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Abstract: The accurate identification of dynamic load is important for the optimal design and fault
diagnosis of aeronautical structures. Aiming at the identification of dynamic loads on complex
or unknown aeronautical structures, a deep convolution neural network (CNN) in the transform
domain-based method is proposed. It takes decomposed signals from wavelet transform of several
vibration signals as input. A CNN is used for feature extraction, and fully connected layers are used
for predicting the decomposed loads in the transform domain. After synthesizing the predicted
decomposed components, the loads in the time domain can be obtained. The proposed method could
avoid the explicit modeling of the system or transfer functions with complex or unknown structures.
Using the data collected on a GARTEUR model, the proposed model is trained and verified. Extensive
experimental results with qualitative and quantitative evaluations show the accuracy of this method
and the robustness to measurement noise and other unknown load disturbances.

Keywords: dynamic load identification; wavelet transform; transform domain; one-dimensional
convolution neural network

1. Introduction

In actual flight environments, aerospace structures such as aircraft are often affected by
different types of loads, e.g., the impact loads [1] and the dynamic loads [2,3], resulting in a
complex mechanical environment. The dynamic load is one of the common forms of load
applied to aircraft, which can be caused by the wind or airflows, or the some structure fault
like excessive clearances. In the design stage of the aircraft structure, in order to reduce the
adverse effect of the vibration caused by different types of loads on the aerospace structure
and improve the reliability of the structure, it is necessary to accurately identify the load
of the structure. Also, in the case of structural health monitoring, or aerospace structural
condition assessment, accurate measurements of loads would also be useful. However, due
to the limited measurement conditions, it is usually difficult, if not impossible, to direct
measure the dynamic loads that applied to the aircraft structures. On the other hand, while
the structural responses caused by the loads are easier to measure, the dynamic loads can
be identified by solving the load identification problem, which is an inverse problem to
identify the unknown loads from the measured vibration responses.

In the early methods of load identification, the algebraic relationship between the
response and the loads can be calculated by directly inverting the transfer function matrix
between load excitation and vibration response [4,5]. Unfortunately, load identification
often suffers from the ill-conditioned problem [6], weak noises that, when mixed in the
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response data, lead to huge errors in the solution. In order to improve the ill-posedness,
regularization-based methods [7–11] could to be applied to stabilize the solution and to
improve the solution disturbance error caused by noise. The truncated singular value de-
composition (TSVD) and Tikhonov regularization approaches [7] are two of the commonly
used regularization-based methods, in which the selection of optimal regularization pa-
rameters is usually important [12]. Choi et al. [13] compares different methods for selecting
regularization parameters, namely the ordinary cross validation method, the generalized
cross validation (GCV) method and the L-curve method. Recently, the Bayesian inference
has been applied to determine the regularization parameter [14], and is used in load identi-
fication [10,15]. Pan et al. [9] proposed a method based on matrix regularization for load
identification, which uses the Bayesian information content criterion to select regularization
parameters. Aucejo and Smet [16] gives the formulation to reconstruct force in a Bayesian
framework in the frequency domain.

Besides the regularization-based method, the artificial intelligence-based algorithms,
or the intelligent algorithm, would provide another approach to identify the loads, for
instance, the support vector machines-based regression method [17], the ensemble learning-
based method [18] or the neural network (NN)-based method [19–27]. These approaches
implicitly learn the mapping relationship between loads and responses in a data-driven
manner, which weakens the dependence on the accurate and time-consuming modeling
of structural transfer function and parameter selection in conventional regularization-
based methods, and promotes the application of load identification methods in complex
or unknown structural applications. Among the intelligent approaches, the NN-based
methods are now one of the research topics of load identification methods. In early works,
Cao et al. [19] proposed to utilize a fully connected multilayer perceptron (MLP) to identify
the loads acting on aircraft wings, and an improved back propagation (BP) algorithm was
proposed for network parameter learning. Similar network architectures are used in load
identification problems for different structures, e.g., hemispherical metal shells [21] and
helicopter weapon pylons [22].

The MLP used in the above-mentioned approaches is a typical but shallow network
architecture. With the recent development in deep learning, different other types of network
are applied in the problem of load identification, namely the convolutional neural network
(CNN), the recurrent neural network (RNN) and the long short-term memory (LSTM)-based
RNN. Yang et al. [23] uses the dilated CNN to identify the dynamic loads on a supported
beam. Two CNN layer are used for extract features from the vibration responses, and a
MLP with two layer would regress the time series loads. Xia et al. [24] propose to use the
time delay neural network (TDNN), which is equivalent to a one layer CNN for a sequential
input, to identify the dynamic loads for an aircraft rudder model. He et al. [25] apply a
CNN with an attention mechanism to identify random loads on aircraft structures under
noise disturbance conditions. The attention mechanism can better fuse features extracted
by the network and improve the accuracy of load identification; however, the attention
module would introduce additional parameters and computing costs. The RNN is used for
load identification problems of nonlinear structures in [26]. Trivailo and Carn [20] compare
the performances for load identification on different network architecture, including the
MLP, the TDNN and the Elman neural network (ENN). The ENN is selected in [20]. The
neurons in the ENN are designed with a feed-back branch, which shares some similarities
with the RNN. Yang et al. [27] study the dynamic load identification problem using the
LSTM network. The LSTM is a variant of RNN with a gated unit, which is useful for the
long-term dependencies problem in RNN. The method in [27] is verified by real data from
a supported beam.

