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H I G H L I G H T S

• We created a method for using liquid-phase FTIR with machine learning models.

• Non-negative Matrix Factorization preserves spectral attributes for interpretation.

• We developed 5 property prediction models for SAFs and SAF blends.

• Models presented outperform or are aligned with previously developed models.

• The method supports discovering new relationships between chemicals and properties.
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A B S T R A C T

Sustainable aviation fuels have the potential to improve efficiency, reduce emissions, and enhance energy security. 

To help identify viable sustainable aviation fuels and accelerate research, machine learning models have been 

developed to predict relevant physicochemical properties. However, many models have limited applicability, 

leverage data from complex analytical techniques with confined spectral ranges, or use feature decomposition 

methods that offer limited interpretability. Using liquid-phase Fourier Transform Infrared (FTIR) spectra, this 

study presents a structured method for creating accurate and interpretable property prediction models for neat 

molecules, aviation fuels, and blends. Liquid FTIR spectra can be collected quickly and consistently, offering high 

reliability, sensitivity, and component specificity using less than 2 ml of sample. The method first decomposes 

FTIR spectra into fundamental building blocks using non-negative matrix factorization (NMF) to enable scientific 

analysis of FTIR spectra attributes and fuel properties. The NMF features are then used to create five ensemble 

models for predicting final boiling point, flash point, freezing point, density at 15 

° C, and kinematic viscosity at 

-20 

° C. All models were trained using experimental property data from neat molecules, aviation fuels, and blends. 

The models accurately predict key properties across a broad range of neat molecules and representative fuels and 

blends, while enabling interpretation of relationships between compositional elements, such as functional groups 

or chemical classes, and their resulting properties. This demonstrates strong potential to support sustainable 

aviation fuel research and development. The models and data are available on an interactive web tool.

1. Introduction

Sustainable aviation fuels (SAFs) offer the opportunity to improve ef-

ficiency, reduce emissions, and enhance energy security by diversifying 

the energy supply. Development and use of SAFs are challenging because 

fuels must meet strict safety, performance, and chemical composition 

standards. SAFs must also be fully compatible with petroleum-derived

jet fuels, since all certified synthetic blending components are required

to be blended with petroleum jet fuel prior to use [1–3].

Given the stringent requirements and high costs associated with SAF 

development, researchers have explored a range of modeling strate-

gies to predict SAF performance before production, aiming to reduce 

experimental effort, lower costs, and minimize risks throughout the pro-

cess. For example, Heyne et al. present a multi-tiered modeling and
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screening approach to predict and evaluate the physical and chemical 

properties of SAF candidates, using both bulk property correlations and 

molecular-level composition analysis [3]. They found that combining 

complementary modeling methods enhances the reliability of property 

predictions, enabling more efficient identification of viable SAFs that 

meet stringent aviation fuel specifications.

Various modeling approaches have been used to predict physico-

chemical properties of fuels (both petroleum-derived and certified/vi-

able SAFs), blendstocks (chemicals combined with other chemicals to 

create fuel), neat molecules, and blends of these. Simple models that 

use linear-by-volume or linear-by-molar-mass calculations have been 

employed to predict physicochemical properties; however, these ap-

proaches can be inaccurate for blends exhibiting non-ideal mixing 

behavior, thereby limiting their applicability [4–6]. Models that corre-

late chemical descriptors or functional-group counts with properties are 

more sophisticated but may not fully capture the complex interactions 

within a fuel blend, leading to prediction inaccuracies [7–23].

Due to these limitations, researchers developed machine learning 

models that use different analytical techniques to characterize fuels and 

fuel blends, such as nuclear magnetic resonance (NMR), gas chromatog-

raphy (GC), and mass spectrometry (MS) [24–27]. These analytical 

techniques can characterize neat molecules and blends by providing in-

sights into the functional groups, bonds, and component classes present. 

