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Abstract

This study proposes a genetic algorithm-enhanced dhole optimization algorithm coupled
with a long short-term memory network (GA-DOA-LSTM) for dynamic identification of a
high bypass ratio separate-flow turbofan engine during acceleration. A component-level
JT9D model was implemented in T-MATS, and a dataset was generated at 54 flight operat-
ing points under step, ramp, and parabolic throttle excitations. Low- and high-pressure
spool speeds, high-pressure compressor outlet total pressure, combustor exit tempera-
ture, and fuel flow were used as inputs, while low-pressure turbine exit temperature (T5)
and thrust were predicted. GA-DOA combines dual-population coevolution, a global
optimum pool, periodic elite exchange, greedy selection, and a final DOA refinement to
jointly optimize the LSTM architecture and output loss weights. Compared with LSTM,
PSO-LSTM, SSA-LSTM, DOA-LSTM, and GA-LSTM, the proposed model achieved RMSE,
MAE, and MAPE values of 1.6121 K, 1.0136 K, and 0.1512% for T5 and 2430.10 N, 1832.24 N,
and 1.2576% for thrust, respectively. The model maintained consistent transient tracking
under different altitudes, Mach numbers, and throttle profiles, demonstrating its potential
for aero-engine performance assessment, health monitoring, and control-oriented mod-
eling. The main limitation is that the present validation remains simulation-based and
engine-specific; experimental and cross-engine validation will therefore be required before
practical deployment.

Keywords: high bypass ratio turbofan engine; dynamic identification; long short-term
memory; dhole optimization algorithm; genetic algorithm; data-driven modeling

1. Introduction

High bypass ratio separate-flow turbofan engines offer high propulsive efficiency,
low specific fuel consumption, and high thrust, and are widely used in large commercial
aircraft and long-range transport platforms [1]. Compared with engines of low or medium
bypass ratio, they have a larger bypass duct gas volume and a higher overall pressure ratio,
resulting in stronger aerodynamic-thermodynamic coupling between the core and bypass
streams. Fan inertia, off-design matching of multistage compressors, and transient spool
speed mismatch make the transition process strongly nonlinear, multivariable, coupled,
and time varying [2]. During acceleration from idle to maximum power, fuel flow, spool
speeds, and temperatures evolve rapidly along nonlinear trajectories, which are difficult to
represent accurately with conventional linearized models [3]. An accurate dynamic model
is therefore essential for control system design and performance assessment.
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First-principles models require complex component-level aerodynamic and thermody-
namic equations and are expensive to construct and solve, whereas excessive simplification
may compromise transient prediction accuracy. Data-driven approaches can learn nonlinear
input-output mappings directly from operating data and have therefore been increasingly
applied to aero-engine performance prediction because of their flexibility and relatively
low computational cost [4].

System identification and machine learning methods have recently been applied
to aero-engine dynamic modeling. Liao et al. investigated stream fine-tuning for on-
board aero-engine gas path diagnosis under continuing domain shifts and validated the
approach using simulation and actual engine data [5]. Wang et al. introduced a NARMAX
structure and the Akaike information criterion into a local linear model tree, improving
the nonlinear identification of aero-engine transients [6]. Asgari and Ory developed a
recurrent neural network model for a single-shaft gas turbine and demonstrated the ability
of neural networks to capture nonlinear system dynamics [7]. Vu et al. estimated engine
performance from multi-point and multi-time operating data under limited sensing [8].
Chen et al. optimized a NARX network with the sparrow search algorithm (SSA) for
dynamic parameter identification [9].

Recent studies further demonstrate the rapid development of data-driven aero-engine
performance modeling. Cui et al. developed an autoregressive process neural network
model for gas path parameter prediction [10], while Wang et al. combined a sliding window
LSTM with a denoising autoencoder for gas path monitoring under noisy conditions [11].
Liu et al. applied LSTM to single- and multi-step gas path parameter trend prediction [12],
and Meng et al. proposed a temporal convolutional network for thrust estimation with
embedded verification [13]. Physics-guided deep learning has also been investigated for
exhaust gas temperature prediction and health management [14], and machine learning has
been used to adapt turbofan performance models to measured operating data [15]. More
recently, GA-LSTM has been applied to gas turbine performance degradation prediction
using limited experimental data [16], confirming the value of automatic hyperparameter
tuning but also showing that combining GA with LSTM alone is not, by itself, a sufficient
methodological distinction.

Long short-term memory (LSTM) networks use gated memory cells to mitigate vanish-
ing gradients and learn long-term dependencies in sequential data [17]. Lin et al. developed
LSTM-based gas path performance prognostic models that account for time series charac-
teristics, operating conditions, and engine-to-engine differences using real-life aero-engine
data [18], and Ma et al. proposed a feature attention-enhanced LSTM with an encoder—
decoder structure to reduce long-horizon prediction errors [19]. However, the architecture
and training hyperparameters of these models are commonly selected manually or initial-
ized randomly, which may impair accuracy and stability. A single swarm optimizer may
also converge prematurely or search inefficiently when used to tune an LSTM.

Against this background, the contribution of the present study is not merely the
application of another metaheuristic optimizer to an LSTM. Instead, a cooperative GA-
DOA framework is constructed for multi-output dynamic identification of a high bypass
ratio turbofan engine. GA maintains population diversity through crossover and mutation,
whereas DOA provides complementary exploitation capability; a global optimum pool and
periodic bidirectional elite exchange enable high-quality information sharing between the
two populations, and a subsequent DOA refinement stage further improves the selected
solution. The framework jointly optimizes the sliding window length, the hidden unit
numbers of two LSTM layers, the dropout rate, and the output loss weights for T5 and
thrust. Its effectiveness is evaluated not only against LSTM, PSO-LSTM, SSA-LSTM, DOA-
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LSTM, and GA-LSTM baselines, but also through repeated run robustness, out-of-envelope
extrapolation, and mechanism-level ablation experiments [16,20-23].

2. GA-DOA-LSTM Dynamic Prediction Model
2.1. Fundamentals of the LSTM Network

The LSTM is a representative gated recurrent architecture designed to address long-
range dependencies. Standard recurrent networks may suffer from vanishing or exploding
gradients during backpropagation through long sequences, which limits their ability to
retain information over large time spans. By regulating information flow through gates
and continuously updating the cell state, the LSTM alleviates these problems [17]. Its basic
structure is shown in Figure 1.

Figure 1. Schematic of the LSTM cell. Arrows indicate the direction of information flow; the blue, pur-
ple, and orange ellipses denote the input, hidden-state, and candidate cell-state vectors, respectively.

As shown in Figure 1, x; is the input at time t; C;_; and C; are the previous and current
cell states; hy_1 and h; are the previous and current hidden states; and fi, iy, and o; denote
the forget, input, and output gates, respectively. The state update equations are

fr = c(Wihy_1,x¢] + by) 1

i = o(Wihy_1,x¢] + by) )

Ct = tanh(We[hy_1, x:] + bc) 3)
Ci=fi0C1+i®C @

o1 = o(Wolhy_1,%] + bo) ®)

h; = 0y © tanh(Cy) ()

Through the coordinated action of the forget, input, and output gates, the LSTM
selectively retains, writes, and exposes information. This mechanism enables the network
to capture long-term temporal dependencies and makes it well suited to dynamic prediction
problems with complex sequential characteristics.