While the above-mentioned intelligence algorithms mainly focus on the load iden-
tification in time domain, in the literature, approaches in other domains like frequency
domain [16] and transform domain [28,29] are widely applied in load identification as
well, while showing good performances. Experimental results in [29] show that a better
identification accuracy can be obtained in the transform domain than that in the frequency
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domain using a regularization-based method. In this paper, we tend to address the problem
of dynamic load identification with an NN-based method in the transform domain, unlike
the time-domain-based NN method [23,25,27]. The network would take the decomposed
components of several responses in a time window in the transform domain, e.g., the
wavelet domain, as the input. The deep convolution network is designed with weight
normalization and batch normalization to extract transform domain features. The network
would predict the load in the transform domain based on the extracted features. Similar
inputs are also used in [30], in which an LSTM network is applied. While there is simi-
larities between method in [30] and the proposed method, the amount of parameters in
the CNN is smaller than that of the LSTM network in [30], which would be useful for
the load-identification problem with a small-scale training dataset. The amount of input
response signals of the proposed method can be flexible, i.e., a single response signal as the
input or multiple responses. The outputs of the proposed approach are different from those
in [23]. In [23], an MLP is utilized to regress the time-series of loads. Similar output designs
are also used in [31,32], in which the encoder–decoder networks are proposed for feature
extraction in predicting the noise-canceling signals. The depthwise separable convolution
(DSC) [33] is used in the CNN encoder–decoder architecture in [31] for reducing the amount
of parameters. The DSC is also applied in [32], in which a channel attention is designed
between the encoder and decoder network for better feature fusion, while a two-layer
LSTM helps to learn the temporal representations with the consideration of time delay. In
the proposed method, the output is designed to be the prediction of the load at the current
time-stamp, rather than a time-series of loads. The output design in the proposed method
is based on two considerations. First, since the proposed method is in the wavelet domain,
the load signals are decomposed into different components, so to predict all decomposed
components of time series of loads, a large MLP or a large encoder–decoder network is
required. Second, because we use signals in a time window to predict the load at current
time stamp, by sliding the time window along the time axis, the loads can be identified in
an online fashion, i.e., a stream of sensor measurements can be inputted into the network to
identify the load continuously. The effectiveness of the proposed method is verified by the
data collected from the a benchmark structure in the lab. Quantitative comparisons show
that more accurate identification results can be obtained from the proposed method would
than those from the regularization-based approaches, and those from the time-domain
intelligence algorithms, and transform domain intelligence algorithm [30].

The rest of the paper is structured as follows. In Section 2, the proposed load identifi-
cation method is described. Details of the experimental results are discussed in Section 3.
The paper is concluded in Section 4.

2. Proposed Method

Suppose that a dynamic load f is applied to an aerospace structure, time series signal
of f (t) in the time domain could be a discrete signal f (0), f (∆t), f (2∆t), · · · , where ∆t is
a sampling time interval. The load would cause the vibration on the structure and the
vibration response are measured at N different measure points on the structure. Suppose
that the N measured responses are the acceleration signals, which are relatively easy to
measure and widely used in different load identification works [23,25]. Let ai(t) be the
measured discrete acceleration response in the time domain of the i-th measurement point.
The goal of load identification is to identify f (t) using ai(t), i = 1, 2, · · · , N.

In the time domain, for a linear vibration system, the relation between the dynamic
response ai(t) and the dynamic response f (t) can be modeled by a convolution of the unit
impulse response function h(t). The calculation of the inverse of the response function
often suffers ill-posedness, and the accuracy of the identification of the loads would be
affected by the noises in the measurements. In the frequency domain or the transform
domain, though the conventional relation between the load and the response is replaced by
a multiplication, a similar ill-posed problem would happen as well.
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2.1. Framework Overview

To alleviate the above-mentioned problem, in this paper, we implicitly model the
function from the response to the load in the transform domain using a designed neural
network. Figure 1 shows the main framework of the proposed method. There are four mod-
ules in the proposed methods in total, including the input module, the feature-extraction
module, the prediction module and the output module.

…
…

Acceleration measurements
in the time domain

Meyer

wavelet

Transform

FC
Conv

#1
WN BN

RELU

Conv #1

RELU

Conv #2

RELU

Conv #3

Conv
#2

WN BN
Conv

#3
WN BN

… … …

Decomposed components

…
…

Input module

Feature extraction module Prediction module

Decomposed components synthesis……

… … … ……

… … … ……

Identified loads at current time stamp
in the time domain

Output module

Figure 1. The framework sketch of the proposed method. The input module takes the acceleration
measurements from N different measurement points in the time domain as the input. For each
acceleration measurement, a wavelet transform is applied and 9 decomposed components are input
to the feature-extraction module, in which the convolutions are utilized. The prediction module
would make use of the extracted features in the transform domain, and predict the 9 decomposed
components of the load at current timestamp in wavelet domain. In the output module, the predicted
decomposed components are transformed back to the time domain to obtain the load at current time.

In the input module, the response in time domain, i.e., ai(t), i = 1, 2, · · · , N for N
different acceleration measurement points in a certain time window are transformed into
wavelet domain using Meyer wavelet. In total, 9 of 16 decomposed components of the
wavelet are used in the network for each ai(t), i = 1, 2, · · · , N. In the feature-extraction
module, the convolutions designed with batch normalization and weight normalization
would extract the data-driven features in the wavelet domain. In the prediction module,
the learned wavelet domain features are used for predict the load in the wavelet domain,
i.e., the 9 decomposed components. Finally, in the output module, the load in wavelet
domain is transformed back to the time domain. Details of the proposed network is given
in Section 2.2.

2.2. Network Details

In this subsection, we describe the details of the different modules in the proposed
approach, namely the input module, the feature extraction module, the prediction and the
output module.

2.2.1. Input Module

Using transform domain analysis methods such as wavelet transform, the time domain
signals of vibration and load can be analyzed in the transform domain. In particular, the
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Meyer wavelet proposed by the mathematician Yves Meyer is suitable for analyzing the
local characteristics of the signal. At the same time, the Meyer wavelet can also describe
the details of the signal in different frequency ranges. It is suitable for analyzing signals
with different frequency contents. The basis function of the Meyer wavelet is given by

Ψ(ω) =


1√
2π

sin
(

π
2 ν
(

3|ω|
2π − 1

))
ejω/2 if 2π/3 < |ω| < 4π/3

1√
2π

cos
(

π
2 ν
(

3|ω|
4π − 1

))
ejω/2 if 4π/3 < |ω| < 8π/3

0 otherwise

, (1)

where ν(·) is an auxiliary function. By truncating the high-frequency or low-frequency
part of the basis function Ψ(ω) in the frequency domain, the low-pass filter and high-pass
filter of the Meyer wavelet in the frequency domain can be obtained. After inversely
transforming the two types of filters in the frequency domain to the time domain, The
low-pass filter coefficient h(t) and high-pass filter coefficient g(t) of Meyer wavelet can
be obtained.