Many techniques are also able to differentiate between isomers and 

provide fundamental chemical information about a fuel’s components 

that can be used as inputs for machine learning models [24]. For 

example, one study used liquid chromatography/1H nuclear magnetic 

resonance (LC/1H NMR) with multiple regression analysis to develop 

a group property approach, similar to functional group theory, for pre-

dicting properties of distillate fuels, including flash point, density, and 

final boiling point [25]. Another study predicted similar properties us-

ing partial least squares with near-infrared (NIR) spectroscopy, Raman 

spectroscopy (RM), and gas chromatography with mass selective de-

tection (GC-MS) [26]. Two-dimensional GC (or GC × GC) and Monte 

Carlo sampling have also been used to predict properties of SAFs [27]. 

Others evaluated four spectroscopic techniques—NMR spectroscopy, IR 

spectroscopy, Raman spectroscopy, and gas chromatography—for cor-

relating fuel composition with physicochemical properties including 

density, viscosity, flash point, and freezing point. Their results indicate 

that GC × GC yields the most accurate correlations among all analytical 

instruments [28].

Fourier-transform infrared (FTIR) spectroscopy is another popular 

technique for developing predictive models because it offers rapid data 

acquisition, component specificity, and sensitivity [4–6,29–36]. Many 

researchers have developed property prediction models using a limited 

range of vapor-phase FTIR spectra. For example, Wang et al. used a lim-

ited region of vapor-phase FTIR spectra with LASSO-regularized linear 

models to predict physical and chemical properties including molecu-

lar weight, density, and initial boiling point of fuels [5]. Expanding on 

this work, they later added functional group theory information for a 

selected region of the full FTIR spectra to their LASSO-regularized mod-

els to predict the same properties for hydrocarbon fuels [30]. Boddapati 

et al. used a limited region of vapor-phase FTIR spectra and elastic-net 

regularized linear models to predict similar properties of pure hydro-

carbons [4]. In addition, liquid-phase FTIR spectra have been used with 

partial least squares models to determine cetane number, net heat of 

combustion, viscosity, carbon-to-hydrogen ratio, and density of middle 

distillate fuels [31].

Although the literature presents well-performing FTIR-based models 

for predicting various fuel properties, the methods have several limi-

tations [4–6,29–36]. For example, some studies developed predictive 

models using narrow FTIR spectral ranges, which may omit important 

information necessary for accurately predicting a variety of fuel proper-

ties [4–6,30]. Additionally, measuring vapor-phase FTIR spectra is time 

consuming and complicated since any variations in temperature or pres-

sure in the sample lines or gas cell will result in significant errors [37].

Further, many of the models do not provide an easily interpretable anal-

ysis of the spectral features (e.g., how much a feature contributes to the 

predictions) and use non-standard error metrics, making it difficult to 

assess the model’s performance on new data [4–6].

The purpose of this study is to develop a structured approach for 

creating accurate and interpretable property prediction models for vi-

able SAFs and SAF blendstocks using liquid-phase FTIR spectra of neat 

molecules, petroleum-based jet fuels, synthetic and alternative aviation 

fuels, and their blends. Liquid-phase FTIR spectra are used because they 

can be collected quickly and consistently, requiring only a few drops 

of fuel. The structured approach uses non-negative matrix factorization 

(NMF) to deconstruct FTIR spectra into fundamental building blocks that 

enable scientific analysis of spectral characteristics and fuel properties. 

Because of its non-negativity constraints, NMF is well-suited for spec-

tral data and can create meaningful, additive features that are easy to 

interpret. Using the NMF features, we developed five ensemble models 

for predicting final boiling point, flash point, freezing point, density at 

15 

° C, and kinematic viscosity at -20 

° C. In the following sections, we 

outline the methods for creating features from FTIR spectra using NMF 

and developing models with these features to predict fuel properties. 

Next, model performance metrics are presented, along with an analysis 

and interpretation of the features used in the models. Conclusions and 

future recommendations are also provided.

