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Abstract 

This paper proposes a new deep neural network (DNN) architecture called the congealed DNN for system 

identification of morphing aircraft. The developed DNN consists of two parts: the invariant features of the inner layers 

and the time-varying weights of the output layer. For the inner invariant features, a novel meta-learning with 

adversarial optimization framework is developed to derive a common representation function shared by different 

deformation conditions. For the time-varying weights, we consider them to be composed of congealed weights and 

time-varying perturbations. The congealed weights are estimated using standard adaptive techniques, while a sliding 

mode-like function is employed to attenuate time-varying disturbance terms. The experimental results indicate that 

the proposed method demonstrates more precise and faster adaptation capabilities to the morphing aircraft system 

compared to other methods. 
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1. Introduction 

Model-based approaches provide a formalized method 

with almost-global stability guarantees for aircraft 

controller design. However, morphing aircraft can 

adaptively change their structural shape, thereby 

dynamically adjusting their aerodynamic configuration. 

The deformation process can lead to changes in the 

inherent structural parameters of the aircraft [1], which 

increases the complexity of aircraft modelling. The 

resulting complexity and instability in dynamics can have 

a significantly adverse impact on the model-based 

controller design for morphing aircraft. Therefore, it is 

imperative in model-based controller design to accurately 

identify the unmodeled dynamics.  

Neural networks (NNs) have garnered significant 

interest within the field of control systems, particularly in 

nonlinear control, due to their ability to approximate 

complex nonlinear functions [2]. Besides, some studies 

demonstrate that deep neural networks (DNNs), through 

more complex architectures, may achieve superior 

function approximation capabilities [3], [4], [5]. However, 

the model of morphing aircraft represents a more complex 

nonlinear spatiotemporal system. Due to the unavailability 

of time-dependent variables in morphing aircraft, the 

aforementioned NN may struggle to achieve ideal results 

when approximating spatiotemporal uncertainty. In recent 

years, the paradigm of combining meta-learning and 

adaptive control has shown promising prospects in 

estimating spatiotemporal uncertainty, addressing domain 

transfer challenges, and adapting to new environments in 

real-time [6]. Nevertheless, the above results have limited 

capability in dealing spatiotemporal systems with rapidly 

changing parameters. 

Significant advancements have been achieved in 

adaptive estimation methodologies for spatiotemporal 

systems. The recent developments in this area can 

primarily be classified into two trends. One of these is 

based on the so-called robust adaptive laws or switching 𝜎 
modifications [7], [8], while the other involves filtering 

transformations and projection operation [9]. When the 

unknown parameters continue to change, the 

aforementioned methods cannot guarantee zero error 

regulation. In [10], a technique known as the congelation 

of variables (CV) has been introduced and advanced. The 

CV method treats unknown time-varying parameters as 

nominally constant parameters subject to disturbances, 

where the deviation between the actual parameter values 

and the nominal value is regarded as a time-varying 

disturbance. Accordingly, the controller design is 

decomposed into two parts: a conventional adaptive 

method for nominally constant parameters, and a damping 

component that suppresses the time-varying disturbance. 

Additionally, this approach is compatible with a wide 

range of adaptive control frameworks based on parameter 
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estimation, as it preserves the original parameter update 

laws applicable to time-invariant parameters. 

Inspired by the aforementioned CV method, we design 

a congealed DNN (ConDNN) architecture to identify the 

unmodeled dynamics in morphing aircraft. This method 

not only improves the estimation accuracy of classical 

adaptive methods but also expands their applicability in 

more complex and dynamic spatiotemporal environments. 

Thus, this study presents two key innovations:  

(1) Unlike the methods that combine NN and adaptive 

estimation in [4], [5], [6], an estimator based on ConDNN 

is designed for time-varying linear parameters. This 

structure demonstrates better estimation accuracy under 

rapidly changing conditions of deformable structures.  

(2) Compared to the results of DNN in [4], [5], [6], we 

further consider the impact of representation errors 

brought about by DNN. The developed learning 

framework enables more accurate model estimation.  