In this paper, the 8-order Meyer wavelet is utilized to perform transform domain
decomposition on the time domain signals of response. Take the time domain response
ai(t) for measurement point i as an example, by filtering ai(t) with low-pass filter h(t) and
high-pass filter g(t), the low-frequency components of ai(t), ai

a1
, and the high-frequency

components ai
d1

can be obtained, respectively. The scale of ai
a1

and that of the ai
d1

are the
same as that of ai(t). Then, a down-sampling is applied on the low-pass and high-pass
filtered signals, i.e., ai

a1
and ai

d1
, and low-pass and high-pass filtering is applied to obtain the

low-frequency component ai
a2

and high-frequency component ai
d2

at a lower scale. Repeat
the down-sampling and filtering, the low-frequency component ai

a1
, ai

a2
, · · · , ai

a8
and the

high-frequency component ai
d1

, ai
d2

, · · · , ai
d8

at 8 different scales can be obtained.
For each response measurement ai(t), i = 1, 2, · · · , N, the low frequency components

at the 8-th scale ai
a8

, and all 8 high frequency components ai
d1

, ai
d2

, · · · , ai
d8

are used for
feature extraction. Therefore, for N measurement, there are 9 × N components are input
to the feature extraction module, with 1 × N for low frequency components and 8 × N
for high frequency components. Figure 2 gives an example of the original acceleration
measurement signal and the decomposed components.

Considering the fact that the load at current timestamp tnow, f (tnow), would affect
the response at tnow and those of the future timestamps tnow + ∆t, tnow + 2∆t, · · · , where
∆t is the sampling time interval, responses in a time window [tnow, tnow + M∆t] are used
for the identification of f (tnow), where M is the size of the time window. We assume
that the contribution of the response outside the time window, e.g., response at time
tnow + (M + 1)∆t would be minor. Therefore, the dimension of the input module would
be (9 × N, M), where N is the number of response measurement points, M the size of
time window.
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Figure 2. An example of a signal in time domain, together with the corresponding 1 low frequency
component and 8 high frequency components. The signal in time domain is a Gaussian white noise,
which is shown in red in the first row. The low frequency component a8 is shown in blue curve in the
second row. The high frequency components, namely d1 to d8, are shown in the green curves. All
9 components are input to the following feature extraction module in the network.

2.2.2. Feature-Extraction Module

Based on the input of decomposed components from different measurement points in
the pre-defined time window, this module would make use of the neural network to learn
features in each component. In particular, a convolution neural network is applied. The
CNN is exclusively applied in the 2D image feature extraction [34–36], and also is useful
for 1D signals like sound waves [37], electrocardiogram [38] and accelerations [23,25].

The input and output of the CNN are both the feature maps with I ∈ RFin×Din and
O ∈ RFout×Dout , respectively. In the proposed method, the input of the feature extraction
module would be the decomposed components in the dimension of (9 × N, M), i.e., 9 chan-
nels of decomposed components. The (9 × N, M) decomposed components in the previous
module can be regarded as a special feature map. Odout ∈ RFout , 1 ⩽ dout ⩽ Dout is a slice
vector in O, and Idin ∈ RFin , 1 ⩽ din ⩽ Din is a slice vector in I. In the CNN network,
the convolutional kernel Q ∈ RW×Din×Dout is defined, with wdin ,dout ∈ RL being the one-
dimensional convolutional kernel , 1 ⩽ din ⩽ Din, 1 ⩽ dout ⩽ Dout. L is the length of the
one-dimensional convolutional kernel. The convolutional kernels applied in this network
would slide along only one direction. Odout is calculated by

Odout = a
(

zdout
)
= a

(
Din

∑
din=1

wdin ,dout ⊗ Idin + bdout

)
, (2)

where bdout is a scalar bias, ⊗ the operator of cross-correlation, a(·) a activation function. The
value of each element in the kernel, i.e., the weight in the kernel, and the bias are learnable.
In order to increase the receptive field of the convolution kernel without increasing the
number of parameters or introducing additional computational costs, Ddil − 1 zero values
can be inserted in the conventional kernel wdin ,dout , where Ddil is the dilation rate.

As shown in Figure 1, in this module, there are 3 conventional layers in total, namely
Conv #1, Conv #2 and Conv #3. The length of the kernel (kernel size) in all three layers are
set to 8. The output dimension Dout for the three layers, which is also the filter numbers, are
set to 32. In order to increase the receptive field for deeper layers, Ddil of the three layers is
set to 1, 2 and 4, for Conv #1, Conv #2 and Conv #3, respectively. The stride in all 3 layers is
set to 1. Table 1 give the details of the configurations of the three layers.
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Table 1. Configurations of the conventional layers in the feature extraction module. There are in total
3 layers. While the kernel size, the stride and the filter numbers are set to be the same for all 3 layers,
the dilation rate are different for a larger receptive fields for deeper layers.

Layers Kernel Size Filter Number Dilation Rate Stride

Conv #1 8 32 1 1
Conv #2 8 32 2 1
Conv #3 8 32 4 1

In order to improve the training efficiency and performance of the network, in each
conventional layer, the network is regularized with batch normalization (BN) and weight
normalization (WN). The BN is applied to zdout in Equation (2), i.e., (∑Din

din=1 wdin,dout ⊗ Idin + bdout).
Suppose that the mean and variance of zdout for a small batch of training data is µ and σ2,
the BN is defined as

BN(zdout) =
zdout − µ√

σ2 + ϵ
, (3)

where ϵ is a pre-defined small constant. The BN would the convolved output to a standard
normal distribution with a mean of 0 and a variance of 1. The WN, on the other hand, is to
normalize the weight in the kernel vector wdin ,dout . The WN would decompose the weight
vector into its direction wdin ,dout

||wdin ,dout ||
and its magnitude ||wdin ,dout ||, and use the decoupled

weight direction and weight magnitude to replace the original weight vector to be a new
learnable parameters in the network.