2. Methods 

2.1. Experimental property data

Experimental property data for neat molecules, fuels, and blends 

were collected from multiple published sources [7,38–48]. Data in-

clude alkanes, isoalkanes, cycloalkanes, aromatics, alcohols, conven-

tional fossil-based fuels (e.g., Jet-A, F-24), American Society for 

Testing and Materials (ASTM) approved SAFs (e.g., HEFA, ATJ, FT-

SPK, and farnesane), and other viable SAF blendstocks, including 1,4-

dimethylcyclooctane (DMCO), pinane, and limonene. Property data for 

F-24 were provided by the supplier, while a local certification lab mea-

sured properties for Jet A, HEFA, and their blends. Properties for other, 

neat-molecule blends that include n-heptane and isooctane were calcu-

lated using the linear-by-volume method. Because ethanol blending with 

n-heptane and/or isooctane follows linear property trends with low vol-

umes of ethanol, only blends with less than 10 % ethanol were calculated 

using the linear-by-volume method [49].

Table 1 shows the number of neat molecules, fuels, and blends with 

experimental data for each property. Data for the 87 neat molecules, 

fuels, and blends used in this study can be found in Tables S3 and S4, 

and on the Feedstock to Function Website: feedstock-to-function.lbl.gov. 

Although some molecules and blends in the dataset—such as those con-

taining oxygen—are not suitable for aviation use, we included them 

in model training to better characterize bond interactions that may 

occur in blends. For example, FTIR spectra of ethanol and 1-pentene 

show peaks in the 3000 cm 

-1 to 2850 cm 

-1 range (see Fig. 1), corre-

sponding to C-H stretching vibrations; excluding ethanol would reduce 

the model’s ability to recognize these interactions and degrade its per-

formance. Moreover, developing the model with a more diverse fuel 

dataset increases its robustness and may aid in identifying the impact 

of contaminants during processing or transportation.

2.2. Liquid-phase FTIR spectra measurements

We collected FTIR spectra of 87 neat molecules, fuels, and blends 

from published literature (62) and measurements (25) using the method 

described by Daly et al. [32,33] with minor modifications. We modified 

the method to ensure spectra collected were consistent, repeatable, and 

matched spectra from previous literature [32,33]. Specifically, spectra 

of molecules, fuels, and blends were collected using a Thermo Scientific 

Nicolet iS50 FTIR spectrometer located at Berkeley Lab’s Molecular
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Table 1 

Number of samples with experimental data for each of the properties. Note that density is measured at 

15  

 

°C and kinematic viscosity is measured at -20  

 

°C. (See Tables S4 and S5 for details).

Final boiling point Flash point Freezing point Density Kinematic Viscosity

Neat molecules 42 29 40 38 17

Fuels 4 4 4 5 4

Fuel blends 4 4 4 4 4

Other blends 22 22 22 22 6

72 59 70 69 31

Fig. 1. Spectra of ethanol and 1-pentene.

Foundry with a Smart iTR Attenuated Total Reflectance sampling ac-

cessory containing diamond crystal with ZnSe lens. Viton square-profile 

o-rings with 316 stainless steel tags prevented the liquid fuels from 

spreading and evaporating during spectral measurements. Spectra were 

collected between 4000 cm 

-1 and 650 cm 

-1 at a 2 cm 

-1 resolution. 

Further details about the fuels and spectral measurements are provided 

in Section S-1 of the Supplemental Information (SI).

2.3. Spectra data Preprocessing and dimensionality reduction

FTIR spectra require preprocessing to minimize noise and variabil-

ity between measurements before they can be used to train machine 

learning models [26,31,50]. We used Python libraries (Pandas and 

NumPy) to implement our spectral processing pipeline, which involved 

organizing the spectra into consistent ranges (binning), smoothing ran-

dom fluctuations, adjusting baselines, clipping negative values, and 

scaling (normalizing) the spectra to enable integration into a unified 

database [51,52]. Because bin ranges vary slightly between instru-

ments, we created wider bins to easily combine measurements at similar 

wavelengths. For example, creating a bin ranging from 650.4 cm 

-1 to 

649.9 cm 

-1 combines the published spectra sampled at 650.162 cm 

-1 and 

measured data sampled at 650.145 cm 

-1 so they could be input into the 

machine learning model. We then applied a moving average with a win-

dow width of 15 bins to smooth experimental noise in the spectra while 

still retaining the shape of major peaks.

