurement errors and increased component wear. This research
proposes a self-regulating adaptive model for analyzing signals from 14 dual thermocouples [4],
capable of adjusting its parameters in real time, compensating for sensor drift, and optimizing the
temperature field assessment, which improves control accuracy, reduces operational risks, and
extends the engine life.

In recent decades, considerable attention has been paid to the gas temperature in front of the
compressor turbine monitoring methods in helicopter TE studies: classical approaches are based on
stationary thermocouple calibration [5] and signal processing using low-pass filters [6] or adaptive
algebraic models [7], which allows for fairly accurate tracking of the temperature average values
field under relatively stable flight conditions. The computing capabilities development and the
machine learning methods introduction have led to the neural network [8, 9] and fuzzy models [10,
11] emergence for estimating temperature parameters that can take into account nonlinearity [12] and
the many factors (flight speed, altitude, engine load) interaction, but most of these systems require
periodic manual fine-tuning and are poorly adapted to thermocouples' long-term drift and sudden
changes in operating conditions. However, there are still unresolved issues that require a self-
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regulating adaptive model creation for analyzing temperature signals. Its development will allow
automatic compensation for sensor drift [13], as well as taking into account the 14 dual
thermocouples' degradation [14] without external intervention in rapidly changing dynamic effects
conditions during transient engine operation modes. The solution to these problems involves the
online self-calibration implementation and adaptation algorithms capable of continuously adjusting
the model depending on the input data statistics and environmental parameters.

2. Materials and Methods

In this research, a self-regulating adaptive model is proposed, consisting of three components: the
true gas temperature dynamics model, the thermocouple measurement and drift model, and an
adaptive algorithm for estimating parameters and state. The true gas temperature dynamic model is
based on the helicopter TE gas temperature in front of the compressor turbine TG(t) true value, which
is approximated by a first-order ordinary differential equation (ODE) system with an engine input-
load u(t) (e.g., gas-generator rotor speed, fuel consumption, etc. [4, 9, 14]) and external conditions

w(t):

dTgl¢]
dt
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where a > 0 is the heat exchange coefficient; f is the dynamic coefficient responsible for the
acceleration inertia; Te.(u, w) is the equilibrium temperature static characteristic, which is expanded
in a series by the basis functions {¢:}:
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where 6; are the model’s unknown constant parameters.
When developing a model for measuring and drifting 14 dual thermocouples, it is assumed that,

according to the problem conditions, there are m = 14 dual thermocouples giving outputs yi(t), j = 1
m. Then

Yilt)=To )8 [t)+vi(t), ®

where 6§;(t) is the slowly changing drift of the j-th thermocouple, vi(t) is the fast measurement noise.
The drift model, based on [15], is usually defined as an integral dynamic of the form:
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where A; > 0 is the self-compensation coefficient, oi(t) is the unknown disturbing function (aging,
pollution).
The research proposes an adaptive estimation algorithm based on the observer-mixer scheme [16]

for estimating the gas temperature Tc(t) and & j(t), represented by the ODE system:
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where Kr> 0 and Ks > 0 are the correction gains.
The gradient descent method with error filtering is used to adapt the parameters [17]. Denoting the

total error as

(6)

adaptive laws are proposed, presented in the form of:
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where y;, ya, ¥ > O are the adaptation rates.

The proof of the developed adaptive algorithm convergence for Tg(t) estimation is carried out by
the Krylov—Lyapunov method [18]. For this aim, according to [18], a combined Lyapunov function
of the form is introduced:
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Differentiating V with respect to time and substituting the model and the observer equations, we
obtain:

m
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which guarantees asymptotic convergence of estimates to true values with the system's sufficient
excitation.

Thus, the developed model structural diagram is presented in Figure 1. The diagram depicts a
processing chain where a regressor-formation block builds basis functions from engine inputs,
external conditions, and their derivative, feeding an observer-adapter whose estimates are passed to
separate drift-correction filters for each thermocouple. A final module checks persistency of
excitation by evaluating the time-integral (Gramian) of the regressor matrix to ensure the input data
are sufficiently informative for reliable parameter and state convergence.

The study proposes a neural network implementation of the developed self-regulating adaptive

model for analyzing the helicopter TE gas temperature (see Figure 1), approximating the mapping:

(ule),wieh [y )] (Fale), (8,102, a0

consisting of the following layers: input layer, first hidden Dense layer with activation function,
recurrent layer implemented by gated recurrent units (GRU), second hidden Dense layer with
activation function, output layer (Figure 2).