2. Problem Statement 

The morphing aircraft model can be represented as the 

following general affine nonlinear spatiotemporal system: 

𝒙̇ = 𝒇(𝒙, 𝝃) + 𝒈(𝒙)𝒖 (1) 

where 𝒙 ∈ ℝ𝑛 describes the system state, 𝒖 ∈ ℝ𝑚 is the 

control input, 𝒇:  ℝ𝑛 × ℝ𝑠 → ℝ𝑛   represents the 

unmodeled dynamics, 𝒈: ℝ𝑛 → ℝ𝑛×𝑚  indicates the 

known control effectiveness matrix with 𝑛 ≥ 𝑚, 𝝃 ∈ ℝ𝑠 

is a hidden state related to deformation. To simplify 

notation, function arguments (e.g., 𝑡, 𝒙) may be omitted 

where there is no ambiguity.  

For model-based controller design, it is essential to have 

prior knowledge of the system model, specifically dynamic 

𝒇(𝒙, 𝝃). When the system model remains unavailable, real-

time model estimation via online identification becomes 

necessary. For estimation in real-time systems, we have 

two urgent issues to address. First, existing adaptive 

estimation methods based on DNN (such as [4], [5] and [6]) 

require the latent variables to change slowly. Second, the 

DNN architecture designed in the above results does not 

take into account the impact of representation errors.  

3. ConDNN Design 

The following content provides a detailed explanation 

for identifying spatiotemporal uncertainty and the 

derivation process of the ConDNN structure. 

3.1. DNN structure 

The unmodeled dynamics term 𝒇(𝒙, 𝝃)  can be 

approximated by the following DNN: 

𝒇(𝒙, 𝝃) = 𝑾𝒇
𝑇𝝔(𝝓(𝒙)) + 𝝐𝒂(𝒙, 𝑡) (2) 

where 𝑾𝒇 = [𝒘1 𝒘2  ⋯ 𝒘𝑛] ∈ ℝℎ×𝑛 is an ideal output-

layer weight, 𝝓(𝒙): ℝ𝑛 → ℝ𝑝  describes the DNN’s 

inner-layer features, 𝝐𝒂: ℝ𝑛 × ℝ → ℝ𝑛  denotes the 

function reconstruction error with 𝜖𝒂̅ = sup𝑡≥0‖𝝐𝒂(𝒙, 𝑡)‖, 
𝝔: ℝ𝑝 → ℝℎ is the activation function vector of the output 

layer. Specifically, 𝝓(𝒙)  can be articulated as 𝝓(𝒙) =
𝑾𝜄𝝔𝜄( 𝑾𝜄−1𝝔𝜄−1(𝑾𝜄−2𝝔𝜄−2(⋯  𝒙))) , where 𝜄  indicates 
the total number of hidden layers, 𝑾𝜄 and 𝝔𝜄 correspond 

to the ideal weights and activation functions at layer 𝜄 , 
respectively. For any analytic function 𝒇(𝒙, 𝝃), it can be 
decomposed into a 𝝃 -invariant component 𝚽(𝒙)  and a 
𝝃-dependent component 𝒂(𝝃) with arbitrary accuracy [6]. 

Inspired by this, Eq. (2) can be rewritten as 

𝒇(𝒙, 𝝃) = 𝑰𝑛 ⊗ 𝝔(𝝓(𝒙))vec(𝑾𝒇) + 𝝐𝒂(𝒙, 𝑡) 

       = 𝚽(𝒙)𝒂(𝝃) + 𝝐𝒂(𝒙, 𝑡) 
 

where 𝚽(𝒙) = 𝑰𝑛 ⊗ 𝝔(𝝓(𝒙)) ∈ ℝ𝑛×𝑛ℎ  is a 

representation function shared by all morphing conditions, 

𝒂(𝝃) = vec(𝑾𝒇) ∈ ℝ𝑛ℎ  is the linear coefficient update 

for each morphing condition, vec(𝑾𝒇)  represents the 

vectorization of matrix 𝑾𝒇, ⊗ is the Kronecker product. 

3.1. Output-layer weight congelation 

In this section, we introduce a weight congelation 

scheme to handle time-varying weight 𝒂(𝑡). Let the linear 
coefficient 𝒂(𝑡)  is denoted as 𝒂(𝑡) ∈ Ω𝒂 , where Ω𝒂 ⊆
ℝ𝑛ℎ denotes a compact set with an unknown radius 𝛿𝒂. 

