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Abstract—The structural digital twin is a virtual 

representation of physical entities that accurately predicts the 

evolution of structural damage through multidisciplinary and 

multi-level probabilistic simulations. It provides crucial support 

for prognostic and health management. Flight parameters are 

important input data for airframe digital twin to support 

aerodynamic and structural simulations. However, many small 

aircraft or UAVs often suffer from insufficient sampling rates of 

flight parameters due to cost limitation or premature service. In 

this study, we propose a deep learning-based flight data 

upsampling method that effvbectively enhances the resolution of 

flight data. The method constructs an upsampling model using a 

one-dimensional super-resolution convolutional residual network, 

defines multiple loss functions associated with the flight data, and 

uses a highly sampled test aircraft dataset for training. The 

proposed method is validated using real UAV flight test data and 

several criteria, achieving good results with different upsampling 

factors. This approach is expected to facilitate the construction of 

structural digital twins in the future.  

Keywords—digital twin, flight parameter, upsampling, deep 

learning, prognostics and health management 

I. INTRODUCTION 

Digital twin has gained significant attention in the field of 
prognostics and health management, as it provides a virtual 
representation of physical assets [1], [2]. Originating from the 
aerospace field, a digital twin facilitates prognosis and health 
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management by creating a multi-physical, multi-scale, and 
probabilistic virtual model of the system [3]. This model 
integrates multiple heterogeneous and uncertain information 
sources from models and data to support proactive fleet 
maintenance decisions [4]–[8]. For the Airframe digital twin, 
flight data plays a crucial role, as it provides flight conditions 
and serves as input to conduct aerodynamics and structural 
simulations [5]. 

However, a significant number of small aircraft or UAVs 
encounter limitations in the sampling rates of flight parameters 
due to cost constraints or premature entry into service [9]. For 
instance, the flight data captured by the Garmin 1000 avionics 
system in Cessna 172 operates at a mere 1 Hz , making it 
unsuitable for simulating the damage growth induced from flight 
aerodynamic loads. 

To tackle this challenge, upsampling flight parameters 
presents a feasible solution. Nevertheless, limited research has 
been conducted in this area, with a primary focus on physical-
based approaches. Öström et al. [10] proposed an inverse 
simulation method as a reliable means of completing coarse-
resolution data before feeding it into a neural network that 
generates stress time histories of specific structural details. 
However, this approach necessitates the creation of higher 
fidelity flight dynamics models, which are frequently 
unavailable for small aircraft or UAVs. In such circumstances, 
data-driven approaches can play a vital role. 

This work has been developed based 

on the results from SAMAS project 

(SHM application to Remotely 
Piloted Aircraft Systems), a Cat.B 

project coordinated by the European 

Defense Agency (EDA) and financed 
by two nations, Italy and Poland. The 

project consortium includes the 

following parties: Italy (Politecnico di 
Milano, Leonardo S.p.A) and Poland 

(Instytut Techniczny Wojsk 
Lotniczych -AFIT,Military Aviation 

Works No. 1). 

 



 

Fig. 1. Network Structure 

The data-driven upsampling approach has found extensive 
use in the field of computer vision, with numerous methods 
proposed to improve the resolution of images and videos. These 
include convolutional residual network [11], generative 
adversarial networks [12], and recently popular diffusion 
models [13]. In the engineering domain, upsampling methods 
are also employed in non-intrusive load monitoring [14] and 
turbulent flows reconstruction [15], among others. 

In this paper, we introduce a novel upsampling technique for 
flight parameters utilizing a deep convolutional neural network. 
The proposed method takes low-sampling-rate flight data as 
input, extracts features through a convolutional neural network, 
and generates high-sampling-rate data by the one-dimensional 
pixel shuffle  block. Multiple loss functions are taken into 
account during the training process, and validation is performed 
using flight test data acquired from an unmanned aerial vehicle 
(UAV). 

II. UPSAMPLING BY THE DEEP LEARNING-BASED APPROACH 

Super-resolution algorithms have their origins in the field of 

image processing, where they are used to enhance the resolution 

of 2-dimensional images. In this study, we adapt and modify it 

to facilitate the upsampling of flight parameters as a time-series 

problem. 

A. Preprocessing of the flight data to create the dataset 

The test flight data acquired by the aircraft from various 
sensors possess varying sampling rates and thus cannot be 
utilized directly for the upsampling process. To input the data 
into the model, all the data must be converted into data with the 
same sampling rate. Subsequently, to account for high-
frequency noise, all the data is resampled to the same rate. 

By utilizing a fixed window of length 𝑛𝑤 to traverse through 
the entire flight history, several high sampling rate flight 
sequences 𝑠ℎ with a length of 𝑛𝑝ℎ can be obtained. To ensure a 

uniform representation of data with different units and ranges, 
the minmax transformation is applied to each sequence. 

