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ABSTRACT 
Machine learning and big data have become the most 

disruptive technologies for organizations to improve workplace 

efficiency and productivity. This work explored the application 

of machine learning-based predictive analytics that would 

enable aircraft engine designers to estimate engine system 

performance quickly during the conceptual design 

stage.  Supervised machine-learning algorithm was employed 

to study patterns in an open-source database of one-hundred-

eighty-three production and research turbofan engines, and 

built predictive analytics for use in predicting system 

performance of new turbofan designs. Specifically, the author 

developed deep-learning analytics to predict turbofan system 

weight, using turbofan design parameters as the input. The 

predictive analytics were trained and deployed in Keras, an 

open-source neural networks API (application program 

interface) written in Python, with TensorFlow (an open-source 

Google machine learning library) serving as the backend 

engine. The current engine-weight prediction results, together 

with those for the TSFC (thrust specific fuel consumption) and 

core-size predictions that were studied previously by the author, 

show that machine learning-based predictive analytics can be 

an effective, time-saving tool for assessing aircraft engine 

system performance (TSFC, weight, and core size) during the 

conceptual design stage. It would enable expeditious 

identification of the best engine design amongst several 

candidates. 
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INTRODUCTION 
Due to the high-risk nature and stringent safety 

requirements of aviation industry, technological improvements 

of aircraft engines are generally made incrementally, drawing 

heavily from experiences and lessons learned. Engine 

companies have generated and collected large amounts of data 

over the years. These big data, from various sources such as the 

database of currently manufactured engines, current 

development projects, previously completed development 

projects, and the designs that were not manufactured, are 

valuable resources of intelligence that can support new engine 

development. With advances in data science and machine-

learning algorithms, employing machine learning to mine these 

data can provide valuable insights that could drive higher levels 

of efficiency in engine conceptual design.   

 

 Aircraft engine design is a time-consuming, multi-

disciplinary task. During the conceptual design phase, engine 

designers often face a daunting challenge: how can one quickly 

estimate the performance of a particular engine design? When 

one considers aircraft mission requirements and all the engine 

design parameters, the set of possible engine configurations can 

be large. Generally, in exploring the design space, designers fall 

back onto system study and simulation to estimate the 

performance of each engine configuration. They must perform 

a complete propulsion system study on each possible 

configuration before its performance can be found, which can 

be time-consuming for a large design space. In this and previous 

work, the author fills the gap by developing machine learning-

based predictive analytics that would enable the designers to 

estimate engine TSFC, system weight, and core size quickly 

during the conceptual design stage.  Rapid turnaround time and 

reliable engine performance estimations at the conceptual 

design stage can be a powerful competitive advantage in aircraft 

engine development. 

 

 The author’s previous studies [1 and 2] showed that 

machine learning-based analytics can be an effective tool for 

engine thrust specific fuel consumption (TSFC) and core-size 

prediction. In this work, the focus was on the application of 

machine-learning analytics for engine-weight prediction. 

Supervised machine-learning algorithms for regression were 

employed to find patterns in the database of one-hundred-and-

eighty-three manufactured engines and engines that were 

studied previously in various NASA aeronautics projects. 

Analytics for engine-weight prediction was built. The objective 

was to determine if machine learning-based predictive analytics 
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could be an effective tool for engine-weight prediction at the 

conceptual design stage. 

 

Engine weight is a key design parameter for any new 

aircraft engine. It affects aircraft range and is a key element in 

fuel burn. Weight is also considered an indicator of engine cost. 

Reliable engine-weight estimation at the conceptual design 

stage is critical to the development of new aircraft engines. It 

helps to identify the best engine concept amongst several 

candidates. 

 

ENGINE DATABASE 

The basic engine architecture in this study was an axial-

compressor turbofan. The engine database consisted of 144 

manufactured (commercial) engines  [3 to 9] and 39 engines that 

were studied previously in various NASA aeronautics projects. 

These commercial engines span the era from the mid-1960s to 

late-2010s. The database captures over half-a-century of engine 

technology improvements and lessons-learned, which injects 

realism to the predictive analytics. The NASA engine data were 

the system-study results for various NASA aeronautics projects 

[10–15]. 

 

There are three different types of turbofan systems in the 

database: 

System type    No. of engines 

2-spool direct-drive     130 

2-spool geared        27 

3-spool direct-drive       26 

 

NASA uses engine system weights for its aircraft 

performance assessment. However, majority of the open-source 

engine weight data are dry weights that exclude inlet, nacelle 

and nozzles. To account for these excluded components, the 

engine weights for these systems were determined by 

multiplying the dry weights by system-weight-to-dry-weight 

ratios. These weight ratios were estimated based on a few 

available commercial propulsion system weights and those of 

the NASA systems. They are shown in Figure 1. 

 

 
Figure 1 – Engine system-weight-to-dry-weight ratio 

DEEP-LEARNING NEURAL NETWORK (DNN) 
 Deep learning is a subset of machine learning that uses 

multiple-layered artificial neural network [16] to progressively 

extract higher-level features from the input, and to establish 

correlations between the input variables and the outputs. In this 

work, the author developed a deep learning-based predictive 

analytics for engine-weight prediction. 