Also, define the constant congealed parameter 𝓵𝒂 ∈ ℝ𝑛ℎ 

with respect to 𝒂(𝑡), which can be interpreted as the mean 

value of 𝒂(𝑡). The time-varying perturbation with respect 

to 𝓵𝒂 is defined as ∆𝒂(𝑡) = 𝒂(𝑡) − 𝓵𝒂 ∈ ℝ𝑛ℎ. Therefore, 

we have 𝛿𝒂 = sup𝑡≥0||∆𝒂(𝑡)||. The time-varying weight 

structure of the output layer is shown in Figure 1. The 

unknown dynamic 𝒇(𝒙, 𝝃) in Eq. (1) can be approximated 

by the ConDNN, which is defined by Definition 1. 

Definition 1. (Congealed Deep Neural Network) A 

ConDNN with the learned representation 𝚽(𝒙)  and the 
congealed weight vector 𝓵𝒂 is capable of approximating 

the spatiotemporal uncertainty 𝒇(𝒙, 𝝃) as 

𝒇(𝒙, 𝝃) = 𝚽(𝒙)𝓵𝒂 + 𝚽(𝒙)∆𝒂(𝑡) + 𝝐𝒂(𝒙, 𝑡). (3) 

The overall structure of the ConDNN is shown in Figure 1. 

 

Figure 1 Description of the ConDNN architecture. 

Drawing inspiration from the CV method [10], the 

constant congealed parameter 𝓵𝒂  can be approximated 

using the traditional adaptive estimation methods, 

resulting in an “estimate" represented as 𝒂̂ . The time-

varying perturbation term ∆𝒂(𝑡) and reconstruction error 
𝝐𝒂 can be compensated for by inserting sliding mode-like 

terms. 
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4. Offline Meta-Learning 

This part provides a concise overview of domain 

adversarial invariant meta-learning (DAIML) method [6] 

used for training 𝚽(𝒙).  We consider 𝐾  distinct 

deformation conditions, each characterized by unmodeled 

dynamics with varying parameters. Data can be obtained 

from each of these conditions. The dataset is given as 𝐷 =

{𝐷1, ⋯ , 𝐷𝐾} , where each subset 𝐷𝑘 =  𝒙𝑘(𝑖), 𝒚𝑘(𝑖)}𝑖=1
𝑁𝑘  

comprises 𝑁𝑘  pairs of input 𝒙  and output data 𝒚 . A 
challenge in multi-task learning is the presence of domain 

shift, where 𝚽(𝒙)  might memorize the distribution of 

𝒇(𝒙, 𝝃) under different deformation conditions for state 𝒙 
rather than 𝝃 . To address this issue, we present the 

subsequent adversarial optimization structure: 

max
𝒉

min
𝚽,𝒂̂𝑘

∑ ∑{||𝒚𝑘(𝑖) − 𝚽(𝒙𝑘(𝑖), 𝑾)𝒂̂𝑘||2

𝑁𝑘

𝑖=1

𝐾

𝑘=1

− 𝜛loss(𝒉(𝚽(𝒙𝑘(𝑖))), 𝑘)} 

(4) 

where 𝒉 ∈ ℝ𝐾 denotes an auxiliary DNN designed to act 

as a discriminator, predicting the deformation condition 

index from 𝚽(𝒙), 𝜛 ∈ ℝ≥0 serves as a hyper-parameter 

to control the regularization strength. The DNN 𝒉 outputs 
a 𝐾  dimensional probability vector corresponding to 𝐾 

predefined 𝝃𝑘 , the term loss(∙)  represents the cross-
entropy loss. The specific steps are shown in Algorithm 1, 

which performs following two main steps: 

The adaptation step (lines 5-8) solves a least squares 

(LS) problem regarding 𝒂̂  for each adaptive set 𝐷𝑘
𝒂 . 

Specifically, we randomly select 𝐵 data points from each 

sequence data 𝐷𝑘   as the adaptive set 𝐷𝑘
𝒂 , while the 

remaining 𝑁𝑘 − 𝐵 data points 𝐷𝑘
𝑾 serve as the training 

set. On the adaptive set 𝐷𝑘
𝒂, we use LS to obtain 𝒂∗ under 

specific deformation conditions. 