For the activation function in the three conventional layer, the ReLU function is applied,
which is expressed as

ReLU(x) = max(0, x). (4)

2.2.3. Prediction and Output Module

The output of the previous module would be a feature map O ∈ R. In the prediction
module, the feature map O would be firstly flatten to a 1D vector vin ∈ R×1. vin is then
connected to a fully connected (FC) layer, with a hidden layer of 160 neurons. The output
of the FC layer is designed with 9 neurons, i.e., a vector vout ∈ R9×1, representing the 8
high-frequency components of loads fd1 , fd2 , · · · , fd8 and 1 low-frequency component fa8 .
Here, we only predict the load at current time stamp tnow. The relation between vout and
vin is given by

vout = a(WFCvin + bFC), (5)

where WFC is the weight matrix in the FC layer, bFC the bias vector. The values of elements
in WFC and those of bFC are learnable. The activation function a(·) in this layer is also the
ReLU function (Equation (4)).

The prediction module would learn a mapping from the learnt feature maps of the
decomposed components of the responses to the decomposed representations of the load.
In the output module, the decomposed representations are transformed back to the time
domain using

f (tnow) = fa8 +
8

∑
p=1

fdp , (6)

where f (tnow) is the predict load at time stamp tnow in the time domain. It is noteworthy
that the proposed method would take the responses in a time window to identify the load
at a certain time stamp. When sliding the time window to a new time interval, the load at
another time stamp would be identified, which make it possible for the propose method to
meet the online identification demands by a overlapped moving time window.
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2.3. Model Training Details

To train the parameters in the proposed network, a proper loss function is needed. For
a training set of synchronized “load-response” data, the loads at a certain time stamp ti can
be decomposed into 8 high-frequency components and 1 low-frequency components using
the procedures in Section 2.2.1. Let vi

truth ∈ R9×1 be the vector of the ground truth load at
time ti. The loss is defined as the mean square error (MSE) between the predicted load vi

out
at time ti and vi

truth,
Li = ||vi

out − vi
truth||2, (7)

where || · || is the L2 norm. The mini-batch gradient descent using Adam optimization
is applied for network parameter learning. For a training batch that containing B load
samples, the total loss is L = ∑B

i=1 Li. The learning rate is 1.0 × 10−4, and the batch size is
set to 1024. To reduce the model over-fitting, during the training of the three conventional
layers, i.e., Conv1D #1 to Conv1D #3, a dropout [39] is applied with a dropout probability
of 0.2.

3. Experimental Results

In this section, we discuss the experimental results of the proposed approach. First, the
procedures for collecting network work training and testing data is described in Section 3.1.
The quantitative evaluation metrics, as well as the quantitative evaluation results on
differently designed experiments, are given in Section 3.2. An ablation on the design of
wavelet-based NN is discussed in Section 3.3.

3.1. Equipment and Procedures for Data Collection

In order to demonstrate the performances of load identification under real conditions
and collect data for network training, a self-build GARTEUR aircraft model [40] is set up.
The self-build GARTEUR model is similar with that in [25], which comprises six 2024-T3
aluminum beams with rectangular cross-sections, namely the fuselage, wings, vertical tail,
horizontal tail and wingtip ballast plates. The elastic modulus, the Poisson’s ratio and the
density of the model is given in Table 2. As shown in Figure 3, the model has a wingspan of
2 m, a fuselage length of 1.5 m, and a total weight of 43.34 kg. Throughout all experiments,
the deformation of the self-build GARTEUR model remains within the elastic deformation
range, making the system behave as an elastic system that adheres to Hooke’s law, which is
also similar to that in [25]. A modal experiment is conducted using PolyMAX [41]. For the
GARTEUR model, the modal data is between 6.062 Hz (mode 1) to 140.024 Hz (mode 14).

Figure 3. The equipment used for data collections. A self-build GARTEUR model is utilized for
the structures. The force sensor that attached on the exciter would provide the ground truth values
for the loads, while the accelerometers on attached on the GARTEUR model would measure the
response signals. All signals are synchronized and captured by the LMS SCADAS III from Siemens
(Leuven, Belgium).
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Table 2. The elastic modulus, the Poisson’s ratio and the density of the self-build GARTEUR model.

Elastic Modulus Poisson’s Ratio Density

73 GPa 0.33 2780 kg/m3

In order to collect the synchronized “load-response” data on the above-mentioned
GARTEUR model, the vibration exciter, force sensor and the accelerometers are attached on
the GARTEUR model. To evaluate the proposed approach under different response position
configurations, in the experiments, two configurations of the accelerometers position are
designed, namely the symmetrical distribution and the asymmetrical distribution. Figure 4
shows the sketch of the positions of the exciter and the accelerometers under the two
configurations. For the symmetrical distribution, the vibration exciter with an attached
force sensor is placed at the triangle point on Figure 4a. In the meanwhile, the acceleration
response data are captured at six different positions, which are shown as the circle points on
Figure 4a. As for the asymmetrical case, the exciter is placed at a different position, which is
also shown as a triangle point on Figure 4b. To verify the identification performance under
different numbers of measurement points, in this scenario, four accelerometers are used,
which are placed on the circle points on Figure 4b. The Siemens LMS SCADAS III , which
is from the Siemens LMS, Leuven, Belgium, is utilized for the temporal synchronization of
the load and response signals.

(a) (b)

Figure 4. Two different distributions of the accelerometer positions. For the first distribution,
6 accelerometers are symmetrically placed on the GARTEUR model. For the other distribution,
4 accelerometers are asymmetrically distributed. (a) Symmetrical distribution of the accelerometers.
(b) Asymmetrical distribution of the accelerometers.