To remove background noise caused by mechanical vibrations or 

other external factors, we uniformly shifted the baselines of spectra by

the mean of the values between 4000 cm 

-1 and 3600 cm 

-1 [26,50]. We

selected this range because it does not contain absorption bands for fuels 

or compounds of interest in this study, providing a good proxy for back

ground noise. Remaining negative values were clipped to zero and the

data between 2500 cm 

-1 and 2000 cm 

-1 were removed because diamond 

crystals cause absorption bands in this region. We normalized the spec

tra by their sum to ensure that peak magnitudes for all spectra remain

-

 

-

comparable. Eq. (1) shows the calculation used to normalize a spectrum, 

with X wn 

representing the spectrum of interest at wavenumber wn and

X i representing the spectrum at wavenumber i:

Normalized X wn =
X wn

∑max
i=min 

X i
(1)

The final shape and magnitude of the normalized spectra used for 

model training reflect the proportions of bonds, functional groups, and 

component classes [5].

After processing the spectra, we used scikit-learn’s NMF class to 

reduce the complexity of the spectra and identify important features for 

our model [53]. NMF works by breaking down the spectra into compo-

nents that represent underlying chemical structures in the FTIR spectra. 

The contributions of these components to each sample (coefficients) 

were used as features to predict properties.

NMF decomposes the spectra into the product of two lower-rank ma-

trices, W and H, such that X ≈ W × H, where X represents the original 

spectra dataset [54,55]. This decomposition is achieved through an it-

erative process that modifies the values within the W and H matrices 

to create the best approximation of the entire dataset [56]. NMF is a 

non-convex optimization problem with no closed-form solution, mean

ing that the optimal solution cannot be found using a simple formula 

and requires numerical methods. The process starts by randomly initial

izing two matrices, W and H, that serve to factorize the spectra dataset.

H is the coefficient matrix, representing the original spectra samples as 

additive linear combinations of features in W, which is the basis matrix 

containing the non-negative features of the spectra. In other words, each 

row of H represents the weights or coefficients of the features in W that 

are used to reconstruct the corresponding spectra samples. The matrices

W and H are then iteratively updated using an optimization algorithm, 

such as the multiplicative update rules, to minimize the reconstruction 

error between W × H and the original spectra dataset. For a given up

date n and original spectra dataset matrix X, the updates for W and H 

are computed using

-

-

-

W 

n = W 

n-1° 

X(H 

n-1)T

W 

n-1 H 

n-1(H 

n-1 ) 

T 

and (2)

 

H 

n = H 

n-1° 

W 

n-1TX
(W 

n-1 ) 

T W 

n-1 H 

n-1
. (3)

This update is repeated until the reconstruction error (calculated as 

the Frobenius norm between W × H and the original spectra dataset 

X) converges. At the end of the optimization, W represents the basis 

components and contains non-negative features of the spectra dataset, 

while H contains the coefficients for reconstructing the original spectra 

dataset, and also represents the original spectra samples as additive lin-

ear combinations of features in W. This process decomposes the spectra 

into features that preserve spectral characteristics, making them easy to 

interpret [54].

The resulting features can be used to reconstruct the spectra and 

were used for the models. The non-negativity constraint imposed on 

the matrices W and H ensures that the features extracted are mean-

ingful and interpretable, as they represent the presence or absence of
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Fig. 2. Schematic of the model development process.

specific spectral components. Additionally, the dimensionality reduc-

tion achieved through NMF helps reduce the noise and complexity 

of the spectra, making it more suitable for modeling and analysis. 