The training step (lines 9-12) updates 𝚽  using the 

training dataset 𝐷𝑘
𝑾 . This is achieved by solving the 

optimization problem presented in Eq. (4) that includes 

regularization. Additionally, spectral normalization is 

added to ensure the stability and convergence of NN 

training. The training procedure alternates between 

optimizing 𝒉 and 𝚽 in two sequential phases: First, 𝚽  

undergoes adjustment (line 9) while keeping 𝒉 
unchanged, subsequently 𝒉 is refined (line 11) while 𝚽 

remains fixed. A tuning parameter 𝜂 (0 < 𝜂 ≤ 1) 
governs the update frequency of the discriminator 𝒉 
within this alternating scheme. 

Algorithm 1 The algorithm of DAIML 

Input: 𝐷 = {𝐷1, ⋯ , 𝐷𝐾}, 𝜛 ≥ 0, 0 < 𝜂 ≤ 1, 𝛾 > 0 

Output: 𝚽 and 𝒉 

1: Initialize 𝚽 and 𝒉 with random values 

2: Iteratively perform lines 3-12 until convergence 

3: Sample dataset 𝐷𝑘   from 𝐷 randomly,  

4: Select two disjoint batches 𝐷𝑘
𝒂  and 𝐷𝑘

𝑾  from 𝐷𝑘 

randomly 

5: Solve the LS problem 𝒂∗ =
arg min𝒂̂ ∑ (‖𝒚𝑘(𝑖) − 𝚽(𝒙𝑘(𝑖), 𝑾)𝒂̂‖2)𝑖∈𝐷𝑘

𝒂  

6: if ‖𝒂∗‖ > 𝛾 then 

7:  𝒂∗ =  𝛾
𝒂∗

‖𝒂∗‖
 

8: end if 

9: Train DNN 𝚽  with loss ∑ {||𝒚𝑘(𝑖)𝑖∈𝐷𝑘
𝑾 −

𝚽(𝒙𝑘(𝑖), 𝑾)𝒂̂𝑘||2 − 𝜛loss(𝒉(𝚽(𝒙𝑘(𝑖))), 𝑘)}  by 

stochastic gradient descent and spectral normalization 

10: if 𝑟𝑎𝑛𝑑() < 𝜂 then 

11: Train DNN 𝒉 with ∑ loss(𝒉(𝚽(𝒙𝑘(𝑖))),𝑖∈𝐷𝑘
𝑾 𝑘) 

12: end if 

5. Online Adaptation   

5.1. Parameter update 

To estimate the drift dynamics, this paper develops the 

following state estimator: 

𝒙̇ = 𝒇̂(𝒙, 𝒂̂, 𝛿̂𝒂, 𝜖𝒂̂) + 𝒈(𝒙)𝒖 + 𝑮𝒙𝒙 (5) 

where 𝒙 = 𝒙 − 𝒙  is state estimation error, and 𝑮𝒙 ∈
ℝ𝑛×𝑛  is a user-defined positive definite (PD) observer 

gain matrix, 𝒇̂(𝒙, 𝒂̂, 𝛿̂𝒂, 𝜖𝒂̂)  is the ConDNN-based 

estimate of the unknown dynamics 𝒇, which is defined as  

𝒇̂(𝒙, 𝒂̂, 𝛿̂𝒂, 𝜖𝒂̂) = 𝚽(𝒙)𝒂̂ 

         +𝚽(𝒙)sgm(𝚽𝑇(𝒙)𝒙, 𝜏)𝛿̂𝒂 + sgm(𝒙, 𝜏)𝜖𝒂̂ 

     

(    (6) 

where 𝒂̂ ∈ ℝ𝑛ℎ , 𝛿̂𝒂 ∈ ℝ  and 𝜖𝒂̂ ∈ ℝ  denote the 

estimates of the congealed parameter 𝓵𝒂, the radius of 𝒂 
(i.e., 𝛿𝒂 ) and upper bound of 𝝐𝒂  (i.e., 𝜖𝒂̅ ), respectively. 