The low sampling rate sequence 𝑠𝑙, which serves as the input 
of the model, is generated through the down-sampling of 𝑠ℎ. The 
length of 𝑠𝑙  is calculated as 𝑛𝑝𝑙 = 𝑛𝑝ℎ/α, where α represents 

the upsampling scale factor. 

B. Network Structure and setting 

In this study, the network architecture is adapted from the 
super resolution residual network, with all the blocks replaced 
by their 1D equivalents to better reflect the characteristics of 
flight parameters. 

The input data consists of low-sampling flight and 
environment data, with the environment data serving as prior 
knowledge. Initially, the low-sampling data is input into a 
conv1d layer with a PReLU activation function. Subsequently, 
B residual blocks are stacked to extract additional features. 
Finally, 𝑚 upsampling blocks are utilized, with the value of 𝑚 
being determined by the scale factor:  

𝑚 = 𝑙𝑜𝑔2α (1) 

where 𝑚  is the number of upsampling blocks and α  is the 
upsampling scale factor. 

 The kernel size of the 1D convolutional layer in both the 
residual blocks and the upsampling blocks is defined as 𝑛𝑠𝑘 , 
while the kernel size of other convolutional layers is defined as 
𝑛𝑙𝑘. The number of residual blocks is defined as 𝑛𝑟𝑒𝑠, and the 
number of channels in the CNN is defined as 𝑛𝑐. 

C. Loss function 

Let 𝜃 be the parameter of the neural network. To determine 

an optimal 𝜃, three losses are defined, which are Mean square 

error loss 𝑙𝑚𝑠𝑒 , down sampling loss 𝑙𝑑𝑠  and Fast Fourier 

Transform Error (FFTE) loss 𝑙𝑓𝑓𝑡, respectively. Thus, the total 

loss 𝐿 is defined by 
L = 𝑙𝑚𝑠𝑒 + 𝜆𝑑𝑠𝑙𝑑𝑠 + 𝜆𝑓𝑓𝑡𝑙𝑓𝑓𝑡 (2) 

where 𝜆𝑑𝑠 is the weight of the 𝑙𝑑𝑠, and 𝜆𝑓𝑓𝑡 is the weight of 𝑙𝑓𝑓𝑡. 

1) Mean square error loss 

The mean square error loss is a commonly used loss 

function and is defined as follows:  

𝑙𝑚𝑠𝑒 =
1

𝑛𝑝ℎ

∑(𝑦𝑖 − 𝑦̂𝑖)
2

𝑛𝑝ℎ

𝑖=1

(3) 

where 𝑛𝑝ℎ  represents the length of the high sampling rate 

sequence. 𝒚̂𝑖  denotes the upsampled sequence obtained from 

the model, and 𝒚𝑖  represents the true high sampling rate 

sequence.   

2) Down sampling loss 

          
  

  

 

 

 
 
 
  
  
  
 
  
 
 
   
 

               

               

                  

          

 

 

 

 

 

 
 
 
 
 

          
  

  

 

 

 
 
 
 
 

          
  

  

 

 

 

 

 
 
 
  
  
   

  
 
 
 

          

  

    

 

   

 

 
 
  
 

          
    

    

 

   

   

   

 
 
  
 

          
    

 

   

   

   

 
 
  
 

          

  

  

  

  

  
 
  
 
  
 
  
  
  

 
 
 
 

          
 

 

 

 

 
 
  
  
 
  
 
 
 
 
  
 
 
  
 

          
   

   

   

 

  

 
 
 
 
 

              
                

      
  

 

 

 

 
 
 
  
  
   

  
 
 
 

      
   

 

   

 

   

 

 
 
  
  
 
  
 
 
 
 
  
 
 
  
 

      

  

  

 

 

 

 
 
 
  
  
  
 
  
 
 
   
 

      
 

 

 

 

 
 
 
 
 

      
  

    

 

   

 

 
 
 
 
 

      

  

  

  

  

  
 
  
 
  
 
  
  
  
 
 
 
 

      
    

  

    

 

   

 

 
 
  
 

      
    

 

   

   

 
 
  
 

      
    

 

   

   

   

 
 
  
 

             
                

      
   

   

   

   

   

  

 
 
 
 
 



To ensure the consistency of the resulting sequence with the 

original low-sampling-rate points, we define the down-

sampling loss, which can be viewed as an additional weight 

applied to the low-sampling-rate points. The down-sampling 

loss is defined as: 

𝑙𝑑𝑠 =
1

𝑛𝑝𝑙

∑(𝑦𝑖
𝑙 − 𝑦̂𝑖

𝑙)
2

𝑛𝑝𝑙

𝑖=1

(4) 

where 𝑦̂𝑖
𝑙 and 𝑦𝑖

𝑙  are the predicted and real value at the point 

of low sampling rate. 