Because NMF does not rely on property labels to decompose the spec-

tra, we can include more samples in the NMF training set, even if no 

property data are available for them (i.e., unlabeled data). This is a 

significant advantage, as it allows us to expand the spectra dataset 

without needing property information for every sample. By includ-

ing spectra from other relevant molecules and blends without known 

property data, NMF can identify common spectral features that might 

be missed if we only used samples with known properties. This im-

proves the robustness of the model and helps prevent overfitting. The 

spectra without direct property data used to enhance our NMF model 

include blends with diisobutylene, n-heptane, 1-hexene, isooctane, 2-

methylbutane, methylcyclohexane, toluene, and xylene. We split the 

property data into training (68 %), validation (12 %), and testing (20 %) 

sets, and fit the NMF models to the training data using the NMF class 

from scikit-learn.decomposition [53]. The validation set was used 

for hyperparameter tuning and model selection, while the test set was 

used to estimate the error of the whole pipeline on new data. Each 

model is trained on 4–7 fuels and fuel blends, with one blend held out 

for testing. This split evaluates whether the model can generalize to a 

new fuel whose spectrum is well represented by the training mixtures, 

while keeping training and test samples completely separate. Under 

NMF, spectra are modeled as additive combinations of basis features, 

so performance on the held-out blend reflects interpolation within the 

spectral-compositional space covered by the training data.

We trained the NMF models with up to 30 components for each 

property, using ensemble models as predictors, and then selected the 

number of components that yielded the best performance on the vali-

dation set. We also found that randomizing NMF initialization does not 

significantly alter the components or the number of components selected 

for the models. When varying the random state used for initialization, 

the final number of components and components themselves remain sta-

ble. This suggests that the NMF algorithm reaches stable solutions across 

different initializations, indicating that it likely converges to a global or 

well-defined local minimum.

2.4. Model development using machine learning

To train the models, we employed NMF to generate groups of 2 to 

30 components, and used the resulting coefficient vectors as feature rep-

resentations for each sample. For kinematic viscosity, groups of up to 

15 features were created to account for the smaller property dataset

size and to avoid overfitting. We then fit ExtraTreesRegressor and 

RandomForestRegressor models from the sklearn.ensemble module 

to the training set with a grid search over hyperparameters including 

number of estimators, maximum tree depth, and minimum samples per 

split [53]. Ensemble models aggregate the predictions of multiple de-

cision trees to improve accuracy and reduce overfitting. Each tree in 

the ensemble is trained on a bootstrapped subset of the data, and the 

final prediction is the average of the individual tree outputs. This aver-

aging process reduces the variance of the model compared to individual 

decision trees. We selected these regressors because of their high inter-

pretability, and their ability to provide quantile-based predictions that 

allow us to inspect the distribution of individual tree outputs during 

development, helping evaluate model stability and potentially guide hy-

perparameter optimization [57]. All model training and hyperparameter 

tuning were performed using scikit-learn utilities [53]. The valida-

tion set was used to optimize the number of NMF components, ensemble 

model architecture, and hyperparameters. For each property, we se-

lected the number of features and model architecture that yielded the 

best performance on the validation set. We then used the test set to es-

timate the model’s error on new data. Fig. 2 shows a schematic of the 

model development process.

3. Results and discussion 

3.1. Model performance

To validate this approach, we used the method described in 

Section 2.4 to train models for final boiling point, flash point, freez-

ing point, kinematic viscosity, and density of neat molecules, fuels, and 

blends. Table 2 summarizes each model’s characteristics and test per-

formance, while Fig. 3 shows parity plots for the models. Additional 

performance parameters such as training errors and overall model er-

rors are provided in Section S-2 of the SI. Even though data used in 

this study are more diverse and include a larger range of property val-

ues, molecule types, and blends, the models perform consistently with 

other FTIR spectra-based property prediction models [4,25,26,30,31]. 

Specifically, the R 

2 for boiling point is 0.89 (published literature: 

0.73–0.91), flash point 0.8 (published literature: 0.71–0.8), density 0.88 

(published literature: 0.96), and viscosity 0.86 (published literature: 

0.58–0.95). Because of variations in data and methods for reporting 

and calculating error metrics, we are unable to directly compare our 

results with all of the studies, and are unable to compare metrics for 

freezing point. In addition, the models in this work exhibit higher ac-

curacy on the blend samples in the test set than on the non-blend
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Table 2 

Characteristics and performance for the five property prediction models. Density is measured  

 at 15 

°C and 

viscosity is measured at -20 

° C.