2.2. Fundamentals of GA and DOA

The genetic algorithm is a population-based global optimizer inspired by biological
evolution. Candidate solutions are encoded as chromosomes and evolved through selec-
tion, crossover, and mutation, with fitness values used to rank individuals and guide the
population toward the global optimum [24]. The GA is gradient-free and broadly applica-
ble, but it may converge prematurely in high-dimensional multimodal problems and can
incur a high fitness evaluation cost. It is therefore often combined with an optimizer that
has stronger local exploitation capability.
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The dhole optimization algorithm was proposed by Mohammed et al. [20]. It maps
the vocal communication, cooperative tracking, encirclement, and attack behavior of a
dhole pack onto population position updates. Here, “attack” is the terminology inherited
from the original DOA and denotes an exploitation-oriented position update stage in the
optimization process, rather than a physical operation in the aero-engine model. The
original method consists of initialization, exploration, and attack stages, in which prey
position and prey intensity regulate the direction and step size of each individual. The
original search and attack equations, together with the modifications proposed here, are
presented in Section 2.3.

2.3. GA-DOA Hybrid Optimization Strategy

To preserve the behavioral structure of the original DOA while strengthening
global exploration, a dual-population GA mechanism is embedded into the initialization—
exploration—-attack chain. In Stage I, GA and DOA populations evolve in parallel. DOA
retains the original hunting member, hunting duration, exploration, and attack mechanisms,
while a global optimum pool (GOP), a coevolution-scale decay factor, dual-mode position
updates, greedy selection, and periodic elite exchange are introduced. The GA continuously
injects diversity through crossover and mutation and transfers high-quality candidates
to the DOA. In Stage II, the optimal output weights obtained in Stage I are fixed, and an
independent DOA population locally refines the LSTM structural hyperparameters [20].

2.3.1. Initialization and Fitness Evaluation

Each GA-DOA individual Y; jointly encodes the loss weights for exhaust gas temper-
ature T5 and thrust F, together with the sliding window length, the numbers of hidden
units in the two LSTM layers, and the dropout rate. Let N be the population size, dim
the problem dimension, and lb; and ub; the lower and upper bounds of the jth decision
variable. Both populations are randomly initialized within the prescribed search space:

Y(ij) = Ibj + rand(ub; — Iby), j=12,...dim @

Here, rand is uniformly distributed on [0,1]. After initialization and every position
update, the output weights are normalized such that wts + wg = 1. The window length and
hidden unit numbers are rounded and clipped to their admissible ranges. The validation
set weighted mean square error is used as the fitness function:

Fitness = wrsMSETs + wpMSEF, wrs +wp =1 (8)

where wts and wr are the loss weights for Ts and F, and MSEts and MSEg are the cor-
responding validation set mean square errors. For either output variable, the validation
error is

Ny

1 pred _  true 2
Nval 1:21 <yi vi ) (9)

where N, is the number of validation samples and y;P™ and y;'™ denote the predicted

MSE,;; =

and true values of sample i, respectively. GA-DOA minimizes fitness; a lower value
indicates a better candidate.

2.3.2. Exploration Stage and GOP Guidance

During exploration, the search intensity is represented by the number of hunting
members nhunt, which is randomly selected between 5 and 20. This range follows the
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original DOA formulation of Mohammed et al. [20] and is retained here without task-
specific retuning so that the basic behavioral mechanism of DOA is preserved:

Mhynt = round(5 + 15rand) (10)
The hunting duration ty, is determined by nyt and an environmental factor EF:

1 2
t = EF 11
hunt =1 13 exp(—0.5 (1t — 25)) x (1)

EF € [0,1] characterizes the environmental favorability for hunting. In the original
DOA, the target is the mean of the local best position pjoca and global best position pgjopal:

Plocal + Pglobal
Ptarget = % (12)

The vocalization variable is sampled randomly in [0,1]. Following the original
DOA formulation [20], the fixed threshold of 0.5 is retained to switch between the ex-
ploration/encirclement branch and the attack branch; this threshold was not independently
tuned for the present JT9D identification task. When the vocalization value is below 0.5,
the algorithm enters exploration. If nhunt < 10, the individual approaches the target using
the contraction factor C2:

Yl.f,]{rl = Yit,]. + Cyrand X (pm,get,j — Yf,j) (13)

If nyyne > 10, encirclement is simulated by randomly selecting another individual z

for the update:
Yitfl - Yit,j - th,j + Prargetjr 2 7 i (14)

The original DOA linearly decreases the search step according to

t
C=1- T (15)
Although these rules reproduce search and encirclement behavior, the target is formed
by a simple average, and the inner DOA schedule is not synchronized with the outer
GA-DOA coevolution process. This may introduce guidance bias and population homoge-
nization. A GOP is therefore constructed from high-quality candidates generated by both
populations, and the best member in the pool replaces the averaged target:

Ptarget = argmin Fitness(P*), P* € GOP (16)
P*

P* denotes a candidate in the GOP and prarget is the target position for the current co-
evolution generation. The decay schedule is further elevated to the outer coevolution scale:

The GOP stores at most five elite candidates. A new candidate is added when space is
available; otherwise, it replaces the worst member only if its fitness is lower. For candidates
with nearly identical output weight vectors, only the better one is retained. The best GOP
member is used as the current DOA target.

t

C=1- (17)

Tmax
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where t and Tnax are the current and maximum coevolution generations. The modified
DOA switches with equal probability between exploitation and exploration. In exploitation
mode, an individual adaptively moves toward the GOP target:

1
Y; [ =Y+ Crand x (P gt~ i ) -

In exploration mode, Gaussian perturbation enlarges the search coverage around the
current solution:
t+1 _ oyt 2
i v (o) )

A greedy rule accepts a candidate only when its fitness is lower than that of the current
position. The GOP improves target quality, the outer-scale decay factor synchronizes
exploration and exploitation, and the dual-mode updates and greedy selection improve
escape from local optima and stabilize the iteration.

2.3.3. Attack Stage and Local Exploitation

After search and encirclement, a vocalization value greater than or equal to 0.5 activates
the attack stage, consistent with the phase-switching rule of the original DOA [20]. In
optimization terms, this stage performs exploitation around the identified prey/target
rather than representing any physical engine process. The attack strategy is selected by the
prey intensity factor n:
fitness;
ﬁtnessp

n = 3rand x (20)

fitness; and fitness, are the fitness values of the current individual and the target,
respectively. For n > 2, the prey is regarded as strong and a weakened prey vector wp, is
first constructed:

t—1
Wp = 6Xp< T ) X Plocal (21)

where pjocal is the best position in the current population. A sine-cosine mixed perturbation
then models repeated cooperative attacks:

Yl.f,]%rl = Ylf,]. + Wpthyne X [cos(27trand) — sin(27trand)] X Wyt (22)
Forn < 2, the prey is regarded as weak and a concentrated attack is applied:

Yit,;rl - (Yit,j N pglohalrf) thunt + thuntmnd(lf dim)Yit] @)

The strong prey strategy maintains local search activity through periodic perturbation,
whereas the weak prey strategy contracts the movement range and accelerates convergence.
Both updates are retained, but their candidates are processed by common boundary han-
dling, GOP updating, and greedy selection, preventing inferior solutions from propagating
unconditionally and improving late-stage exploitation accuracy.