  

Deep-Learning Neural Network for Engine-weight Regression 

 Engine-weight prediction was considered a regression 

problem. Due to the high degree of accuracy required for the 

weight prediction, its predictive analytics was developed using 

a deep-learning neural network (DNN) that established 

correlations between the input variables and engine weight. In 

this work, the DNN consisted of one input layer, seven hidden 

layers, and one output layer. Each subsequent hidden layer, 

consisted of six neurons, progressively extracting higher-level 

features from the input. These layers used backpropagation to 

optimize the weights of the input variables to improve the 

predictive power of the analytics. A scaled exponential linear 

unit (SELU) function [17] was used for the activation function 

in the hidden layers, defined as: 

 

𝑆𝐸𝐿𝑈(𝑥) = 𝑠𝑐𝑎𝑙𝑒 {
𝑥                        𝑖𝑓 𝑥 >  0

𝛼𝑒𝑥 − 𝛼           𝑖𝑓 𝑥 ≤  0
 

 

where x = weighted sum of input variables 

  𝛼 ≈ 1.67326, a predefined constant to preserve the mean 

and variance of the inputs 

    𝑠𝑐𝑎𝑙𝑒 ≈ 1.05070, a predefined constant to preserve the mean 

and variance of the inputs 

 

A grid-search routine was used to determine the 

regularization parameter, number of epochs, batch size,  and the 

number of ‘neurons’ in the hidden layers that give the lowest 

training error. L2 regularization (or Ridge regression) technique 

[17] was used to avoid overfitting the training data. The number 

of epochs determined the number of times an entire training 

dataset was passed forward and backward through the DNN. 

Batch size referred to the number of training samples used for 

each iteration. The Adam optimization algorithm [18] was used 

for this effort. The predictive analytics was trained and 

deployed in Keras [17], an open-source neural networks API 

written in Python, with Google’s TensorFlow [19] serving as 

the backend engine. Keras provided the building blocks for 

developing the deep-learning analytics, and TensorFlow 

handled the tensor computations and manipulations. 

TensorFlow is an open-source library for numerical 

computation and large-scale machine learning.  

 

PREDICTIVE ANALYTICS 
 With the DNN described in the previous section, the 

author developed a predictive analytics for engine-weight 

prediction. The Python programming language was used to 

develop the analytics. 
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 Input engine design parameters for weight predictive 

analytics were: 

 

 Bypass ratio 

 Overall pressure ratio (OPR) at sea level static condition 

 Sea level static thrust 

 Cruise Mach number 

 Cruise altitude 

 System design parameter – either direct-drive or geared 

 System configuration – either 2-spool or 3-spool 

 Engine technology factor (engine certified year) 

 

 The sea-level flight condition for OPR and thrust was 

chosen for data availability; majority design data for these two 

parameters are publicly available at the sea-level flight 

condition. For the NASA engines, the engine certified years 

were assumed to be 2025, 2030, and 2040 respectively for the 

engines that were studied for entry-into-service in the N+1, 

N+2, and N+3 timeframes. The timeframes were directed at 

three generations of aircraft in the near, mid, and far terms that 

were studied under NASA aeronautics projects.  

 

 Training and building the predictive analytics involved 

machine learning algorithms and data science. The approach 

consisted of three steps: dataset preparation; building, training, 

and cross-validation of the preliminary analytics; and building, 

training, and evaluation of the final analytics.  

 

 Dataset preparation  

The engine dataset was shuffled randomly (using pseudo-

random number generator) and divided into two datasets: the 

training set and the testing set. The training set was used to train, 

cross-validate, and build predictive analytics. The testing set 

consisted of the remaining engines that were unseen by the 

predictive analytics, and was retained for the final evaluation of 

the predictive analytics. Table 1 depicts the training-testing 

dataset split. 

 

Table 1 

Training-Testing dataset split for the predictive analytics  

System 
Training dataset 

(no. of engines) 

Testing dataset 

(no. of engines) 

2-spool direct-

drive 
103 27 

2-spool geared 22 5 

3-spool direct-

drive 
21 5 

Total 
146 

(80% of dataset) 

37 

(20% of dataset) 

 

 

 

 Building, training, and cross-validation of the preliminary 

analytics 

The building, training and cross-validation of the analytics 

were conducted using the training dataset. Within the training 

dataset (146 engines), a 6-fold cross-validation procedure was 

used to conduct a preliminary evaluation and to fine-tune the 

analytics. The training dataset was randomly split into 6 groups: 

5 groups were used to train the analytics and 1 group was used 

to cross-validate the analytics. This process was repeated 6 

times so that each of the 6 groups got the chance to be used for 

training and validation. The performance measure was then the 

average of the values, in terms of the means and standard 

deviation, computed in the iteration loop. 

