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1. Introduction 

The rapid prediction of material properties, particularly novel material properties, 

is of great interest (SMGICT 2021). This is especially true for energetic materials 

where measuring material properties can be costly and hazardous (Rae and Dickson 

2021). Energetic materials, by design, rapidly release a significant portion of their 

stored energy; therefore, it is hazardous, time-consuming, and costly to produce, 

process, and test such materials. There are several properties that can determine if 

an energetic material is worth exploring experimentally; specifically, those 

affecting safety, manufacturability, and performance. However, these properties are 

computationally expensive, and in some cases impossible to predict from first 

principles (Yan and Zeman 2013), or even dramatically simplified physical models 

(Han et al. 2018; Sen et al. 2018). While thermochemical codes can predict some 

of these properties given quantities such as the density and Heat of Formation (HoF) 

(Fried and Souers 1994; Nieto-Draghi C et al. 2015), computing these two 

quantities from first principles, particularly the density, can be excessively time 

consuming. Calculating the density requires a knowledge of the melting and 

perhaps boiling point of the material, and, if it is known to be a solid, the crystalline 

symmetry is also required. Searching for an undetermined crystal structure of a 

material or performing simulations to determine the liquid density at ambient 

pressure, or even simulations to determine the melting point of a material, are 

research projects of their own. Other methods are therefore needed to rapidly 

determine the feasibility of an energetic material.  

While there are a number of properties of interest for these materials, this work 

focuses on nine properties. The properties calculated are the 1) density, 2) HoFs,  

3) detonation velocity, 4) detonation pressure, 5) impact sensitivity (H50), 6) 

melting temperature, 7) boiling temperature, 8) decomposition temperature, and 9) 

vapor pressure. First, density is a key indicator of energetic material performance. 

Second, the HoF is indicative of how much energy is stored in a material and 

therefore how much energy can potentially be released by it. Next, the detonation 

velocity and pressure are measures of how fast a material can release energy and 

how much of that energy can be used for mechanical work. Fifth, impact sensitivity 

is also a measure of how safely a material can be stored. Herein the sensitivity as a 

function of the energy of impact is examined, for which the height of a drop weight 

where the material reacts 50% of the time is a common measure and termed the 

H50. The melting, boiling, and decomposition temperatures, along with the vapor 

pressure, are used to determine how and whether a material can be melt cast, safely 

processed, along with how stable it will be during storage. For example, high vapor 
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pressure means that the material will likely be very volatile. Conversion between 

the two is possible if the mass of the impactor is known.  

Some statistical methods have shown promise for predicting many of the relevant 

properties for energetic materials (Honda et al. 2019; Chithrananda et al. 2020; 

Winter et al. 2022; Heid et al. 2024). The Energetic Properties Prediction Interface 

(EPPI) (Lansford et al. 2022, 2023; Appleton et al. 2024, 2025a, 2025b, 2026; 

Lansford and Barnes 2025) uses an ensemble of message-passing neural networks 

(Gilmer et al. 2017) to predict properties from a 2D description of the molecules’ 

structure, called a Simplified Molecular Input Line Entry System (SMILES) string 

(Weininger 1988). 

We have gathered multiple datasets and searched through the literature to evaluate 

EPPI by generating a combined dataset of over 300,000 molecules containing 

carbon, hydrogen, nitrogen, oxygen (CHNO) and fluorine (CHNOF) with at least 

one of the nine aforementioned relevant properties. While the model was trained 

across a large set of materials, it was not specifically trained for materials 

containing fluorine. However, we found good results for many of the properties of 

fluorine-containing materials; therefore, the model demonstrates strong potential 

for transferability with relatively small datasets for new classes of materials. 

In the following sections we will discuss EPPI, our methods of data collection, and 

how we culled that data to the most relevant subset that is presented in the results 

within Section 3. We then break up the results into subsections for each property to 

show validation and transferability of the model, and finish with concluding 

remarks. 

2. Methods 

2.1 EPPI 

EPPI is a U.S. Army Combat Capabilities Development Command (DEVCOM) 

Army Research Laboratory (ARL)-developed code that uses a set of ML models to 

calculate the nine different properties relevant for the assessment of energetic 

materials and their expected standard errors in the mean (SEs). Results from each 

of the two different models are used for calculating the density, melting 

temperature, and the impact sensitivity (H50). Two different models for density 

were developed: one with data from quantum mechanics (QM) and the other with 

experimental data. The additional models for melting temperature and impact 

sensitivity were developed by Robert Appleton and are labeled RA.  EPPI can run 

either interactively on a single material at a time or in batch mode.  
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EPPI initially opens a command window that displays progress loading the Python 

environment and importing necessary Python module. Once all necessary 

dependencies are loaded, an EPPI GUI window pops up with a progress bar 

showing the individual models being loaded into memory. A view of the EPPI GUI 

with single molecule predictions for pentaerythritol tetranitrate (PETN) can be seen 

in Figure 1. 