2.3.4. GA Crossover and Mutation

At each coevolution generation, the GA and DOA populations are updated in parallel.
GA preserves the fittest elite, selects parents using tournaments of size two, and applies
BLX-« crossover simultaneously in the weight and hyperparameter subspaces. The jth
component of an offspring is generated as

{0 U (min(Yyj, Ypo,) — adj,max (Y j, Yyo,i) + ad;) (24)

https://doi.org/10.3390/aerospace13100902


https://doi.org/10.3390/aerospace13100902

Aerospace 2026, 13, 902

7 of 25

where Yp1,j and Y j are the jth components of the two parents and A = 1Yp1,j — Ypo,jl. In
this study, « = 0.5. Gaussian mutation is performed with probability P, = 0.2:

Yir,r]gut _ Yi,j + O'N(O/ 1) X (UB]- — LB]') (25)

where 0 = 0.1 and UB; and LB; are the variable bounds. Continuous variables are clipped,
the weights are renormalized, and discrete hyperparameters are rounded. The evaluated
GA offspring are written to the GOP so that global discoveries immediately contribute to
DOA target construction.

2.3.5. Dual-Population Coevolution and Elite Exchange

Stage I uses parallel GA and DOA populations. Each generation performs GA
crossover and mutation and DOA exploration or attack, after which high-quality candidates
from both populations are merged into the GOP. Every three generations, a bidirectional
elite exchange with a ratio of 0.2 is performed. The best DOA individual replaces the worst
GA individual only when it is fitter, and the reverse transfer follows the same conditional
rule. This prevents detrimental exchanges while allowing for globally discovered regions
and locally refined solutions to propagate between populations. Stage I terminates when
the maximum number of generations is reached or the global best has not improved for
five consecutive generations.

2.3.6. DOA Refinement and Fitness Caching

After Stage I, the optimal GOP weights wT5 and wF are fixed. An independent
DOA population of 15 individuals locally refines the sliding window length, the two
hidden-layer sizes, and the dropout rate for at most 20 iterations. These settings were
selected from preliminary experiments: increasing the refinement population or iteration
number beyond this level no longer produced a consistent reduction in validation error and
occasionally caused slight performance deterioration, while the search burden continued to
increase. Hence, 15 individuals and 20 iterations were retained as an empirical compromise
between refinement capability and offline optimization cost. The complete exploration,
encirclement, attack, boundary handling, and greedy selection mechanisms are retained.
The refinement result is accepted only when it improves the Stage I optimum, thereby
preventing performance degradation.

Because every fitness evaluation requires training an LSTM, a cache keyed by (se-
quence length, hidden1, hidden2, dropout rate, wts, wg) is used. Revisited configurations
return the cached result rather than retraining the network. The complete optimizer thus
forms a progressive chain of original DOA exploration and attack, GOP-enhanced targeting,
GA global exploration, greedy acceptance, bidirectional elite migration, and fixed-weight
refinement, jointly improving search breadth, local accuracy, convergence stability, and
computational efficiency. The overall procedure is shown in Figure 2.

2.3.7. Convergence Comparison of the Hybrid Algorithm

Sphere, Ackley, Rastrigin, and Griewank benchmark functions were used to assess the
global and local search capability of GA-DOA. As shown in Figure 3, GA-DOA rapidly en-
tered the low-fitness region during the early iterations and continued to improve smoothly.
The 15-run statistics in Table 1 show that GA-DOA achieved the lowest mean final fitness
on all four functions: 4.648 x 10~7 on Sphere, 3.853 x 10~* on Ackley, 1.164 x 107° on
Rastrigin, and 9.765 x 10~? on Griewank. The corresponding mean rank is 1.00, followed
by SSA (2.25), DOA (3.25), GA (3.75), and PSO (4.75). On Sphere, GA is the second-ranked
method, whereas SSA is second on Ackley, Rastrigin, and Griewank. Thus, under the
common 10-dimensional, population 20, 200-iteration setting, GA-DOA provides the best
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final solution accuracy among the five tested optimizers and shows a particularly large
advantage on the multimodal functions. All five optimizers were executed 15 times with
seeds 1-15, and Table 1 reports the mean and standard deviation of the final fitness. Be-
cause the available statistical summary provides mean and dispersion but not the run-level
samples required to verify the previously stated Wilcoxon rank-sum p-values, the inter-
pretation here is limited to the reported descriptive statistics and the cross-function mean
rank comparison. These benchmark results support the search effectiveness of the coopera-
tive design; the corresponding engineering benefit is evaluated separately in the engine
identification experiments in the subsequent Results and Discussion section.

1. Initialization
« Set parameters: N;,» Ny, P, 0 @ T, etc
« Define search bounds: LB, UB, (j=1,2,"+,D)
« Randomly generate two populations
Yij = Ibj + rand(ub; — Iby), i
Yij = Ibj + rand(ub; — Iby),

¥

2. Fitness Evaluation and Initial GOP
« Evaluate using weighted MSE
Fitness =w;, - MSE, +w, -MSE,, w; +w, =1
« Initialize global optimal pool (GOP) from both populations
P" € GOP

B, = arg min Fitness(P*)
A

++sNDOA? j

3. GA-DOA Cooperative Evolution (t=0,1, 2, ...)

3A. GA: Global Exploration 3B. DOA: Local Refinement
Elite preservation Adaptive coefficient
(retain top N5 individuals) c=1-
¥ Towe
A 4

Tournament selection
(size ki)
¥ Y=Y+ Corand x(p, Y,

‘
wargerj ~ Yij)

Best-guided search (development)

A 4
Local sampling (scouting)
¥ij® = Prargerj + 12(Yj — Yiy)
Y

Random perturbation
Y=Y +r;¢

A J

BLX-a crossover
Y30 = Umin(Yp1j, Yo, ) — ¢Aj,

Global
max(YpjYp24) + adj) OptimalPool

Y

(GOP)
Gaussian mutation
Y™ =Y;j+oN(0,1)(UB; - LB;))

=02.6=
Pm=02,0=0.1 Boundary repair
Y (clip to [LB;, UB;])
Boundary repair and normalization Y
Wy +we =1
4 Selection (keep better) and

population update

Fitness evaluation and population update ]

Yes /\ No
Fixed exct interval reached?

‘ (periodic exchange

4. Elite Exchange Between GA and DOA

*B

| conditional rep
DOApest = GAvorst: GAest = DOAworst

5. Update GOP and Target Position
«+ Retain superior solutions from both populations

larget

P, =arg min Fitness(P*) P’ e GOP
!