 

 Building, training, and  evaluation of the final analytics 

 Cross-validation was no longer needed for this step, i.e., all 

146 engine data were used to build and train the predictive 

analytics. The analytics were then used to predict the engine 

weights in the testing dataset (37 engines), and the results were 

compared with the actual data in the testing dataset. 

 
PREDICTIVE RESULTS 
Preliminary training and cross-validation results 

 During preliminary training and cross validation, the 

algorithm parameters and prediction uncertainty were 

determined. Using grid-search routines, the algorithms 

parameters that give the smallest errors for both analytics are 

shown in Table 2. 

 

Table 2 – Deep neural network parameters  
Parameters 

Number of hidden layers = 7 

Number of neurons in each hidden layer = 6 

Regularization parameter = 0.00003 

Learning rate = 0.00095 

Epoch=10206 

Batch size = 16 

 

 The prediction accuracy for engine weight measured how 

close the prediction was to the training data. The uncertainty 

was defined at 95% confidence level, i.e. two standard 

deviations for normal data distribution. The preliminary 

training and cross-validation results show that the analytics has 

a mean accuracy of 95.1%, with 5.3% uncertainty. They are 

shown in Table 3.  

 

Table 3 – Preliminary training and cross-validation results for 

analytics accuracy with training data  

Mean 

accuracy 

Uncertainty 

95% confidence interval 

(2 standard deviations) 

95.1% 5.3% 
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Evaluation of the final predictive analytics with testing dataset 

 The final predictive analytics, built with the parameters 

determined during the preliminary training and with all 146 

training data (i.e., no cross validation), were then used to predict 

the engine weights in the testing dataset (the 37 engines unseen 

by the analytics). Table 4 summarizes the evaluation results of 

the engine-weight predictive analytics. On average, the 

prediction accuracy is quite high, at 96.8%. Table 5 shows the 

detailed comparison of the prediction and the testing data. The 

prediction accuracy exceeds 90% for 36 of the 37 engines. The 

prediction accuracy for the one engine is 89.7%. Comparing to 

the TSFC and core-size predictions that were done previously 

using machine-learning analytics [1 and 2], the engine-weight 

prediction is more complex because of the geometric design 

variables (the number of spools, direct-drive or geared system, 

etc.). Further improvement of overall accuracy would require 

more training data, especially those for the geared and the 3-

spool systems. As shown in Table 1, the current dataset has only 

22 geared and 21 3-spool engines available for training. 

 

Table 4 

Evaluation results of the engine-weight predictive analytics 

with testing data  
 

Accuracy 

(mean) 

 

Accuracy 

(maximum) 

 

Accuracy 

(minimum) 

96.8% 99.9% 89.7% 
  

 

  The performance of the deep-learning model over time 

during training is shown in Figure 2. It shows the mean squared 

error decreases consistently and converges over training 

epochs. The DNN engine-weight analytics performs well 

consistently for both the training and testing datasets. An epoch 

is a measure of the number of times an entire dataset is passed 

forward and backward through the neural network. 

 
Figure 2 – Deep-Learning Neural Network model accuracy 

on training and testing datasets 

 

 
Table 5 - Comparison of engine-weight predictions with testing dataset 

 

 
 

Mean accuracy = 96.8%          accuracy below 90% 

 

AATT – Advanced Air Transport Technology project  

ERA – Environmentally Responsible Aviation project 

SFW – Subsonic Fixed Wing project 
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CONCLUSIONS 
The author developed a deep-learning predictive analytics 

for engine-weight prediction. The development used the 

database of one-hundred-eighty-three production engines and 

engines that were studied previously in NASA aeronautics 

projects. The engine-weight predictive analytics has a mean 

accuracy of 96.8%, with 5.3% uncertainty. Overall, the 

analytics show remarkable prediction accuracy considering the 

limited amount of data available for the training.  

 

To further improve the overall accuracy (and reduce the 

uncertainty) of engine-weight prediction, the database would 

need to be expanded; to have more training data for the geared 

and the 3-spool turbofans. However, the limit availability of 

open-source engine data is a challenge to overcome.  

The current engine-weight prediction results, together 

with those for the TSFC and core-size predictions that were 

studied previously [1 and 2], show that by bringing together 

sufficient (big) high quality data, robust machine-learning 

algorithms, and advances in data science, machine learning-

based predictive analytics can be an effective, time-saving tool 

for assessing aircraft engine system performance (TSFC, 

weight, and core size) during the conceptual design stage. It 

would enable expeditious identification of the best engine 

design amongst several candidates. 
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Appendix A 

 

Engine database 

 
 

System type: DD = direct-drive system 

        G = geared system 
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       Appendix (cont’d) 

 

Engine database 

 

 
 

System type: DD = direct-drive system 

        G = geared system 

  



 

 

 

This material is declared a work of the U.S. Government and is not subject to copyright protection in the United States. 

Approved for public release; distribution is unlimited. 

9 

      Appendix  (cont’d) 

 

Engine database 

 

 
 

 

System type: DD = direct-drive system      SFW – Subsonic Fixed Wing project 

        G = geared system       ERA – Environmentally Responsible Aviation project

           AATT – Advanced Air Transport Technology project 