By utilizing (1), (3) and (6), we have 

𝒙̇ = 𝚽(𝒙)𝒂̃ + 𝚽(𝒙)∆𝒂(𝑡) + 𝝐𝒂(𝒙, 𝑡) − 𝑮𝒙𝒙 

   −𝚽(𝒙)sgm(𝚽𝑇(𝒙)𝒙, 𝜏)𝛿̂𝒂 − sgm(𝒙, 𝜏)𝜖𝒂̂ 
 (7) 

where 𝒂̃ = 𝓵𝒂 − 𝒂̂  is defined as the error between the 

congealed weight vector and the weight estimates. The 

weight estimate adaptation law is designed as 

𝒂̇̂ = 𝚷𝒂𝚽𝑇(𝒙)𝒙 

𝛿̇̂𝒂 = 𝛾𝛿𝒙𝑇𝚽(𝒙)sgm(𝚽𝑇(𝒙)𝒙, 𝜏) 

𝜖̂𝒂̇ = 𝛾𝜖𝒙𝑇sgm(𝒙, 𝜏) 

(8a) 

   (8b) 

   (8c) 

𝚷𝒂 ∈ ℝ𝑛ℎ×𝑛ℎ  is a constant PD adaptation gain matrix, 

𝛾𝛿 ∈ ℝ>0and 𝛾𝜖 ∈ ℝ>0 are constant adaptation gains. 

Remark 1. The function sgm(∙, 𝜏)  denotes a class of 
sigmoid functions, parameterized by a constant 𝜏 ∈ ℝ≥0. 

For the state 𝒙 ∈ ℝ𝑛, sgm(∙, 𝜏) satisfies the inequality:  

‖𝒙‖ − 𝒙𝑻sgm(𝒙, 𝜏) ≤ 𝜌(𝜏)  (9) 

where 𝜌(∙) is a class 𝒦 function. As 𝜏 approaches zero, 
sgm(𝒙, 𝜏)  approaches the sign function sgn(∙) . For 

example, we can choose sgm(𝒙, 𝜏) =
𝒙

√‖𝒙‖2+𝜏2
. 

5.2. Convergence analysis 

Theorem 1. Given the uncertain spatiotemporal system 

(1), the state estimator (5) and the parameter update laws 

(8), the state estimation error 𝒙 , for any 𝑡2 > 𝑡1 ≥ 0 
satisfies: 
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1

𝑡2 − 𝑡1

∫ ‖𝒙‖2𝑑𝑡
𝑡2

𝑡1

≤
𝑝0

𝑡2 − 𝑡1

+  𝑝1 (11) 

where 𝑝0  and 𝑝1  are positive constants given in 

subsequent proof. 

Proof. The Lyapunov function candidate (LFC) 𝑉0  is 

defined as 

𝑉0(𝒛) =
1

2
𝒙𝑇𝒙 +

1

2
𝒂̃𝑇(𝚷𝒂)𝒂̃ +

1

2
𝛾𝛿

−1𝛿𝑎
2 +

1

2
𝛾𝜖

−1𝜖𝒂̃
2  

where 𝒛 = [𝒙𝑇 , 𝒂̃𝑇 , 𝛿𝒂, 𝜖𝒂̃]𝑇 , 𝛿𝒂 = 𝛿𝒂 − 𝛿̂𝒂 , 𝜖𝒂̃ = 𝜖𝒂̅ −
𝜖𝒂̂. The time derivative of LFC is articulated as follows: 

𝑉̇0 = 𝒙𝑇𝒙̇ − 𝒂̃𝑇(𝚷𝒂)𝒂̇̂ − 𝛿𝒂𝛾𝛿
−1𝛿̇̂𝒂 − 𝜖𝒂̃𝛾𝜖

−1𝜖̂𝒂̇ (12) 

Substituting (7) and (8a) into (12), 𝑉̇0  in (12) can be 

bounded as 

𝑉̇0 ≤ 𝒙𝑇(𝚽(𝒙)𝒂̃ − 𝑮𝒙𝒙 − sgm(𝒙, 𝜏)𝜖𝒂̂ 

  −𝚽(𝒙)sgm(𝚽𝑇(𝒙)𝒙, 𝜏)𝛿̂𝒂) + ‖𝚽𝑻(𝒙)𝒙‖𝛿𝒂 

       +‖𝒙‖𝜖𝒂̅ − 𝒂̃𝑇𝚽𝑇(𝒙)𝒙 − 𝛿𝒂𝛾𝛿
−1𝛿̇̂𝒂−𝜖𝒂̃𝛾𝜖

−1𝜖̂𝒂̇. 