No

6. Stopping Condition

t > Tmax Or stagnation reached?

wrs', wg” fixed; refine Y by DOA

1]

8. Output
Yoests Fitnessmin

Figure 2. Flowchart of the GA-DOA algorithm.

—_

7. Final DOA Refinement (Optimal Weights Fixed) ’
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Convergence of Average Fitness over 15 Runs (10D)

102 (a) Sphere (b) Ackley
— GA
101 101 = £0
— DOA
100 GADOA
o 10~1 o 10
% 15 % 1071
2 1073 o
<o 2 1072
1075
106 1073
6 25 50 75 10'0 125 150 175 200 0 25 50 75 100 125 150 175 200
Iteration Iteration
(c) Rastrigin (d) Griewank
102 — GA —_— GA
— PSO — PSO
101 — 2’3*; 107 = [s)g;/\\
100 = GADOA GE)OA
- g 1071
2 10~ 2
i§10—2 Lg10‘3
: 1074 i
1075 10~7
1076
0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
Iteration Iteration
Figure 3. Convergence curves on four benchmark functions.
Table 1. Statistical results on four benchmark functions over 15 independent runs.

Function GA PSO SSA DOA GA-DOA
Sphere 2.669 x 1074 + 8.022 x 1072 + 3869 x 1074+ 5306 x 10°*+ 4648 x 1077 +
p 296 x 1074 3.00 x 101 3.22 x 1074 346 x 1074 9.57 x 107
Ackle 1.117 x 100 + 4721 x 1072 + 1.453 x 1072 + 2.340 x 1072 + 3.853 x 1074 +

y 9.25 x 1071 2.73 x 1072 1.04 x 1072 421 x 1073 7.72 x 1074
Rastricin 8.113 x 109 + 2.811 x 10! + 6.542 x 1072 + 7.778 x 1072 + 1.164 x 107°¢ +
& 3.10 x 10° 2.16 x 10! 6.18 x 102 414 x 1072 3.07 x 107
Griewank 2405 x 1071 + 6.769 x 1071 + 4452 x 1075 + 7922 x 107° + 9.765 x 1072 +
1.08 x 1071 1.22 x 109 487 x 107° 4.05 x 107° 3.44 x 1078

3. Data Processing and Modeling

3.1. Dataset and Preprocessing
3.1.1. Dataset Description

The data were generated using a dynamic JT9D aero-engine model implemented with
the Toolbox for the Modeling and Analysis of Thermodynamic Systems (T-MATS) [25]. The
self-generated dataset contains steady, transient, and representative flight conditions.

Fifty-four flight operating points were defined over altitudes of 0-8 km in 1 km
increments and Mach numbers of 0.1-0.6 in increments of 0.1. Each 10 s simulation used
three cumulative acceleration segments starting from idle. Accelerations began at 2.0, 4.5,
and 7.0 s, each lasted 1.5 s, and were separated by 1 s steady intervals. With a time step
of 0.04 s, each operating point/profile simulation contained 251 samples; across the three
throttle profiles, each operating point therefore contributed 753 samples.

https://doi.org/10.3390/aerospace13100902
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The dataset contains 11 SI unit variables: time (s), low-pressure spool speed N1 (rpm),
high-pressure spool speed N, (rpm), high-pressure compressor outlet total pressure Py3
(Pa), combustor exit temperature Ty (K), fuel flow W¢ (kg/s), low-pressure turbine exit
temperature T5 (K), thrust F (N), altitude H (m), Mach number Ma, and signal type. N1, Ny,
Py3, T4, and W were used as inputs, and Ts and F as outputs. With a fixed random seed
(SEED = 42), the 54 operating points were randomly divided into training, validation, and
test sets in a 6:2:2 ratio, corresponding to 32, 11, and 11 operating points. The distribution
of operating points across the three sets is shown in Figure 4.

B Training data @ Validation data A Testing data
0.6 ° u A u u n ] A [ ]
0.5 ] ] ] [ ] [ ] A A [ ] ]
0.4 | ] A ] ° ] [ ] [ ]

S 03 < A A [ ] ] ° ™ °
0.2 A A ® ] ] [ ] > A ]
0.1 ] A ° [ ] ] ] ] e ]
0.0

0 1 2 3 2 5 6 7 8

H/km

Figure 4. Distribution of operating points in the training, validation, and test sets.

3.1.2. Data Preprocessing

Data preprocessing consisted of dataset splitting, sensor noise modeling, and normalization.

The 54 operating points were divided into training, validation, and test subsets using
the fixed seed SEED = 42 and the 6:2:2 ratio described above, ensuring reproducibility.

To represent practical measurement uncertainty, output perturbations were introduced
into the training and validation data before normalization, with 0T5 = 3.0 K and oF = 0.75%
x Fmean, where Fmean is the mean thrust in the training set. These values were selected
as literature-informed, order-of-magnitude representations of thermocouple measurement
and thrust determination uncertainty rather than as the specifications of particular sen-
sors [26-28]. The test set remained noise free to provide an unbiased evaluation.

The input variables were standardized using the Z-score transformation

x —
x]r{torm _ Xk~ Pk (26)
0]
k
where p and o are the training set mean and standard deviation of each feature. The
outputs were mapped linearly to [0,1] by min—-max normalization:
yxorm — Yk = Ymin_ (27)
Ymax — Ymin
where y is the original output and ymin and ymax are the minimum and maximum training
values. All normalization parameters were computed from the training set and then
applied unchanged to the validation and test sets to avoid data leakage. During training,
multiplicative Gaussian noise with an amplitude of 0.001 | x| was additionally applied to
the inputs as implicit regularization.
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3.2. Model Description

The physical JT9D system was represented by five input variables: low-pressure spool
speed Nj (rpm), high-pressure spool speed N, (rpm), high-pressure compressor outlet total
pressure Py (Pa), combustor exit temperature T4 (K), and fuel flow W¢ (kg/s). The target
outputs were low-pressure turbine exit temperature Ts (K) and thrust F (N).

N; and N describe the spool speed state and are central to control law design; Pi3
reflects compressor pressure-raising capability and thermodynamic cycle efficiency; Ty
characterizes the combustor thermal state; and Wy is the primary manipulated variable
governing thrust. Together, these variables represent the thermodynamic state of the engine
during acceleration. Ts and F are key indicators for performance assessment, control, fault
diagnosis, and health management.

A two-layer LSTM was used as the base predictor [17]. This architecture was selected
based on preliminary experiments conducted by our group before the present comparative
study. In those experiments, increasing the network depth from one to two LSTM layers
produced a clear improvement in dynamic prediction performance, whereas increasing
the depth from two to three layers yielded only marginal additional gains and, for some
evaluation metrics, even caused slight performance degradation. The two-layer architecture
was therefore adopted as a practical balance between temporal feature representation and
model complexity. Sliding window sequences were passed through two stacked LSTM
layers and a fully connected output layer. Data from all 54 operating points were used to
train one cross-condition model. Dropout regularization and early stopping were used to
suppress overfitting and improve generalization [29,30].