The input layer forms a combined feature vector from the current measurements of engine load
u(t), external conditions w(f) and 14 thermocouple signals, preparing the data for subsequent
processing, i.e.
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Figure 1: The developed model structural diagram. (author's development).
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Figure 2: The developed neural network architecture (author's development).
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where d = dim(u) + dim(w) + 14.

The first hidden dense layer linearly transforms the input vector using weights and biases, after
which a nonlinear activation function (in this study, a modified ReLLU is used—Smooth Rel.U,
developed in [14]) introduces the neural network ability to approximate complex dependencies. Thus,

2M(e)=w"x(t)+b", (12)

h'(t)=SmoothReLU (2" (t)),
where W' e R" bV e R™.
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The recurrent layer (GRU) [19] takes into account the temporal dynamics and previous states
memory, automatically adjusting how much of the past information to keep or update to predict the
current temperature and drifts. The GRU is described by the following expressions:

r(t)=a(w,-h"(t)+U,-h(t—1)+b,),
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where W,.,, Uy, are the training matrices, b, are the bias vectors, o is the sigmoid.
The second hidden layer Dense once again nonlinearly processes the recurrent output, enhancing
the model's ability to detect high-level features affecting temperature and sensor drifts. Thus,

2?(t)=w?-h(t)+b?,

14
h?(t)=SmoothReLU (z*/¢)). a9

The output layer for gas temperature produces a second hidden layer featuring linear combination,
the true gas temperature T¢(t) estimate producing according to the expression:

2 (e)=w x[e)+b", .
TG(t):WT h” (t)+bT:
where W, €R"™ b, €R,
The output layer for thermocouple drifts similarly calculates a vector of 14 & j(t) values reflecting the
current drift correction of each thermocouple, according to the expression:

S(t)=W,-h¥(t)+b,, (16)

where W, € R'*"™, b, € R"
The loss function and weight adaptation minimize the mean square error between the measured y;(t)
and reconstructed T’ (t)+6 j(t) signals according to the expression:

e LA a

after which all parameters ® = {W®, b®, W, U, b} are updated using the stochastic gradient
descent method:

©-0-n-V,LIt). (18)

In this case, the developed neural network is trained in online mode, in which it constantly
receives raw data in the small “windows” form from the last k + 1 points {x(t — k),..., x(t)} and
immediately after each new dataset updates its weights, which ensures rapid adaptation to changing
engine modes and sensor drift without accumulating large batches of history.

The developed neural network architecture allows for an effective solution to the analyzing
temperature signals problem, in which the recurrent GRU layer takes into account the engine
operation dynamics and transient modes, two successive dense layers provide a powerful tool for
approximating complex nonlinear dependencies between input parameters and temperature, and the



network's separate output branches simultaneously form the true gas temperature and compensation
estimate for local drifts of each of the 14 thermocouples.

The developed model's experimental setup is implemented in the Matlab Simulink R2014b
software environment (Figure 3). The implementation in Simulink R2014b is based on a modular
approach: each functional part of the neural network can be conveniently designed as a separate
subsystem, which simplifies debugging and reuse. At the model's top level, there are Inport blocks
for each input value (engine load, external conditions, and 14 thermocouple signals), combined via
Mux. This ensures the required dimension input vector uniform formation and allows you to easily
connect new data sources to the model without interfering with its internal logic.

The Dense-1 first subsystem contains the Gain (weight matrix W(1) and Sum (bias vector b(1))
blocks, followed by the activation block. The weights and biases parameters are specified via
Constant blocks, which are placed in the Model Workspace or Data Dictionary for centralized
control.

To account for the time dynamics and previous engine operation steps memory, the recurrent
layer main logic is collected in the GRU subsystem, implemented via MATLAB Function. Inside this
“persistent” function, the variables save the hidden state, and the Dense-1 results and the previous
state are fed to the input. The GRU parameters (matrices Wr, Wz, Wh, Ur, Uz, Uh, and offsets) are
also taken out to a separate data area, which facilitates their calibration and updating.

After GRU comes the second subsystem Dense-2, similar in structure to the first: “Gain”, “Sum?”,
and “Activation”, but with matrix sizes corresponding to the hidden layer dimension. This
subsystem's output is then divided into two circuits: one for Gain and Sum to obtain a scalar
temperature estimate, the other for Gain and Sum for a 14-dimensional thermocouple drift vector.
Each of them outputs with a Scope block, which makes it easy to connect external logic for
visualization or results storage.