3) Fast Fourier Transform loss 

The Fast Fourier Transform (FFT) loss function, as used in 

[14], is utilized to measure the dissimilarity of the sequence in 

the frequency domain. It is more focused on capturing the 

variations in the overall shape of the sequence, as opposed to 

the MSE loss function. 
𝐹𝑙𝑓𝑓𝑡 = ∥∥ℱ(𝒚̂𝑖) − ℱ(𝒚)∥∥1

(5) 

where ℱ is the fast Fourier transform operator. 

III. HORNET UAV AND ITS FLIGHT TEST  

In this study, two flight tests of a UAV are utilized to 
demonstrate the proposed approach.  

A. Hornet 

The deep learning-based upsampling approach described in 
Section II is tested on a full-scale Unmanned Aerial Vehicle 
(UAV) used as an aerial target during army training sessions of 
the Polish Air Force, namely the Hornet [16], [17]. The UAV, 
shown in Fig. 2, is a modified version of the originally 
developed system, designed and produced by the Air Force 
Institute of Technology (AFIT) and the Military Aviation Works 
number 1 (MAW1). Further specifications are accounted for in 
Table 1.  

TABLE I.  UAV TECHNICAL SPECIFICATIONS 

Parameter Value 

Length 1.7 m 

Wing span 3.2 m 

Starting weight 38 kg 

Fuel tank capacity 8 L (6.3 kg) 

Payload 5 kg 

Min–cruise–max 

speed 
85 − 150 − 230 km/h 

Operating range 40 km 

Maximum 

climbing speed 
16 m/s (at 140 km/h) 

 

Fig. 2. The Hornet UAV 

 

Fig. 3. The flight test of the Hornet UAV. 

B. Flight Tests 

In this study, two flight tests conducted on the same day but 

at different times were utilized to illustrate the proposed 

approach. The tests were carried out under thermic conditions 

with moderate wind, and each flight lasted for approximately 

15 minutes, making some of the maneuvers more challenging 

to execute accurately. 

C. Flight Parameters Preprocessing and Network 

Hypermeter Setting 

In this study, 12 types of flight and environmental 
parameters are available for the data acquisition unit. All data 
are normalized to the range of [0,1]. The acceleration and 
angular velocity data are acquired at a frequency of 50 Hz, while 
other parameters are acquired at 10 Hz. To better illustrate the 
proposed upsampling approach and reduce the effect of noise, 
all data are resampled to 16 Hz.  

Flight and Environment Parameters in the Hornet UAV 

TABLE II.   

Parameter Type Unit Frequency 

GyrX, GyrX, 

GyrZ 

Rotation rate about X, Y, 

Z axis 
𝑑𝑒𝑔/𝑠 50 Hz 

AccX, AccY, 

AccZ 

Acceleration along X, Y, 

Z axis 
𝑚/𝑠2 50 Hz 

IAS Indicated Air Speed m/s 10 Hz 

AOA Angle of Attack deg 10 Hz 

SSA Angle of Sideslip deg 10 Hz 

g-load Vertical Load Factor 1 50 Hz 

PRESSURE Atmospheric pressure MPa 10 Hz 

Alt Attitude m 10 Hz 

The data from the two flight tests were preprocessed using 
the procedure outlined in Section II.A. A fixed window size of 
𝑛𝑤 = 10  was used, resulting in 1171 sequences for the first 
flight and 1263 sequences for the second flight. The data from 
the first flight was divided into a training set, validation set, and 
test set with a ratio of 0.6: 0.2: 0.2, respectively. 



TABLE III.  MODEL HYPERMETERS FOR THE FLIGHT DATA UPSAMPLING 

OF THE HORNET UAV 

Hypermeter Value 

𝑛𝑙𝑘  9 

𝑛𝑠𝑘 3 

𝑛𝑟𝑒𝑠 8 

𝑛𝑐𝑛𝑙 128 

𝑙𝑟 1e-4 

Batch size 32 

λ𝑑𝑠 0.1 

λ𝑓𝑓𝑡𝑒 0.01 

The model takes all 12 parameters as input and outputs the 
first 10 parameters without PRESSURE and Alt. Three types of 
upsampling with scale factors of α = 4,8,16 were performed. 
Notably, the 𝛼 = 16 case was used to simulate a scenario where 
only 1Hz data is available.  