3.3. Simulation Platform

The component-level JT9D model was developed in MATLAB/Simulink using the
open-source T-MATS v1.4.0 toolbox released by NASA [25], running in MATLAB/Simulink
R2023a. It comprises an inlet, fan, low-pressure compressor, high-pressure compressor,
combustor, high-pressure turbine, low-pressure turbine, core nozzle, and bypass nozzle.
Standard station numbering is used, and common work equations are solved to obtain
matched operating points. The station layout is shown in Figure 5.

17 19
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Fuel flow
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Cooling flow nozzle
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High pressure shaft RO

Low pressure shaft

M S 5 a— ! 2 e
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Figure 5. Station layout of the JT9D turbofan engine.

To generate multi-condition dynamic data over the flight envelope, the original
model was extended only at the script level; the Simulink model, component maps,
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Newton-Raphson solver, and spool dynamics modules were not altered. Three exten-
sions were introduced.

(1) Parameterized injection of flight environment conditions. In the original model,
inlet total temperature T, total pressure Py, and ambient static pressure Pamb were hard
coded for a single design point. Before each run, the modified script computes the inlet
conditions from altitude H and Mach number Ma using the ISA standard atmosphere:

T; = Ta(1 + 0.2Ma?) (28)

P, = P, (1 + 0.2Ma2)3'5 (29)

T, and P, are evaluated piecewise according to the ISA model. A lapse rate
of L =0.0065K/m is used in the troposphere (H < 11 km), and an isothermal value
Ta =216.65 K is used above this altitude [31]. The calculated quantities are written to
Simulink constant blocks through set_param, extending the platform from one design point
to batch simulations over H = 0-11 km and Ma = 0.1-0.8. Although the extended platform
supports this broader envelope, the dataset used in this study was restricted to H = 0-8 km
and Ma = 0.1-0.6.

(2) Programmatic generation of compound throttle commands. The original model
used a single step command. The modified MATLAB script generates a 251-point speed
command time series at 0.04 s intervals and supplies it to the Simulink input through a
timeseries object. Each 10 s simulation starts from idle and applies three 1.5 s accelerations
at2.0,4.5, and 7.0 s, successively reaching Njqie + A/3, Niqie + 2A/3, and Npax = 3667.6 rpm,
where A = Nmax — Njgle. One-second steady intervals are retained between acceleration
segments. Step, linear ramp, and quadratic parabolic throttle profiles are included. To
avoid divergence when the low-pressure spool leaves the component map boundary at
high altitude and low speed, an adaptive idle speed schedule is used: Njqe = 3000 rpm
for H < 5 km, 3100 rpm for H = 6-8 km, 3200 rpm for H = 9-10 km, and 3300 rpm for
H =11 km.

(3) Standardized SI unit postprocessing. The original imperial unit outputs are re-
tained in the model and converted by a separate Python script: F(Ibf) x 4.44822—N,
We(Ilbm/s) x 0.453592—kg/s, T(°R) x 5/9—K, and P(psia) x 6894.76—Pa. The resulting
dataset is entirely expressed in SI units.

3.4. Modeling and Simulation
3.4.1. Model Hyperparameter Settings

Before training, the sliding window length, the numbers of hidden units in the first
and second LSTM layers, and the dropout rate were jointly optimized by GA-DOA. The
window length determines the accessible temporal context; too few hidden units may
cause underfitting, whereas too many increase complexity and overfitting risk. Dropout
suppresses feature co-adaptation by randomly deactivating neural connections during
training [29].

The number of LSTM layers was not included as an additional GA-DOA decision
variable in the present study. Although such an extension is theoretically feasible, it would
introduce a discrete architecture dimension and substantially enlarge the hyperparameter
search space. Because each fitness evaluation requires training an LSTM model, searching
the network depth together with the window length, hidden unit numbers, dropout rate,
and output loss weights would markedly increase the computational burden. Moreover,
the main objective of this study is to evaluate the effectiveness of the proposed GA-DOA
search mechanism under a controlled predictor architecture rather than to perform an
exhaustive neural architecture search. Considering the preliminary depth comparison and
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the computational cost, the LSTM depth was therefore fixed at two layers, while the layer
widths and other key hyperparameters were optimized. Incorporating network depth into
the search space remains a feasible extension for future work.

The hidden layers used rectified linear units (ReLUs), whose nonsaturating positive
region gradient helps alleviate gradient attenuation [32]. Training used the Adam op-
timizer, which adapts the update step from first- and second-moment estimates and is
suitable for noisy nonstationary optimization [33]. Validation MSE was evaluated after
each epoch. Training stopped when validation loss did not improve for 30 epochs, and the
parameters from the best epoch were restored [30]. The optimized dropout layer and 0.1%
multiplicative Gaussian input noise further improved robustness [29].

The hyperparameter search bounds were determined by combining guidance from
previous LSTM hyperparameter tuning studies with the characteristics of the present
dynamic identification task. Previous work has shown that LSTM performance is sensitive
to architectural and temporal hyperparameters, including the number of hidden layers,
the number of cell units, and the history time input, and has also emphasized the need to
balance search effectiveness against computational resource constraints [34]. Accordingly,
considering the relatively compact input-output dimension of the present problem, the
temporal scale of the acceleration transients, the available data volume, and the repeated
LSTM training cost incurred during metaheuristic optimization, the search ranges were
restricted to physically and computationally reasonable intervals. The same bounds were
used for all competing optimization algorithms to ensure a consistent search space.

3.4.2. Evaluation Metrics

Prediction accuracy was quantified by the root mean square error (RMSE), mean
absolute error (MAE), and mean absolute percentage error (MAPE):

(30)
RMSE measures the overall magnitude of the prediction error.
1 N
MAE = Y 19i = il (31)
Ni=
MAE represents the average absolute deviation.
MAPE = 220% i Ji =i (32)
=17

Here, N is the number of samples, and §; and y; are the predicted and true values.
RMSE emphasizes the overall error scale, MAE describes the mean absolute bias, and
MAPE quantifies relative error.

The comparison followed a controlled variable design: the LSTM backbone form, data
split, training strategy, and hyperparameter search ranges were held constant, while the
optimization method was varied among GA-DOA, GA, DOA, PSO, and SSA [20-22]. All op-
timized models used the same two-layer LSTM backbone and the same 54 operating points.

3.5. Results and Discussion

The models were implemented in Python 3.9.25. The original prediction curves and
Tables 2 and 3 retain the best validation run results for direct comparison with the initial
experiments. To assess stochastic robustness and isolate mechanism contributions, an addi-
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tional repeated-run study was conducted using a fixed data/noise split (split_seed = 42)
and ten common run seeds for GA, DOA, the two ablated GA-DOA variants, and the
complete GA-DOA. The repeated-run results are reported as mean + sample standard
deviation of RMSE and MAE.

Table 2. Hyperparameter search space used for all optimization algorithms.

Hyperparameter Symbol Search Range  Variable Type
Sliding window length L [5, 30] Integer
Hidden units in the first LSTM layer h1 [5, 25] Integer
Hidden units in the second LSTM layer h2 [1,15] Integer
Dropout rate pdrop [0.05, 0.50] Continuous

Note: Integer-valued variables were rounded to the nearest admissible integer after candidate
updates; the dropout rate was treated as a continuous variable and clipped to its prescribed interval.