Final boiling point Flash point Freezing point Density Kinematic viscosity 

(K) (K) (K) (kg/m 

3 ) (mm 

2 /s)

Test MAE 17.17 9.6 8.9 22.2 0.45 

Test RMSE 26.39 16.7 15.9 41 0.66 

Test MedAE 6.25 3.51 2.65 2.91 0.23 

Test MAPE 4.6 % 3 % 6.1 % 2.7 % 

*66.8  

 % 

R 

2 0.89 0.80 0.84 0.88 0.86 

Number of features 16 8 15 9 10 

Total sample count 72 59 70 69 31 

Property range 300–559 216–382 108–278 620–971 0.4–5.6

* Most viscosity data lie between 0 and 2 mm 

2 /s.

Fig. 3. Parity plots showing experimental and predicted values of all models, split by training, validation, and testing sets.

samples, indicating that their applicability domain aligns well with the 

method’s intended objective. Given the limited number of certified fu-

els and blends with measured property data, these results highlight 

the model’s consistent behavior across the available real-fuel samples, 

and its potential for broader validation as additional data become 

available.

Further, the results show that the models are capable of accu-

rately predicting properties when trained on clustered property data. 

For example, the test set Mean Absolute Error (MAE) for the viscos-

ity model is 0.45 mm 

2 /s despite exhibiting two clusters between 0 and 

2 and above 3.6 (Fig. 3e). The viscosity model could be improved 

with additional experimental property data, particularly between the 

two clusters. Mean Absolute Percentage Error (MAPE) does not seem 

to be an appropriate performance metric for kinematic viscosity, since 

more than one quarter of the viscosity data falls between 0 and 1, 

which inflates this metric due to division by smaller values (MAPE = 

mean(|experimental - predicted|/experimental)). For density, nearly 

63 % of the test data has an error below the test MAE. Although the 

density model performs comparably to literature models, the MAE of 

22 kg/m 

3 is due to 1,2,3,4-tetrahydronaphthalene, which has the largest 

density in the dataset (970 kg/m 

3 and nearly 100 kg/m 

3 larger than 

the next largest compound). Without this compound, the model MAE

decreases nearly 36 % (~  

 14 

3kg/m ), indicating that additional data is 

needed to improve accuracy of this model for higher density molecules 

that may occur in SAF blends. High-density molecules like 1,2,3,4

tetrahydronaphthalene may occur in jet fuel blends only in limited quan

tities, since ASTM D1655 requires the finished fuel to have a density be

tween 775 and 

3840  

 kg/m at 15 

° C [

-

-

-

2]. The NMF model approach enables 

greater flexibility to capture appropriate features provided by additional 

data and interpret how those features contribute to variations in fuel 

properties.

To ensure the model did not overfit to the training data, we per-

formed independent two-sample t-tests to compare the error distribu-

tions across the training, validation, and test sets for each property. 

The t-tests assessed whether there were statistically significant differ-

ences between the errors on the training and validation sets, as well as 

between the validation and test sets. A significant difference in error 

distributions—particularly between the test set and either the training 

or validation sets—would suggest potential overfitting, and limit gener-

alization to new data. The t-test results (see Table 3) show that there 

are no statistically significant differences in errors across these sets for 

any property, as all p-values are greater than 0.05. The models perform 

consistently across the training, validation, and test sets, indicating good 

generalization to new data and a low risk of overfitting.
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Table 3 

P-values for t-tests comparing test errors to train and validation errors

for each property.

Train-test Validation-test

Final boiling point 0.45 0.61

Flash point 0.53 0.77

Freezing point 0.80 0.15

Density 0.11 0.83

Viscosity 0.44 0.45

3.2. Model features

In addition to creating accurate predictive models, this method also 

provides interpretable features that highlight possible attributes most 

affecting each property. For example, Fig. 4 shows the types of features 

used in each property model and their importances. Components are 

grouped by compound class using identified spectral bands and regions 

associated with alcohols, alkanes, alkenes, aromatics, and cycloalkanes. 