3. Case study and discussions

The computational experiment used the TV3-117 engine gas temperature in front of the compressor
turbine TG measurements time series, taken by the standard Mi-8MTV sensor (14 dual T-102
thermocouples [14]) in the nominal mode. The tests were carried out at a 2500 meters altitude with a
data collection frequency of 0.25 seconds for 320 seconds, while the gas temperature in front of the
compressor turbine peak value exceeded 1140 K (Figure 4). The raw measurements obtained during
the Mi-8MTV flight tests were pre-processed: emissions and noise were removed, after which
continuous time series were formed. To bring all values to a single scale, z-normalization was used
[20]. A training dataset was formed from the TG values obtained after z-normalization, which
fragment is presented in Table 1. The normalized TG values resulting datasetpassed the homogeneity
test using the Fisher—Pearson [21-23] (x2 < x2(a, 2): 9.119 < 9.2) and Fisher—Snedecor [24-26] (Fij
< Fcritical(a = 0.01, 1279): 1.131 < 1.139) statistical criteria.

During the computational experiment, the following resulting diagrams were obtained: the true
and estimated gas temperatures comparison (Figure 5), modeling error (Figure 6), drift assessment
for each sensor (Figure 7), parameters evolution (or the weights second layer) over time (Figure 8),
and persistent excitation criterion (Figure 9).

It is evident from Figure 5 that the model accurately reproduces the global dynamics: from the
initial warm-up (0...100 seconds) to the plateau (100...200 seconds) and subsequent cooling (200...
320 seconds), while smoothing the sensor high-frequency noise out part. The estimated deviations
from actual measurements do not exceed several Kelvin units, which demonstrates the neural
network's high ability to adapt to changes in the engine operating mode and partial signal
fluctuations.
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Figure 3: Experimental setup implemented in the Matlab Simulink R2014b software environment.
(author's development).
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Figure 4: The gas temperature in front of the compressor turbine dynamics resulting diagram over a
320-second research interval (author's development).

Table 1
The training dataset fragment
Number Gas temperature normalized value
1 0.983
256 0.982
512 0.989
768 0.983
1024 0.982
1280 0.990

Gas temperature dynamics
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1100 — — — Calculated TG

Gas temperature
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Figure 5: Diagram comparing true and estimated gas temperatures (author's development).
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Figure 6: Simulation error diagram (author's development).

Figure 6 shows the modeling error e (t)z TG(t)— Tc(t) over time, where Tq(t) is the temperature
measured by the sensor, and is the neural network model's estimate. Figure 6 shows that the error
remains within +5 K, showing no systematic bias. Minor fluctuations indicate the model's good
approximation, as well as its ability to compensate for noise and sensor drift. Areas with the largest
error may coincide with abrupt transitions in the engine operating mode, requiring additional
adaptation [22].
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Figure 7: Thermocouple drift evaluation diagram (author's development).

Figure 7 shows the drift estimates for thermocouples no. 1 (blue curve), no. 5 (green curve), and
no. 7 (red curve) calculated by the neural network model during a 320-second helicopter flight. It is
evident from Figure 7 that the drifts have individual dynamics: thermocouple no. 1 shows a
symmetrical oscillation around zero, no. 5 demonstrates a stable negative shift at the beginning and a
positive one in the flight middle, and no. 7 remains closer to zero with moderate fluctuations. Such
versatility confirms the need for individual calibration of thermocouples and the developed adaptive
multichannel model validity using.
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Figure 8: The neural network adaptive layer parameters evolution over time diagram (author's
development).

Figure 8 shows the neural network adaptive layer four parameters' evolution (e.g., the second fully
connected layer weights) during online training over 320 seconds of flight time. Figure 8 shows that
the parameter values change smoothly, with characteristic fluctuations and transitions, especially
noticeable in the 100-200 second intervals and after 200 seconds—these areas may correspond to the
model's adaptation to new engine operating modes or changing environmental conditions. These
shifts indicate the model's ability to recalibrate in real time without losing stability, ensuring the gas
temperature estimates' accuracy in dynamically changing conditions.
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Figure 9: Persistent excitation criterion diagram (author's development).
Figure 9 shows the change in the persistent excitation criterion over time, expressed through the

t
Gram matrix f D (T) . @T(T) d T minimum eigenvalue approximated by a discrete sum over a sliding
t—=T

window. The criterion dynamics shows how diverse and informative the input features ®(t) are for
reliable model training. The low values criterion in individual intervals (for example, at the diagram
input and output) may indicate weak excitation modes, in which the model parameters' adaptation slows
down or becomes unstable. The criterion high values indicate sufficient data saturation for accurate
identification and stable training in real time.