Table 3. LSTM hyperparameter settings for the six models.

Model Sequence Length  Hidden Units [h1, h2] = Dropout Rate
LSTM 15 [16, 8] 0.1000
PSO-LSTM 24 [11, 8] 0.0616
SSA-LSTM 20 [21, 11] 0.0500
DOA-LSTM 27 [15, 9] 0.0500
GA-LSTM 19 [14, 13] 0.0500
GA-DOA-LSTM 29 [23,13] 0.0500

Three representative test conditions were selected from the 11 test operating points: a
low-altitude/high-speed boundary condition (H = 2 km, Ma = 0.6), a high-altitude /low-
speed boundary condition (H = 7 km, Ma = 0.2), and a moderate-altitude/moderate-
speed condition (H =5 km, Ma = 0.5). The first two represent distinct boundary regimes,
while the moderate case is an interior condition; these curves are representative transient
visualizations rather than an exhaustive survey of all altitude-Mach combinations. Figure 6
compares the thrust and T5 predictions of LSTM, PSO-LSTM, SSA-LSTM, DOA-LSTM, GA-
LSTM, and GA-DOA-LSTM. GA-LSTM already tracks the reference thrust curves closely
and removes much of the sustained deviation seen in the earlier baselines. GA-DOA-LSTM
further lowers the full test set thrust RMSE from 2448.73 to 2430.10 N, MAE from 1864.57 to
1832.24 N, and MAPE from 1.3119% to 1.2576%, corresponding to reductions of 0.8%, 1.7%,
and 4.1%, respectively. The pointwise advantage is not uniform at every instant: GA-LSTM
remains locally competitive at H = 5 km and Ma = 0.5, but the aggregate metrics favor
the cooperative optimizer. The comparison of error metrics for all six models is shown in
Figure 7.

The prediction of Ts was generally more accurate than that of thrust. GA-LSTM
follows the Ts reference closely under all three conditions, with most deviations confined
to short intervals around throttle transitions. GA-DOA-LSTM improves the full test set Ts
RMSE from 1.8275 to 1.6121 K, MAE from 1.4442 to 1.0136 K, and MAPE from 0.2043% to
0.1512%, reductions of 11.8%, 29.8%, and 26.0%, respectively. The larger decrease in MAE
than in RMSE indicates that the cooperative search mainly reduces persistent moderate
errors, while a smaller number of transition-related peaks remain. The selected window
and hidden layer configuration therefore improve temperature dynamic tracking without
changing the overall response shape. At low altitude and high speed, larger fuel flow
variation and thermal loading increase the difficulty of the problem; at high altitude and
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low speed, reduced air density and stronger thermal inertia slow the temperature response.
The complete test-set prediction accuracy of the six models is summarized in Table 4.

Several error patterns were shared by all models. Thrust lag occurred during acceler-
ation at H =2 km, Ma = 0.6 and H = 5 km, Ma = 0.5, whereas overshoot was common at
H =7 km, Ma = 0.2. These similarities indicate that part of the prediction error originates
from the inherent engine dynamics rather than from the learning algorithm alone.

At low and moderate altitudes, thrust lag is mainly associated with spool inertia
and component rematching. After a throttle change, fuel flow and combustor heat release
increase rapidly, but the high- and low-pressure spools require time to accumulate rotational
energy. The compressor and turbine must also establish a new matched operating point, so
thrust develops later than the control input.

A data-driven predictor must infer the future response from historical states. During a
rapid transition from low to high power, the inputs may already have changed while thrust
is still influenced by the preceding operating point. If this long-timescale dependence is not
learned sufficiently, the model smooths the response and produces an apparent delay. This
explains why different optimizers can show similar lag at the two lower-altitude conditions.
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Figure 6. Thrust and Ts5 predictions of the six models under representative operating conditions.
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Figure 7. Comparison of error metrics for the six models: (a) T5 prediction performance; (b) thrust

prediction performance.

At H =7 km and Ma = 0.2, the observed overshoot is related to the reduced ambient
pressure and density, lower inlet mass flow, and delayed aerodynamic matching. Fuel
addition initially increases heat release, while inlet and spool constraints postpone the
establishment of the new steady state; consequently, turbine temperature and compres-
sor outlet pressure may temporarily depart from their matched values and generate a
thrust peak.
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Table 4. Prediction accuracy of the six models on the test set.

Model Output RMSE MAE MAPE (%)

T 3.6488 2.5649 0.3747
LSTM

F 4524.96 3617.41 2.6748

Ts 2.8541 2.3332 0.3338
PSO-LSTM

F 3618.60 2790.69 1.9192

Ts 1.9371 1.4817 0.2091
SSA-LSTM

F 2515.73 1910.48 1.3163

Ts 1.9283 1.4137 0.2018
DOA-LSTM

F 3032.00 2304.88 1.5891

Ts 1.8275 1.4442 0.2043
GA-LSTM

F 2448.73 1864.57 1.3119
GA-DOA- Ts 1.6121 1.0136 0.1512
LSTM F 2430.10 1832.24 1.2576

From the learning perspective, the high-altitude/low-speed response is highly
nonstationary and underrepresented by boundary condition samples. Strong initial
trends in fuel flow and spool acceleration may cause the model to anticipate the high-
thrust state before aerodynamic matching and inertia have taken effect, resulting in a
temporary overprediction.

3.5.1. Repeated-Run Robustness and Ablation Analysis

Because population-based optimizers are stochastic, single-run results may be sen-
sitive to random initialization and search updates. Therefore, five variants—GA, DOA,
GA-DOA without elite exchange (GADOA_no_elite), GA-DOA without GOP guidance
(GADOA_no_GOP), and the complete GA-DOA—were independently repeated ten times.
The data partition and sensor noise realization were fixed with split_seed = 42, while the
same run seed sequence was used for all variants. This protocol isolates optimizer-induced
variability and enables direct comparison of metric dispersion.

As summarized in Table 5 and Figure 8, the complete GA-DOA achieved the lowest
mean error for all four repeated-run metrics, with T5 RMSE and MAE of 1.909 + 0.618 K
and 1.395 + 0.531 K, respectively, and thrust RMSE and MAE of 2796 + 479 N and
2077 £ 396 N, respectively. Compared with the pure GA baseline, the complete framework
reduced the mean T5 and thrust RMSE by 23.3% and 15.2%, respectively. Compared with
the pure DOA baseline, the corresponding reductions were 24.0% and 18.4%. These com-
parisons show that the observed improvement cannot be attributed to either GA or DOA
operating independently but is associated with their integration and the accompanying
cooperative mechanisms.

Table 5. Ten-run robustness and ablation results (mean + sample standard deviation).