The sampling frequency is set to 2048 Hz, which is more than 10 times of the frequency
of the 14th mode of the structure. For four sinusoidal loads, 4 s of response signals are
captured. For random loads on symmetrically distributed sensors, the duration of the
signals is 16 s, while that of the random loads on asymmetrically distributed sensors is
8 s. For each signal, a proportion of 70% data is used for NN training, and 30% of the data
are used for quantitative evaluation. It should be noted that the proposed method is a
supervised learning-based method, so the training data are important for the algorithm
performance. When applying the approach to unknown structures without the training
data prior, there could be a domain gap that would affect the algorithm’s performance.
Such problems can be further addressed using unsupervised learning techniques like auto-
encoder [42] or generative adversarial network [43]. The two works in [42,43] are both
based on vibration data. The use of unsupervised learning techniques would reduce the
dependence on training data for the algorithms.
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3.2. Experimental Results

In this subsection, the quantitative evaluation of the propose approach on different
types of dynamic loads are give. The quantitative metrics utilized in the experiments
are the root mean square error (RMSE) and the correlation coefficient (CC). Suppose that
Qi, i = 1, 2, · · · , NQ, is identified loads at timestamp i, and NQ is the total time. Q̂i,
i = 1,2, · · · , NQ is the ground truth values of the loads. The RMSE is given by

RMSE =

√√√√ 1
N

NQ

∑
i=1

(Qi − Q̂i)2. (8)

The metric CC is given by

CC =
1

NQ − 1

NQ

∑
i=1

(
Qi − µQ

σQ
)(

Q̂i − µQ̂

σQ̂
), (9)

where µQ and σQ are the mean value and standard deviation of the identified loads,
respectively. µQ̂ and σQ̂ are those of the ground truths of the loads, respectively. A lower
RMSE or higher CC would reflect better identification results of the load.

3.2.1. Experiment 1: Quantitative Analysis and Comparison on Random Loads

In this experiment, random loads are applied on the GARTEUR model, and the
proposed approach is quantitatively evaluated. For the case of symmetrically distributed
sensors, the data in [25] is adopted, in which the signals for random excitation is Gaussian
white noise. Similar Gaussian white noise random excitations are also applied for the
asymmetrically distributed sensors. The Siemens LMS Test.lab [44] is used for random
signal generation.

To validate the effectiveness of the proposed method, quantitative comparative analy-
ses are conducted between regularization based methods and data-driven methods for load
identification. Two regularization-based load identification methods are selected, namely
the TSVD regularization and Tikhonov regularization-based method. For the data-driven
method, two approaches in the time domain, namely the TDNN-based approach [24],
one-dimensional CNN with attention mechanism (1D-att-CNN)-based approach [25], and
one approach in the wavelet domain, the wavelet-LSTM [30], are compared.

In the comparative experiments, the regularization parameters for TSVD and Tikhonov
methods were obtained using the GCV method [45]. For the TDNN method [24], a three-
layer shallow network was employed with the input being the time-domain vibration
signal within a time window. The 1D-att-CNN method [25] used the described network
structure with the input being the time-domain vibration signal within a time window, and
the network structure consisted of two layers of stacked attention-based one-dimensional
convolutional layers and one fully connected layer. For the wavelet-LSTM method [30],
the network input was the 8th-order Meyer wavelet decomposition within a time window,
consistent with the input of the proposed method. The network was designed with two
layers of LSTM and one fully connected layer, with 128 neurons in the LSTM layer. To
ensure fairness in the comparison, the time window for the original input of the neural
network-based methods, including the proposed method, is set to 256. The learning rate
and number of training epochs are set to be the same for all data-driven approaches. Table 3
provides quantitative comparison results of load identification for the proposed algorithm
and the other comparative methods.

From Table 3, it can be observed that, compared to the regularization-based methods,
the four data-driven methods yield better identification results. For the case of symmetrical
sensor distribution, the proposed method outperforms the other three data-driven load
identification methods in terms of both the RMSE and CC metrics. For the asymmetrical
ones, the proposed method is the second best in terms of RMSE metric and the best in terms
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of the CC metric. The comparisons between the performances of different sensor distribu-
tions shows that the regularization-based method would be sensitive to the sensor positions,
while the propose method would give a relative stable identification result, with the CC
metric near 0.97 for both sensor distributions. Figure 5 gives the the detailed comparisons
for different approaches with respect to the ground truth loads with symmetrical sensor
distribution. The comparisons show the identified random loads with respect to the ground
truth values for time stamp 12.2 s to 13.2 s. From Figure 5, it can be seen that the three data-
driven-based methods (Figure 5b–d) would outperform the regularization-based method
(Figure 5a). Figure 5b shows that the wavelet-LSTM [30] approach would output more
oscillating identification results. The time domain method [25] and the proposed method
would output good identification results. However, the proposed method outperforms the
time domain method [25] in terms of RMSE and CC.

Table 3. Load identification performances evaluations and comparisons on random loads. The
random loads are configured to be the Gaussian random loads. The proposed approach is evaluated
in two different sensor distributions. As for the comparisons, two regularization-based methods,
two data-driven methods in the time domain and one data-driven method in the transform domain
are selected.

Sensor Distribution Method RMSE CC

Symmetric

TSVD regularization 1.9392 0.6385
Tikhonov regularization 1.6975 0.6436
TDNN 1.5566 0.6547
1D-att-CNN 0.7517 0.9232
wavelet-LSTM 0.8643 0.8967
ours 0.4824 0.9702

Asymmetric

TSVD regularization 8.1759 0.0974
Tikhonov regularization 7.8381 0.1088
TDNN 2.9995 0.7756
1D-att-CNN 0.8211 0.9701
wavelet-LSTM 2.5022 0.8456
ours 1.0579 0.9710

(a)

(b)

Figure 5. Cont.
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(c)

(d)

Figure 5. The detailed comparisons of the identified random loads with respect to the ground truth
values with different approaches. In this comparison, the symmetrical sensor distribution is utilized.
1 regularization method (a), 1 wavelet based data–driven method (b) and 1 time domain data–driven
method (c) are compared with the proposed approach. (a) Comparisons of the estimated loads
using Tikhonov method with respect to the ground truth values. (b) Comparisons of the estimated
loads using wavelet–LSTM method with respect to the ground truth values. (c) Comparisons of the
estimated loads using 1D-att-CNN method with respect to the ground truth values. (d) Comparisons
of the estimated loads using the proposed method with respect to the ground truth values.