 

With the help of inequality (9), one can obtain 

𝑉̇0 ≤ −𝒙𝑇𝑮𝒙𝒙 + 𝒙𝑇sgm(𝒙, 𝜏)𝜖𝒂̃ 

+𝒙𝑇𝚽(𝒙)sgm(𝚽𝑻(𝒙)𝒙, 𝜏)𝛿𝑎 − 𝛿𝒂𝛾𝛿
−1𝛿̇̂𝒂 

           −𝜖𝒂̃𝛾𝜖
−1𝜖̂𝒂̇ + (𝛿𝒂 + 𝜖𝒂̅)𝜌(𝜏). 

 

Exploiting (8b) and (8c), we finally obtain that 

𝑉̇0 ≤ −𝜆𝑮||𝒙||2 + 𝑙 (13) 

where 𝜆𝑮 is the minimum eigenvalue of 𝑮𝒙, 𝑙 = (𝛿𝒂 +
𝜖𝒂̅)𝜌(𝜏). Furthermore, the time derivative of LFC satisfies 

𝑉̇0 ≤ 0 , when ‖𝒙‖ ≥ √
𝑙

𝜆𝑮
> 0 , which indicate that 𝒙  is 

uniformly bounded ∀𝑡 ∈ ℝ≥0 . Solving the differential 

inequality (13) on [𝑡1, 𝑡2), for some 𝑡2 > 𝑡1 ≥ 0, we have 

𝜆𝑮 ∫ ‖𝒙‖2𝑑𝑡
𝑡2

𝑡1
≤ 𝑉0(𝑡)|𝑡1

𝑡2 + (𝑡2 − 𝑡1)𝑙.  Thus, we can 

obtain the result in (11), where 𝑝0 = 𝜆𝑮
−1sup𝑡≥0𝑉0(𝑡) and 

𝑝1 = 𝜆𝑮
−1𝑙. Given that 𝑝1 is adjustable, we can make 𝒙 ∈

ℒ2  by adjusting 𝜏 ∈ ℒ2 . Consequently, the proposed 

estimator ensures the asymptotic convergence property 

[11].                                         ∎ 

6. Simulation 

 

Figure 2. Variable span morphing aircraft. 

The morphing aircraft model in [12] is adopted in this 

paper (Figure 2). Its longitudinal nonlinear dynamic model 

can be simplified into an affine nonlinear model 𝒙̇𝑚 =
𝒇𝑚(𝒙𝑚, 𝜉𝑚) + 𝒈𝑚(𝒙𝑚)𝒖𝑚 , where 𝒙𝑚 = [𝑉  𝛼  𝜃  𝑞  ℎ]𝑇 

∈ ℝ5  denotes the state, and 𝒖𝑚 = [𝛿𝑒 𝛿𝑡]𝑇 ∈ ℝ2  is the 

control input, 𝑉 , 𝛼 , 𝜃 , 𝑞  and ℎ  are flight velocity, 
attack angle, pitch angle, pitch angular velocity and flight 

altitude, respectively, 𝛿𝑡 is the throttle opening and 𝛿𝑒 is 

elevator deflection angle, 𝜉𝑚  is the morphing ratio 

(Figure 2). Considering the equilibrium point (𝒙𝑒 , 𝒖𝑒 , 𝜉𝑒) 
satisfy 𝒇𝑚(𝒙𝑒 , 𝜉𝑒) + 𝒈𝑚(𝒙𝑒) = 𝟎 , we can construct the 

system as shown in (1), where 𝒙 = 𝒙𝑚 − 𝒙𝑒 , 𝒖 = 𝒖𝑚 −
𝒖𝑒 , 𝜉 = 𝜉𝑚 − 𝜉𝑒  . For the detailed analysis process and 

simulation parameters, please refer to reference [13].  