The NMF-derived features capture recurring spectral patterns associ-

ated with key structural motifs such as aromatics, branched chains, and 

cyclic hydrocarbons. Because these spectral-structural relationships cor-

respond to compositional aspects that govern fuel behavior across both 

molecular and blended systems, the learned feature-property correla-

tions remain physically meaningful and transferable beyond the specific 

composition space of the training data. Feature importance is calculated 

by the model and based on the reduction in variance when a feature 

is used to split data at each node in the trees [53]. For each tree, the 

importance of a feature is determined as the sum of variance reduction 

across all nodes where the feature is used, weighted by the proportion 

of samples reaching those nodes. The final feature importances for the 

ensemble are the average of these values across all trees in the forest, 

normalized to sum to 1.

Fig. 4 shows that most models have between one and three domi-

nant features, with the exception of final boiling point, which contains 

a more diverse set of equally important features. The top two features in 

the flash point model (Fig. 4b) contain spectral peaks similar to aromat-

ics and alkanes with an aggregated feature importance of about 0.64. For 

the freezing point model (Fig. 4c), the highest-ranked feature contains 

cycloalkane attributes and has an importance of 0.25, about twice the 

importance of the second ranked feature. The density model’s highest 

ranking features contain alkane and aromatic characteristics, with the 

alkane feature having an importance of 0.4 (see Fig. 4d). The top three 

features in the viscosity model (Fig. 4e) have an aggregated feature im-

portance of over 0.65 and contain spectral peaks similar to aromatics 

and cycloalkanes.

All models rank features with aromatic characteristics either first 

or second. Interestingly, Fig. 5 shows that the top aromatic feature in 

the flash point and viscosity models is almost indistinguishable, exhibit-

ing a prominent peak near 770 cm 

-1 , characteristic of terminal ethyl 

groups [58]. Several other out-of-plane C-H bending bands associated 

with aromatics can also be seen in the region 900–675 cm 

-1 [59]. 

Smaller peaks representing C-C in-ring stretching are located over 

1500–1400 cm 

-1 and 1600–1585 cm 

-1 [59].

The top aromatic features match between the freezing point and 

density models, which are also the second-highest ranking features in 

both models (see Fig. 6). Both features contain prominent peaks be-

tween 800–650 cm 

-1 representing out-of-plane C-H bands [59]. Other 

peaks near 1600 cm 

-1 and from 1500–1400 cm 

-1 represent carbon-

carbon stretching vibrations in the aromatic rings [59]. These features 

also include a prominent peak around 1244 cm 

-1 , likely representing 

C-C stretching from terminal tert-butyl groups [58].

Features containing cycloalkane attributes are ranked either first or 

second in the final boiling point, freezing point, and viscosity models. 

Similar to the aromatic features, the top cycloalkane features in the fi-

nal boiling point and viscosity models exhibit nearly identical peaks (see

Fig. 4. Model feature importances for all models.
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Fig. 5. Highest ranked aromatic features for flash point and viscosity models.

Fig. 6. Highest ranked aromatic features for freezing point and density models.

Fig. 7. Highest ranked cycloalkane features for final boiling point and viscosity 

models.

Fig. 8. Highest ranked cycloalkane feature in the freezing point model and 

second-highest ranked cycloalkane feature in the final boiling point model.

Fig. 7). The features exhibit two peaks near 2850 cm 

-1 and 2920 cm 

-1 

representing asymmetric and symmetric stretching vibrations of CH 2 

groups, as well as a smaller peak near 1450 cm 

-1 representing C-H bend-

ing or scissoring [59,60]. The peaks captured by these features closely 

match spectra from cyclohexane-based compounds. In addition, the top 

cycloalkane feature in the freezing point model closely resembles the 

second cycloalkane feature in the final boiling point model (see Fig. 8). 

Both of these features contain a peak between 1470 cm 

-1 and 1450 cm 

-1 

attributed to C-H bending or scissoring, and C-H stretching peaks near 

3000 cm 

-1 [59].

Fig. 9. Highest ranked alkane features for the density and flash point models.