3.2.2. Experiment 2: Quantitative Analysis and Comparison on Sinusoidal Loads

To further verify the identification performances on different types of dynamic loads,
in this experiment, the proposed approach is quantitatively evaluated on the different
sinusoidal loads using the above two metrics. Quantitative comparisons between the
performances proposed approach and those of the performances of other approaches are
also provided.

For the sinusoidal loads, two loads are evaluated on the symmetrically distributed
sensors and the asymmetrical ones, respectively. In particular, Fsin1 = 5 sin(20πt) and
Fsin2 = 5 sin(30πt) are applied to the symmetrical distribution, while Fsin3 = 4 sin(20πt)
and Fsin4 = 4 sin(30πt) are applied to the asymmetrical one. Table 4 gives the quantitative
evaluation on different sinusoidal loads when accelerometer sensors are symmetrically and
asymmetrically distributed.

Table 4. Load identification performances evaluations on sinusoidal loads. In the experiments,
different sensor distributions and sinusoidal signals with different frequency are considered. In each
experiment, identification results with very high CC are obtained.

Sensor Distribution Load RMSE CC

Symmetric 5 sin(20πt) 0.5830 0.9999
Symmetric 5 sin(30πt) 0.3361 1.0000
Asymmetric 4 sin(20πt) 0.3572 0.9999
Asymmetric 4 sin(30πt) 0.4451 0.9999
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From Table 4, it can be seen that in both cases of symmetrically and asymmetrically
distributed sensors, sinusoidal loads of different frequencies can be well identified, with
all CC metrics of almost 1. To further evaluate the proposed method, we choose 1 reg-
ularization based method, namely the TSVD regularization method, and 1 data-driven
method, the attention based 1D-CNN [25] for quantitative comparisons. Table 5 gives
the comparison results. It can be seen that the two data-driven method would outper-
form the regularization based method. The 1D-CNN [25] method obtains a better RMSE
metric that the proposed method; however, the CC metric for both 1D-CNN [25] and our
method are almost 1. Figure 6 gives the identified loads from 0 s to 5 s for Fsin1 (symmetri-
cally distributed sensors) from different approaches, respectively. It can be seen that the
1D-CNN [25] method and the proposed method output similar identification results.

(a)

(b)

(c)

Figure 6. The detailed comparisons of the identified sinusoidal loads with respect to the ground
truth values with different approaches. In this comparison, the symmetrical sensor distribution is
utilized. The load is Fsin1 = 5sin(20πt). One regularization-based method and one data-driven
method are compared. It can be seen that the proposed method would output similar identification
results to those of the 1D CNN based method [25]. (a) Comparisons of the estimated sinusoidal loads
using TSVD regularization method with respect to the ground truth values. (b) Comparisons of
the estimated sinusoidal loads using 1D-att-CNN method with respect to the ground truth values.
(c) Comparisons of the estimated sinusoidal loads using the proposed method with respect to the
ground truth values.
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Table 5. Load identification performances comparisons on sinusoidal loads. For comparison,
1 regularization-based method, namely the TSVD regularization method, and 1 neural network-
based method [25] are utilized for comparisons.

Sensor Distribution Load Method RMSE CC

Symmetric

5 sin(20πt)
TSVD 1.3486 0.9163
1D-att-CNN 0.1421 1.0000
ours 0.5830 0.9999

5 sin(30πt)
TSVD 1.0771 0.9565
1D-att-CNN 0.2218 1.0000
ours 0.3361 0.9999

Asymmetric

4 sin(20πt)
TSVD 0.9681 0.9500
1D-att-CNN 0.1581 1.0000
ours 0.3572 0.9999

4 sin(30πt)
TSVD 0.7061 0.9814
1D-att-CNN 0.1909 1.0000
ours 0.4451 0.9999

3.2.3. Experiment 3: Experiments on Additional Sensor Measurement Noises

Under real flight conditions, vibration signals measured from the accelerometers
are inevitably subject to measurement noise. In this experiment, we tend to evaluate
the robustness of the proposed approach under the presence of measurement noise in
vibration measurements. Though the acceleration measurements in the previous experi-
ment in Sections 3.2.1 and 3.2.2 are from real accelerometers, these signals already contain
some inherent measurement noise; in this experiment, additional noises are added to the
acceleration measurements.

In particular, we choose to use the data in Section 3.2.1, i.e., the random excitation.
Gaussian noise with a mean of 0 and a standard deviation corresponding to 0–30% of the
vibration amplitude, i.e., the maximum value of the random excitations, which is further
added to the random vibration signals collected on the experimental setup. Table 6 gives
the quantitative analyses and comparisons of the identification results under different
strengths of measurement noises.

To compare the quantitative results, we choose the second-best approach in Section 3.2.1,
namely the 1D-att-CNN [25] approach, for comparisons. From Table 6, it can be seen
that for both cases of symmetrical and asymmetrical sensor distributions, the proposed
method outperforms in terms of both metrics when the additional measurement noise
exists. Figure 7 shows the changes in the RMSE and CC metrics when the noise strengths
increase. From Figure 7b, it can be seen that for symmetrical sensor distributions, the CC
metric of approach in [25] would decrease dramatically from 0.9232 when no additional
measurements noised to 0.2794 when 30% of the measurement noise. In the meantime,
the proposed would remain above 0.75 at all noises strengths, which indicates more con-
sistent identification results. For asymmetrical sensor distributions, though the approach
in [25] can obtain a lower RMSE than that of the proposed approach when no additional
measurement noises exists, when noises are added, the proposed approach outperforms
in terms of the two metrics. Once again, the proposed would remain above 0.75 in CC at
all noises strengths, which shows the robustness of the proposed method on additional
measurements noises.
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Table 6. Load identification performances evaluations and comparisons with additional sensor
measurement noises. The evaluated loads are the random loads in Section 3.2.1. Extra Gaussian noise
with different noise strength are added on the acceleration measurements. We choose to compare the
proposed approach with the second-best algorithm in Section 3.2.1.