The simulated control process is as follows: the initial 

altitude of the morphing aircraft is 4980 m, the speed is 35 

m/s, and both the initial angle attack and the initial pitch 

angle are 0.01 rad, the pitch angular velocity is 0 rad/s, i.e., 

𝒙𝑚(0) = [35  0.01  0.01  0  4980]𝑇. At this moment, the 

wingspan deformation ratio is 0. At the 20th second, a 

command for wingspan length deformation is applied, 

requiring that the aircraft's wingspan length to undergo 

rapid periodic changes over 80 seconds (Figure 3). 

Assuming 𝜉𝑒 = 1 , the equilibrium points can be 

determined a priori by LS fitting in [12], namely 𝒙𝑒 =
[40  0.0453  0.0453  0  5000]𝑇  and 𝒖𝑒 = [−0.3839   
27.9397]𝑇 . In this paper, the dynamic related to 

deformation rate of the wingspan is unknown. It is 

estimated through the design of associated ConDNN.  

 

Figure 3. Commands for the wingspan deformation. 

6.1. Data collection  

MATLAB is used for numerical simulation of the flight 

process of a morphing aircraft to collect training data. We 

allow an aircraft to fly for 5 minutes along random 

trajectories under six different morphing conditions 

(Table 1), with the wingspan morphing ratio ranging from 

0 to 1. Data are sampled at 100 Hz, generating a total of 30 

000 data points. We collect data 𝒙  and 𝒖  along each 
trajectory, and use numerical differentiation to compute 𝒙. 
Combining 𝒈(𝒙) with (1), the measurement data 𝒇 can 
be obtained. 

Table 1 Offline data generation sampling points. 

𝜉𝑚 0.0 0.2 0.4 0.6 0.8 1.0 

b/m 10.18 12.22 14.25 16.29 18.32 20.39 

6.2. DNN architecture and training details 

We take the state 𝒙  as the input to the DNN, and its 

output is the unmodeled dynamics 𝒇. The DNN in (6) is 

structured as 5 → 32 → 32 → 5 → 5 , where the final 

layer activation function employs a linear transfer function. 

The DNN's inner layer features 𝚽 follow the architecture 
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5 → 32 → 32 → 5  and ReLU activation. The DNN 𝒉 
follow the architecture 5 → 64 → 32 → 6  and ReLU 

activation. The selected hyper-parameters include a 

discriminator training frequency 𝜂 = 0.5, a normalization 

constant 𝛾 = 10, and a regularization strength 𝜛 = 0.1. 
We follow Algorithm 1 to train the common representation 

function 𝚽 . In online adaption, the learning gains are 

selected as 𝑮𝒙 = 10 × 𝑰5×5 , 𝛾𝛿 = 0.11 , 𝛾𝜖 = 0.5  and 
𝚷𝒂 = 20 × 𝑰25×25 . The initial values of parameters are 

selected as 𝛿̂𝒂(0) = 0.1 , 𝜖𝒂̂(0) = 0.1  and 𝒂̂(0) =
0.1 × 𝟏25 , respectively, where 𝟏  is unit vector. The 
constant of sigmoid function is selected as 𝜏 = 0.9. The 
unknown dynamic estimation by Eq. (6), with their 

parameter updates shown in Eq. (8) 

6.3. Result and comparison with other method 

The “Baseline” refers to the classical DNN-based 

adaptive approximation technique employed in [4]. Its 

common representation function is also trained offline 

using DAIML in Section 4. Figure 4 shows a comparison 

of the errors between the measured values and the 

estimated values, indicating that under rapidly changing 

deformation parameters, our scheme demonstrates smaller 

estimation errors and faster convergence speed.  

 

Figure 4. Comparison of estimation errors. 

7. Conclusion 

This paper proposes a novel ConDNN to approximate 

spatiotemporal uncertainty of morphing aircraft. Using the 

proposed DNN architecture, we estimate the unmodeled 

dynamics of the morphing aircraft. Simulation results 

confirm the effectiveness of the proposed approach. 

Compared to classical methods, it demonstrates superior 

performance under rapid parameter variations. 
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