Alkane-like features also play an important role in the density and

flash point models, ranking first and second, respectively. The high

importance of alkanes for predicting density could be due to alkanes 

generally having lower densities. The model indicates that alkane-like 

features in a spectrum would result in lower predicted density. Fig. 9 

shows the top features with alkane characteristics for both models are 

almost indistinguishable. The features exhibit C-H stretching between 

3000 

-1cm and 2850 cm 

-1 , and C-H bending or scissoring between 

1470 – 1450 cm 

–1 [59]. In addition, the features contain C–H rock-

ing bands attributed to methyl groups between 1370 – 1360 cm 

–1 [59]. 

The features lack C-H rocking bands seen in long-chain n-alkanes from 

725 – 720 cm 

–1 and most likely represent shorter n-alkanes or branched 

alkanes such as isooctane [59]. Further details for other model features 

used in each property can be found in Section S-4 of the SI.

4. Conclusions

This study provides a structured method for creating accurate and in

terpretable property prediction models using liquid-phase FTIR spectra 

of neat molecules, petroleum-based jet fuels, synthetic and alternative 

aviation fuels, and their blends. Liquid-phase FTIR spectra can be col

lected rapidly and consistently, characterizing compounds with only a 

few drops of a sample. The method uses NMF to deconstruct FTIR spec-

tra into fundamental building blocks that are used as features to train 

machine learning models. Deconstruction occurs intuitively, preserv

ing inherent characteristics of spectra by leveraging the non-negativity 

constraint. Furthermore, this method facilitates interpretation for dis

covering new relationships between compositional elements of a fuel,

such as functional groups or chemical classes, and its properties.

-

-

-

-

To demonstrate the method, we developed five ensemble models

to predict final boiling point, flash point, freezing point, density at 

15 

° C, and kinematic viscosity at -20  

 

°C. The number of neat molecules, 

petroleum-based jet fuels, synthetic and alternative aviation fuels, and 

blends in the property databases ranged from 31 (kinematic viscosity) to 

72 (final boiling point). The models’ performances align with published

literature, having test mean absolute errors of 17.17 K, 9.6 K, 8.9 K, 
22.2 kg/ 3m  

 , and 0.45 mm 

2 /s for final boiling point, flash point, freezing 

point, density, and kinematic viscosity, respectively. Because some of the 

experimental property data were discretized due to the large ranges in 

values, more data—especially additional certified fuels and representa

tive blends—would improve accuracy of the models and further validate 

their performance and reliability.

-

This method provides interpretable features that enable the inves-

tigation of chemical classes, functional groups, and bonds contributing 

most to property prediction. Specifically, all models rank features with 

aromatic characteristics either first or second, with flash point and 

viscosity models sharing top aromatic features that are almost indis-

tinguishable. The top aromatic features for the flash point and viscosity 

models exhibit a prominent peak characteristic of terminal ethyl groups, 

several other out-of-plane C-H bending bands associated with aromat-

ics, and smaller peaks representing C-C in-ring stretching. Top aromatic
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features for freezing point and density models also show nearly identi-

cal characteristics, including prominent peaks representing out-of-plane 

C-H bands, carbon–carbon stretching vibrations in the aromatic rings, 

and C-C stretching from terminal tert-butyl groups. Additional im-

portant features for boiling point, freezing point, and viscosity models 

include cycloalkane characteristics, while density and flash point models 

highly rank features with alkane characteristics.

Overall, the method can consistently predict properties of neat 

molecules, fuels, and blends, while providing interpretable features that 

enable scientific discovery and help accelerate SAF research. To support 

research and development, the models and data have been integrated 

into an existing web tool, located at feedstock-to-function.lbl.gov.

We recommend that future fuel-property models report consistent 

test metrics in addition to overall errors which combine testing and 

training errors. This will improve transparency in model performance, 

especially with new data, and facilitate comparisons across studies, as 

prior studies often lack standardized metric definitions or clear report-

ing of evaluation procedures. To improve and expand the method, future 

work should explore additional analytical techniques with a substantial 

amount of spectral and experimental property data.
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