Sensor Distribution Noise Strength Method RMSE CC

Symmetric

0% 1D-att-CNN 0.7517 0.9232
ours 0.4824 0.9702

10% 1D-att-CNN 1.5608 0.6070
ours 0.9217 0.8798

20% 1D-att-CNN 1.8461 0.3677
ours 1.1425 0.8142

30% 1D-att-CNN 1.8545 0.2794
ours 1.2456 0.7699

Asymmetric

0% 1D-att-CNN 0.8211 0.9701
ours 1.0579 0.9710

10% 1D-att-CNN 1.8808 0.8375
ours 1.8564 0.8791

20% 1D-att-CNN 2.5385 0.6902
ours 2.3807 0.8022

30% 1D-att-CNN 2.5211 0.6809
ours 2.4250 0.7977

(a) (b)

(c) (d)

Figure 7. The comparisons of the RMES and CC metrics of different apporach under different
additional measurement noise strengths. The first row gives the results for symmetrical sensor
distribution, while the second row gives those of the asymmetrical sensor distribution. (a) The RMSE
for symmetrical distribution under different noise strength. (b) The CC for symmetrical distribution
under different noise strength. (c) The RMSE for asymmetrical distribution under different noise
strength. (d) The CC for asymmetrical distribution under different noise strength.



Appl. Sci. 2024, 14, 1928 16 of 23

3.2.4. Experiment 4: Experiments under Unknown Excitation Source Disturbance Conditions

For real aerospace structures, multiple loads could be applied simultaneously at differ-
ent positions. Besides the load to be identified, i.e., the target load, the other additional loads
could introduce extra disturbances to the identification problem. To further validate the
robustness of the proposed method under such disturbance conditions, in this experiment,
an extra vibration exciter is attached on the GARTEUR model. Figure 8 gives the locations
of the target exciter (for target loads), disturbance exciter (for disturbance loads) and the
accelerometers for both symmetrical distribution and the asymmetrical distribution.

(a) (b)

Figure 8. Two different distributions of the accelerometer positions, with disturbance exciters. One
extra exciter is placed at a different location in each scenario, which would provide the disturbance
loads with different amplitudes. (a) Symmetrical distribution of the accelerometers, together with
the disturbance exciter. (b) Asymmetrical distribution of the accelerometers, together with the
disturbance exciter.

As for the loads, in the experiment, the target load is the Gaussian white noise random
load described in Section 3.2.1. The disturbance load, on the other hand, is configured as a
Gaussian white noise random load with amplitudes of 0%, 40% and 100% relative to that
of the target load. Table 7 and Figure 9 give the quantitative analyses and comparisons in
different sensor distributions.

Similar to Section 3.2.3, the comparisons are with the 1D-att-CNN method [25]. Table 7
and Figure 9 show that in various disturbance conditions, our proposed method outper-
forms in both RMSE and CC metrics. From Figure 9a,b, it can be seen that for symmetrical
sensor distribution, the performance of time domain method [25] would decrease more than
the proposed method when stronger disturbance occurs. Though the RMSE in Figure 9c is
lower for [25] than ours when there is no disturbance, when the disturbance is stronger, our
method outperforms. This indicates that our method can achieve superior identification
results and reflects its robustness in the presence of other dynamic load disturbances.
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Table 7. Load identification performances evaluations and comparisons under unknown excitation
source disturbance conditions. The evaluated loads are also the random loads in Section 3.2.1. An
extra vibration exciter is applied on the GARTEUR model, performing Gaussian random excitations
with different amplitudes. Once again, the proposed approach is compared with the second-best
algorithm in Section 3.2.1.

Sensor Distribution Disturbance Amplitude Method RMSE CC

Symmetric

0% 1D-att-CNN 0.7517 0.9232
ours 0.4824 0.9702

40% 1D-att-CNN 1.0261 0.8599
ours 0.7915 0.9221

100% 1D-att-CNN 1.2517 0.7628
ours 1.0468 0.8432

Asymmetric

0% 1D-att-CNN 0.8211 0.9701
ours 1.0579 0.9710

40% 1D-att-CNN 3.4922 0.6465
ours 1.8053 0.9180

100% 1D-att-CNN 3.7184 0.6311
ours 2.0576 0.8994

(a) (b)

(c) (d)

Figure 9. The comparisons of the RMES and CC metrics of different apporach under different distur-
bance conditions. The first row gives the results for symmetrical sensor distribution, while the second
row gives those of the asymmetrical sensor distribution. (a) The RMSE for symmetrical distribution
under different disturbance conditions. (b) The CC for symmetrical distribution under different
disturbance conditions. (c) The RMSE for asymmetrical distribution under different disturbance
conditions. (d) The CC for asymmetrical distribution under different disturbance conditions.
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3.2.5. Experiment 5: Experiment on Vibration Data from Finite Element Models

To further verify the performances of the proposed method on different structures,
experiments on finite element models are conducted. In the experiment, three structures
are used, namely a plate, a simply supported beam and a spatial truss structure. Figure 10
gives the sketches of the three models.

Exciter position

Measurement position

(a)

Exciter position

Measurement position

(b)

Exciter position

Measurement position

(c)

Figure 10. The three model used in the experiment, which are the plate, the simply supported beam
and the spatial truss structure. In the figure, the arrow shows the position of the applied random
loads, while the circles show the positions of the accelerometers. (a) The plate model used in the
experiment. (b) The simply supported beam model used in the experiment. (c) The spatial truss
structure model used in the experiment.

The material of the three models is set to be the same of the GARTEUR model, which
is the 2024-T3 aluminum. The plate is modeled using the quad4 unit, with a size of
1000 mm × 1000 mm × 10 mm. The simply supported beam is modeled using the beam
unit. The length of the beam is 2000 mm and the cross-sectional size of the beam is
10 mm × 10 mm. For the spatial truss structure, the size is 1000 mm × 1000 mm × 1000 mm,
the nodes are located at the middle-point of bars, the spatial truss structure is modeled
using bar unit. In Figure 10, the arrow indicates the position of the excitation and the
circles indicate the positions of accelerometers. The load is set to be the same with the
random loads in Experiment 1 for the asymmetrical sensor distribution. For the plate and
the simply supported beam, the load is applied along the direction that perpendicular to
the plate and the simply supported beam, respectively. For the spatial truss structure, the
load is applied along the axis of the bar.