Variant T5RMSE (K) T5MAE(K) FRMSE (N) F MAE (N)
GA 2490 +£1.123  1.895+0.966 3297 £ 1123 2485 £+ 923
DOA 2513 £1.160  1.949 £ 1.059 3425 £ 814 2621 £ 822
GADOA _no_elite 2180 £0.445 1.626 £ 0.333 3081 £ 614 2291 £ 509
GADOA_no_GOP  2.106 £0.468  1.627 £ 0.435 2949 £ 509 2203 £ 369
GADOA 1.909 £ 0.618  1.395 + 0.531 2796 + 479 2077 £ 396
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Figure 8. Comparison of mean T5 and thrust RMSE for the repeated-run robustness and
ablation variants.

The ablation analysis focused on GOP guidance and bidirectional elite exchange
because they represent two core cross-population cooperation mechanisms in the proposed
framework. The GOP aggregates high-quality candidates generated by both populations
and provides a shared search target, whereas bidirectional elite exchange directly transfers
promising solutions between the GA and DOA populations. The component removal
variants therefore evaluate two complementary forms of information sharing: shared target
guidance and direct solution migration. Removing GOP guidance increased T5 RMSE and
MAE by 10.3% and 16.6%, respectively, and increased thrust RMSE and MAE by 5.5% and
6.1%. These changes are consistent with the intended role of the GOP in improving the
quality of the search target. Removing elite exchange increased T5 RMSE and MAE by
14.2% and 16.6%, respectively, and increased thrust RMSE and MAE by 10.2% and 10.3%.
This result indicates that the conditional transfer of elite solutions facilitates the propagation
of useful information between the two populations. Under the present experimental setting,
elite exchange produced a somewhat larger reduction in mean error than GOP guidance,
particularly for thrust prediction.

Overall, the results support three conclusions. First, GA alone does not account for
the accuracy improvement of the complete method. Second, integrating GA and DOA
provides better average prediction accuracy than using either optimizer independently.
Third, removing either GOP guidance or bidirectional elite exchange increases the mean
prediction errors, indicating that both shared target guidance and direct solution migration
make positive marginal contributions when the remaining components of the framework
are retained.

3.5.2. Fixed-Budget Fairness Analysis

Table 6 and Figure 9 present a separate comparison. To further examine whether
the observed gains were simply caused by a larger optimization budget, a separate fixed-
budget comparison was performed in which GA, GA-DOA, PSO, SSA, and DOA were each
limited to 120 fitness evaluations and repeated 10 times using the same data split and run
seed sequence. Under this deliberately tight budget, GA obtained the lowest mean errors
(T5 RMSE 1.847 £ 0.692 K; T5 MAE 1.397 & 0.707 K; thrust RMSE 2917 + 379 N; thrust MAE
2125 + 308 N), while GA-DOA achieved 2.321 £ 0.681 K, 1.705 + 0.585 K, 3274 4= 595 N,
and 2469 £ 501 N, respectively. GA-DOA nevertheless remained more accurate than PSO,
SSA, and DOA for T5 under the same evaluation budget, and outperformed SSA and DOA
for thrust. These results show that the cooperative GA-DOA framework is not inherently
advantaged by evaluation count and that its full accuracy benefit requires sufficient room
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for the coevolution, information exchange, and refinement stages to operate. In practical
terms, the method trades a limited amount of additional offline optimization effort for
higher final prediction accuracy in the full search configuration; this extra cost is confined
to model development and does not increase online inference complexity.

Table 6. Fixed-budget comparison with 120 fitness evaluations (ten runs; mean + sample
standard deviation).

Algorithm T5 RMSE (K) Thrust RMSE (N) Time (s)
GA 1.847 + 0.692 2917 4+ 379 1767 £ 1158
GA-DOA 2.321 £ 0.681 3274 + 595 2338 + 2230
PSO 2.509 £+ 0.671 3074 £+ 636 1932 £+ 1148
SSA 2.611 £ 1.083 3561 £+ 804 1017 £ 852
DOA 2.919 £ 0.948 3381 £ 403 2108 £ 2061
(a) T5 fixed-budget comparison (b) Thrust fixed-budget comparison
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Figure 9. Fixed-budget comparison of T5 and thrust RMSE across ten independent runs. Error bars
denote sample standard deviation.

3.5.3. Out-of-Envelope Extrapolation Analysis

To assess extrapolation beyond the sampled operating envelope, additional tests were
conducted outside the training domain of H = 0-8 km and Ma = 0.1-0.6. The extrapolation
conditions were not selected arbitrarily. They were determined with reference to physically
meaningful operating conditions of a transport turbofan engine and to the convergence
boundary of the extended T-MATS/JT9D simulation model, so that the evaluation remained
both operationally relevant and numerically feasible. Three categories were considered:
altitude extrapolation, Mach number extrapolation, and combined altitude-Mach num-
ber extrapolation. The combined category explicitly includes high-altitude/high-speed
conditions beyond both original boundaries, thereby testing the more demanding coupled
distribution shift raised in the review. Low-altitude/low-speed cases are closer to the
lower/interior portion of the sampled envelope and do not constitute the same simultane-
ous out-of-envelope shift. All extrapolation conditions were excluded from model training,
validation, and hyperparameter optimization. The category-level RMSE statistics for six
models over ten independent runs are summarized in Figure 10 and Table 7.
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(a) T5 extrapolation (b) Thrust extrapolation
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Figure 10. Comparison of mean extrapolation RMSE for T5 and thrust under altitude, Mach number,
and combined out-of-envelope conditions. Error bars denote the mean pointwise standard deviation
across ten independent runs.

Table 7. Extrapolation performance of different models beyond the training operating envelope.

Extrapolation Metric Pure LSTM PSO-LSTM SSA-LSTM  DOA-LSTM GA-LSTM GA-DOA-
Type LSTM
Altitude ISRMSE() 1137 £675 751 + 2.8 6.36 + 2.64 6.92 + 230 7.25 + 2,61 717 +2.83
extrapolation [6.54,16.19] [5.45, 9.57] [4.46, 8.25] [5.28, 8.57] [5.39, 9.12] [5.15, 9.20]
FoRMSE(N) 7635 1835 7939 + 2551 7723 + 2403 8184 + 2491 8970 + 3400 8025 + 3096
8 [6323, 8948] [6114, 9764] [6004, 9442] [6402,9966]  [6538,11,403]  [5810, 10,240]
Mach-number 1. pn e o 9.35 + 456 742 + 280 6.73 + 336 6.46 + 2.19 6.08 + 2.39 421 +155
extrapolation 6,08, 12.61] [5.42,9.43] [4.33,9.13] [4.89, 8.03] [4.37,7.78] [3.10, 5.32]
FoRMSE(y) (208453943 1220544366 10257496 1045343345 112244331 91463027
8 [10163,15805]  [9102,15,348]  [6754,13,759]  [8060,12,846]  [8143,14,340]  [6980,11,311]
Combined 15 RMSE (K) 8.82 + 429 702 + 191 612 + 221 761 + 215 5.60 £ 219 6.00 £ 229
extrapolation [5.75, 11.89] [5.66, 8.39] [4.53,7.70] [6.07,9.14] [4.03,7.17] [4.36, 7.64]
FeRMSE(y)  SU9E208L  S37L2107 60511912 6542568 57023 549152006
8 13590, 6568] 3860, 6874] [4683, 7418] 4508, 8182] [4114, 7466] [3898, 7083]

Note: Each cell is reported as category mean RMSE + mean pointwise standard deviation, with the av-
eraged pointwise 95% confidence interval in brackets. Each operating point statistic is based on 10 in-
dependent runs. Pointwise 95% Cls were calculated as mean + t0.025,9-s/+/10, with t0.025,9 = 2.2622.
The SD and CI shown here summarize the pointwise 10-run uncertainty within each category.