Table 2 provides a comparative analysis of the developed GRU architecture with five alternative
approaches based on the main quality criteria for estimating the temperature and thermocouples drift.
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Table 2
Comparative analysis results

Metric GRU-NN LSTM-NN FF-NN Kalman ARX with Static
(proposed) [27] (Densex3)  Filter [29] ALR [30] calibration
[28] [31]
RMSE, K 1.8 1.9 2.5 2.2 3.0 4.5
MAE, K 1.2 1.3 1.8 1.5 2.2 3.4
Max. error, 4.7 5.0 7.5 6.0 8.2 12.0
K
Training 120 150 90 60 30 -
time, s
Inference 0.5 0.8 0.3 1.0 0.2 < 0.1
time,
ms/sample
Parameters 18000 22000 15000 - 100 -
number
Drift Very high Very high Middle High Low Low
resistance

Compared with the proposed GRU architecture (see Table 2), LSTM-NN uses long short-term
memory cells to account for long-time dependencies and smooth out transient processes, FF-NN
(Densex3) is a fast-to-train three-layer fully connected network, but without mechanisms for
remembering past states, its dynamics estimation is limited, the adaptive Kalman filter provides
Bayesian filtering and real-time noise smoothing for automatic estimate correction but remains limited
by the model linearity and is relatively resource-intensive for a channel's large number, ARX with ALR
combines autoregression with exogenous inputs and online training using the adaptive linear regression
method, allowing for fast adaptation to changing regimes and sensor drift, and static calibration specifies
constant corrections to thermocouple readings, which is easy to implement but is unable to account for
transient regimes and long-term drift.

In Table 2, the following metrics are used to evaluate the models’ quality. RMSE shows the
model predicts root-mean-square error and is sensitive to outliers, which is important for assessing
the accuracy during strong transient processes. MAE reflects the errors’ average absolute value and
is more intuitively interpreted in Kelvins. Maximum Error records the worst discrepancy between
measurement and estimate, allowing us to assess peak deviations in hard modes. Training time
characterizes the resource costs for a historical data full offline traversal and is a metric for
assessing the model calibration costs, Inference time (latency) shows the average time to calculate
one point in online mode. The parameter number determines the model memory size and
computational requirement when it is deployed. Drift tolerance evaluates the method's ability to
maintain accuracy during long-term changes in thermocouple characteristics without manual
intervention.

According to the comparative research results, the proposed GRU neural network showed the best
results: it demonstrated the 1.8 K RMSE and the 1.2 K MAE with the 4.7 K maximum error, offline
training time of about 120 seconds, and an average latency of 0.5 ms per step with only ~18000
parameters and very high resistance to drift. LSTM-NN, which is close in accuracy, was inferior to GRU
only slightly (RMSE 1.9 K, MAE 1.3 K, max 5.0 K) with a slower inference (~0.8 ms) and a larger
number of weights (~22,000). The three-layer FF network showed the 2.5 K RMSE and the 1.8 K MAE
due to the lack of the dynamics consideration. The adaptive Kalman filter provided RMSE 2.2 K and
MAE 1.5 K but required more computations, while ARX with ALR (RMSE 3.0 K, MAE 2.2 K) and
static calibration (RMSE 4.5 K, MAE 3.4 K) demonstrated the least acceptable accuracy and adaptive
performance.



4. Conclusions

A neural network model based on GRU has been developed, whose application is effective in real time.
It provides the gas temperature in front of the compressor turbine with high accuracy estimation (RMSE
~ 1.8 K, MAE ~ 1.2 K, the maximum error does not exceed 4.7 K) with an inference time of ~0.5 ms per
step and reliably compensates for the drift of all 14 thermocouples due to the parameter’s online
adaptation. In the future, it is advisable to research the possibility of integrating attention mechanisms
and multimodal data (e.g., vibration and pressure parameters) to improve the model stability and
accuracy in extreme flight modes.
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