Based on the data collected from the above finite element models, the performances of
the proposed method are further evaluated. We also compare the proposed method with
the time domain data-driven method in [25]. Table 8 gives the quantitative comparisons.

Table 8. Quantitative comparisons on the performances based on vibration data from the finite
element models.

Structure Method RMSE CC

plate 1D-att-CNN 2.0326 0.8303
ours 0.8993 0.9762

simply supported beam 1D-att-CNN 2.1473 0.7965
ours 0.6768 0.9864

spatial truss structure 1D-att-CNN 1.7968 0.8492
ours 1.2056 0.9620
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From Table 8, it can be seen that, for all the three structures, identification results with
the CC metric that are larger than 0.95 can be obtained from the proposed method. In the
meantime, the proposed method would outperform the time domain method in [25] in
terms of both the RMSE and CC metrics. The results are also coincident with the verification
results in the other experiments.

Figures 11–13 give the detailed comparisons of the identified random load with respect
to the ground value using data from the plate, simply supported beam and the spatial
truss structure, respectively. The identified loads in time 2.8 s to 5.8 s are shown in the
three figures. From the figures, it can be seen that a the identified loads from the proposed
method are more coincident to the ground truths than those from the method in [25].

(a)

(b)

Figure 11. The detailed comparisons of the identified random loads with respect to the ground truth
values using the vibration data from the plate structure. (a) Comparisons of the estimated loads using
1D-att-CNN method with respect to the ground truth values. (b) Comparisons of the estimated loads
using the proposed method with respect to the ground truth values.

(a)

Figure 12. Cont.
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(b)

Figure 12. The detailed comparisons of the identified random loads with respect to the ground truth
values using the vibration data from the simply supported beam structure. (a) Comparisons of the
estimated loads using 1D-att-CNN method with respect to the ground truth values. (b) Comparisons
of the estimated loads using the proposed method with respect to the ground truth values.

(a)

(b)

Figure 13. The detailed comparisons of the identified random loads with respect to the ground truth
values using the vibration data from the spatial truss structure. (a) Comparisons of the estimated
loads using 1D-att-CNN method with respect to the ground truth values. (b) Comparisons of the
estimated loads using the proposed method with respect to the ground truth values.

3.2.6. Experiment 6: Experiments on Algorithm Repeatability

To further verify the repeatability of the proposed method, we select Experiment 3
(Section 3.2.3) and conduct extra runs of the experiment. The sensor distribution is set to be
symmetrical, and the noise strength is set to be 10%. The performance metric reported in
the submission is RMSE = 0.9217 and CC = 0.8798. Four extra runs of the experiment are
conducted. Table 9 shows the quantitative evaluation results from five different runs.

In the Table 9, the unit of the RMSE is N. The standard deviation of the RMSE
is 0.0251N, and the standard deviation of the CC is 0.007. It can be seen that similar
performances can be obtained from the proposed method and a certain level of repeatability
of the proposed method could be demonstrated.
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Table 9. Quantitative evaluation results on extra runs of the experiment of additional sensor mea-
surement noises.

Sensor Distribution Noise Strength Run No. RMSE CC

Symmetric 10%

1 0.9217 0.8798
2 0.9007 0.8873
3 0.9552 0.8743
4 0.8903 0.8925
5 0.9260 0.8836

3.3. Ablation Study

In this subsection, an ablation is performed to find the quantitative comparisons for the
load identification results when from the input of the high- and low-frequency components
using wavelet transform and those from the input in the time domain. We choose to use
the random loads data in Section 3.2.1 when accelerometers are symmetrically distributed,
i.e., the sensor distribution in Figure 4a, in this ablation. For the case of “time-domain”,
the acceleration measurements in the time domain of all six sensors are set to be the input
of the network, while for the case of “ours”, the proposed method is applied. Despite the
difference in network inputs, the other details on network design and network training
would remain the same. Table 10 shows the quantitative comparisons on the metrics.

Table 10. Ablations on network input in different domain. The effectiveness of the usage of wavelet
transform is evaluated using random load with symmetrical sensor distribution. For the case of
“time-domain”, the acceleration measurements are directly input to the network, while in the case of
“ours”, the proposed method is evaluated.

Sensor Distribution Case RMSE CC

Symmetric time-domain 0.6247 0.9470
ours 0.4824 0.9702

From the comparisons in Table 10, it can be seen that by using the decomposed
components as the network input, the proposed approach would obtain a better load
identification results in terms of a higher CC and a lower RMSE. The feature extraction
in the decomposed components would be helpful for the load identification. However, it
should be noted that the computational loads of the proposed method are larger than those
of the method using time domain inputs.

4. Conclusions

In this paper, a novel approach for dynamic load identification on aerospace struc-
tures based on a deep convolutional network in the transform domain is proposed. The
proposed approach first applies wavelet transform to the vibration signals in time do-
main on aerospace structures. The decomposed components are input to the designed
one-dimensional convolutional network to extract the transformed domain features of the
vibration signals, and subsequently predict the representation of the load in the transform
domain. The proposed method avoids the explicit modelling structural transfer functions
while achieving higher identification accuracy than the conventional regularization-based
method. Results from ablation studies indicate that using decomposed components in the
transformed domain helps the network refine its learning of signal features in different
frequency ranges, leading to excellent results in random load identification. Additionally,
the proposed method demonstrates a certain level of robustness to measurement noise and
unknown vibration disturbances.

In our future work, we seek to further improve the robustness of the identification
approach on various types of noises or disturbances, while exploring the optimal mea-
surement position on aerospace structures for load identification. The architecture of the
network can be further optimized for a lower amount of parameters using techniques like
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DSC [31–33]. Since the proposed method is a supervised data-driven method, there would
be a domain gap problem when applying it to unknown structures, using the unsupervised
learning method, which would reduce the dependence on training data; this is a direction
worth exploring further.
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