For the two principal physical outputs, T5 and thrust, Table 7 also provides uncertainty
intervals for the extrapolation results. Specifically, the bracketed values are averaged
pointwise 95% confidence intervals derived from 10 independent runs. These intervals
quantify the run-to-run uncertainty of the prediction errors for the main physical parameters
and complement the mean =+ standard deviation reporting. They should be interpreted as
uncertainty intervals of the prediction error, rather than as measurement tolerances of the
underlying T-MATS physical variables.

Across all 16 extrapolation operating points, GA-DOA-LSTM achieved an overall
mean T5 RMSE of 5.767 K, which was 9.9% lower than the 6.399 K obtained by GA-LSTM.
At the category level, GA-DOA-LSTM achieved the lowest T5 RMSE under Mach number
extrapolation (4.21 K), a 30.7% reduction relative to GA-LSTM (6.08 K). The two methods
were comparable under altitude extrapolation (7.17 K for GA-DOA-LSTM and 7.25 K
for GA-LSTM), although SSA-LSTM produced the lowest altitude category value (6.36 K).
Under combined extrapolation, GA-LSTM achieved the lowest T5 RMSE (5.60 K), compared
with 6.00 K for GA-DOA-LSTM. These results show that the cooperative optimizer improves
overall T5 extrapolation and provides a clear advantage for Mach number shifts but does
not dominate every category.

Thrust extrapolation was more challenging and more condition dependent. GA-DOA-
LSTM obtained the lowest category mean thrust RMSE under Mach number extrapolation
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(9145.5 N), compared with 12,984.1, 12,225.3, 10,256.6, 10,453.2, and 11,241.7 N for Pure
LSTM, PSO-LSTM, SSA-LSTM, DOA-LSTM, and GA-LSTM, respectively. Relative to GA-
LSTM, GA-DOA-LSTM reduced thrust RMSE by 10.5%, 18.6%, and 5.2% for altitude, Mach
number, and combined extrapolation, respectively. It nevertheless did not attain the lowest
thrust RMSE in the altitude or combined categories when all six models were compared.
The larger errors at the most severe high-altitude conditions confirm that extrapolation
remains limited by the absence of representative training information, particularly for
thrust, which depends strongly on inlet conditions, airflow, component matching, and
boundary region dynamics. Accordingly, the proposed method should be interpreted
as improving resistance to specific operating envelope shifts rather than eliminating the
general extrapolation limitation of data-driven identification. Future studies will expand
physically representative training coverage near the engine operating and simulation
convergence boundaries and investigate physics-informed and uncertainty-aware learning
with higher-fidelity and experimental engine data.

The aggregate results in Tables 2 and 3 support the visual comparison. For T5, GA-
LSTM achieved an RMSE of 1.8275 K, an MAE of 1.4442 K, and a MAPE of 0.2043%;
GA-DOA-LSTM reduced these values to 1.6121 K, 1.0136 K, and 0.1512%, respectively.
Relative to GA-LSTM, the reductions were 11.8%, 29.8%, and 26.0%. For thrust, GA-LSTM
obtained an RMSE of 2448.73 N, an MAE of 1864.57 N, and a MAPE of 1.3119%, whereas
GA-DOA-LSTM achieved 2430.10 N, 1832.24 N, and 1.2576%. The corresponding gains over
GA-LSTM were smaller but consistent at 0.8%, 1.7%, and 4.1%. This contrast indicates that
adding DOA-based cooperative search to GA provides its clearest benefit for temperature
prediction, while GA alone had already located a strong thrust model configuration. GA-
DOA-LSTM nevertheless achieved the lowest RMSE, MAE, and MAPE for both outputs
among all six models.

Overall, GA-DOA-LSTM achieved the best balance between accuracy and robustness
for repeated aero-engine acceleration. Its performance remained stable across the evaluated
test data, including the high-altitude boundary condition, supporting its use in engine state
monitoring and health management applications.

4. Conclusions

A GA-DOA-LSTM framework was developed for dynamic identification of a high
bypass ratio turbofan engine. The optimizer combines GA-based diversity preservation
with the exploration and attack mechanisms of DOA, while the GOP, greedy acceptance,
conditional elite exchange, and fixed-weight refinement improve target quality and late-
stage convergence.

Using dynamic data from 54 T-MATS/JT9D operating points, the proposed model
outperformed the baseline and four single-optimizer LSTM models on the in-envelope
test set. It achieved T5 RMSE, MAE, and MAPE values of 1.6121 K, 1.0136 K, and 0.1512%,
and thrust values of 2430.10 N, 1832.24 N, and 1.2576%, respectively. Additional out-of-
envelope tests showed the accuracy degradation expected for data-driven models under
distribution shift. In the expanded six-model comparison, GA-DOA-LSTM achieved the
lowest category mean T5 and thrust RMSE under Mach number extrapolation. Averaged
across all 16 extrapolation conditions, its TS RMSE was 9.9% lower than that of GA-
LSTM, and its thrust RMSE was lower than GA-LSTM in all three extrapolation categories.
GA-LSTM nevertheless achieved the lowest T5 RMSE under combined extrapolation,
and other baselines remained superior in some altitude and combined thrust cases. The
proposed cooperative optimization therefore improves robustness to specific operating
envelope shifts but does not remove the fundamental extrapolation limitations of data-
driven modeling.

https://doi.org/10.3390/aerospace13100902


https://doi.org/10.3390/aerospace13100902

Aerospace 2026, 13, 902 24 of 25

The present study has several limitations. First, the validation is based on the T-
MATS/JTID simulation environment, and a simulation-to-real discrepancy remains un-
avoidable. Real engine measurements may additionally be affected by component deterio-
ration and variability, sensor and actuator uncertainty, environmental disturbances, and
unmodeled thermal/mechanical dynamics; therefore, the present results should be inter-
preted as simulation-based validation rather than direct validation on a physical engine.
Rig or flight test data will be used in future work to evaluate and, if necessary, reduce this
simulation-to-real gap. Second, because the current model is developed for the JT9D con-
figuration, its direct transferability to engines with different size, thrust class, bypass ratio,
or architecture has not yet been established. Cross-engine validation and transfer learn-
ing strategies will therefore be investigated. Third, the cooperative GA-DOA procedure
introduces additional offline optimization overhead because two search populations, infor-
mation exchange, GOP maintenance, and final refinement are involved. This additional
cost is paid during model development to obtain improved final predictive performance
and does not increase the online inference complexity of the trained two-layer LSTM. Fu-
ture work will investigate more computationally efficient search and surrogate-assisted
optimization while preserving the accuracy benefit.
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