D. Baseline and Performance Metric 

To measure the performance of the proposed approach, two 

metrics are adopted in this study. The first metric is the root 

mean square error (RMSE), which measures the point-by-point 

error between the upsampled data and the high sampling rate 

data. The RMSE is defined as follows: 

RMSE = √
1

𝑛𝑝

∑(𝒚𝑖 − 𝒚̂𝑖)
2

𝑛𝑝

𝑖=1

(6) 

where 𝑛𝑝ℎ is the length of the high sampling rate sequence, 

𝒚̂𝑖 is the upsampled sequence from the model, and 𝒚𝑖 is the true 

high sampling rate sequence. 

The second metric used to evaluate the performance of the 

proposed approach is the Fast Fourier Transform Error (FFTE), 

which measures the error in the frequency domain of the 

upsampled sequence compared to the high sampling rate 

sequence. 

𝐹𝐹𝑇𝐸 =
1

𝑁
∥∥ℱ(𝒚̂𝑖) − ℱ(𝒚)∥∥1

(7) 

where ℱ is the fast Fourier transform operator. 

The baseline method employed in this study is a simple 

linear interpolation technique. 

IV. RESULTS AND DISCUSSION 

This section presents the upsampling results of the Hornet 
UAV flight data using the proposed approach, and compares 
them with the baseline method. Two test sets are used for 
evaluation: the first one is the test set obtained by splitting the 
data from the first flight test, while the second one consists of 
the entire data from the second flight test. 

A. Training process 

Fig. 4 illustrates the changes in the training and validation 

loss functions during the training process. It can be observed that 

both loss functions decrease as the epoch increases. However, 

when the epoch exceeds 500, the training loss function continues 

to decrease while the validation loss function remains relatively 

constant. This suggests that the model will become overfitted if 

training continues beyond this point. For each upsampling scale 

factor α, we select the epoch with the smallest validation loss 

function as the final model. 

 

Fig. 4. Training and test losses during the network training. α = 8. 

B. Comparison with baseline on the test set in the first flight 

test  

The results on the test set of the first flight test are presented 
first. The obtained upsampling results are shown to be good for 
different upsampling factors, indicating that the network 
effectively learns the flight parameter variation patterns between 
adjacent low sampling intervals. It is observed that the RMSE 
and FFTE increase with increasing α , which is in line with 
reality since upsampling becomes more challenging with the 
increase of α. 

 

TABLE IV.  TEST ERROR IN THE TEST SET OF THE FIRST FLIGHT TEST 

𝛂 
RMSE  FFTE 

SRResNet 1D Baseline SRResNet 1D Baseline 

4 0.0248 0.0663 0.197 0.547 

8 0.0478 0.0914 0.354 0.742 

16 0.0908 0.122 0.581 0.899 

 

C. Test result on another flight test 

TABLE V.  ERROR ON THE FLIGHT DATA OF THE SECOND FLIGHT TEST 

𝛂 
RMSE  FFTE 

SRResNet 1D Baseline SRResNet 1D Baseline 

4 0.0588 0.0633 0.415 0.514 

8 0.0866 0.0879 0.564 0.704 

16 0.117 0.116 0.680 0.855 

 



 

Fig. 5. Upsampling of flight parameters on the test set of the first flight data.  

In this subsection, the data of the second flight test were 

used for testing. It is worth noting that the distribution of the 

data is different due to the difference in time and environment 

between the two flight tests.  

Table IV presents a comparison of the errors on the flight 

data from the second flight test. It can be observed that the 

RMSE error is slightly higher than the baseline, while the FFTE 

is lower than the baseline. However, the improvement is not as 

significant as that achieved in the first flight test. This indicates 

that differences in data distribution have a considerable impact 

on the performance and should be taken into account in future 

studies. Fig. 6 shows the results of upsampling with typical the 

errors. 

 

 

Fig. 6. Upsampling of flight parameters of the second flight data.  

         

         

         

         



V. CONCLUSION 

In this study, we proposed a one-dimensional super-
resolution residual convolutional neural network-based 
upsampling method for flight parameters to provide high 
sampling rate data for structural digital twin simulation. Our 
method achieved upsampling through multiple pixel shuffle 
layers and multiple tandem residual blocks, which extracted the 
features of flight and environmental parameters. We defined 
several loss functions related to the flight parameter, including 
time and frequency domains. Validation on flight test data of a 
flying wing UAV showed that the proposed method can 
effectively improve the sampling rate of flight data with multiple 
upsampling factors such as 4, 8, and 16. The error in both time 
and frequency domains can be reduced compared to the baseline 
method. However, the test on another flight test data showed that 
the method needs to improve its generalization ability under 
different data distributions in the future. Overall, our study 
provides a promising approach for enhancing the accuracy of 
structural digital twin simulation with high sampling rate flight 
data. 
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