 

Figure 1. EPPI user interface with example SMILES string for PETN specifying vapor 

pressure temperature of 273 K. SMILES string is entered into the textbox at upper left; 2D 

molecular diagram at upper right; predicted properties at center left, followed by text box to 

enter the temperature at which to predict vapor pressure.  
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In single molecule mode, EPPI takes as input only an ASCII string that is a 2D 

representation of the molecular structure of the material in the form of a SMILES 

string and optionally the temperature for calculating the vapor pressure. If EPPI 

finds the SMILES string to be valid, it will replace the SMILES string in the text 

box with the canonicalized SMILES string (RDKit 2026). If not, it replaces the 

SMILES string with “Invalid SMILES.” EPPI produces a 2D skeletal diagram of 

the molecule generated by RDKit for verification. As the calculation continues, a 

progress bar in the command window and GUI interface appear. Once the 

calculations have been completed, the mean values and SEs are shown, then the 

temperature for the desired vapor pressure can be entered in the text box towards 

the bottom left of the interface, and the submit button next to it can be used to start 

the vapor pressure calculation. The text box for the vapor pressure temperature will 

reset after each run, so the temperature must be reentered and the submit button 

pressed every time.  

For a single material, EPPI produces a 2D visual representation of the molecular 

structure of the material for verification, and the image can be saved to a Portable 

Network Graphics file and the properties to a comma-separated value (CSV) file. 

This can be done by clicking the “export results” button towards the bottom-left 

corner. This will generate files in the “output_files” subdirectory of the directory 

from which EPPI is run. File names will have the following format: 

ChemicalFormula_Time.FileSuffix. Column titles are in the first row of the CSV 

file: SMILES, property, mean, and SE. Below are rows for each property calculated 

with the SMILES string, property name, predicted mean, and SE. The mean value 

is the ensemble average of multiple models trained on different subsets of data. 

In batch mode, EPPI can take as input either a CSV or Excel spreadsheet with a 

single column with its first row labelled “smiles” and the subsequent rows being a 

SMILES string for a molecule. To do this, click the “browse” button at the bottom 

left of the GUI. This brings up a File dialog starting in the directory from which 

EPPI was run. Input files should be in the “input_files” subdirectory. The file can 

be selected by double-clicking it or selecting it and clicking “open.” This begins 

the calculation. Progress for batch calculations is shown only in the command 

window. Batch runs are divided into sequential calculations where each individual 

model for a property calculates the value for every SMILES string before 

proceeding to the next property model, until all the models for a given property are 

completed and it moves to the next property. Progress for the completion of each 

model is shown in the command window. Upon completion of all the models, the 

run produces a CSV file located in the “output_files” subdirectory. The file name 

will have the prefix “ML_pred_” but is otherwise the same as the input file name. 

Its first row is column labels and each following row corresponds to the same 
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material specified by the SMILES string in the same row of the input file. For each 

of these material rows, the first column is the SMILES string, and then there are 

two columns for each property: the first for the mean value (the average of each 

individual model) and the second for the SE of the ensemble, which is labeled std 

instead of SE. Currently, the temperature for the vapor pressure calculation in batch 

mode is fixed at 400K, which is relevant to melt-cast explosives. The number 

entered into the temperature text box therefore has no effect during batch 

calculations. Example input and output files are included in the EPPI distribution 

in the “input_files” and “output_files” directories, respectively. EPPI is sensitive to 

malformed SMILES strings and will exit the calculation without saving the 

properties when it encounters one, so using large untested input files may be 

computationally wasteful.  

2.2 Data Collection 

The material property data used for comparison with EPPI in this report comes from 

several different sources. The first two sources are Appleton et al. (2025a) and 

Lansford et al. (2023). While they did not contain data for every material or 

property in the dataset, they contained many of the same materials and properties. 

Therefore, these two datasets were merged. The third source was the ChemPhys 

Space dataset (Muravyev et al. 2022), and it largely contained three properties 

relevant to energetic materials that were not in the initial dataset; namely the HoF 

and the detonation pressure and velocity. So, this dataset was kept separate, giving 

two unique datasets, a general material- and an energetic material-focused dataset. 

The final sources were a search of the literature, ThermoML (Frenkel et al. 2003), 

and other websites and datasets for data relevant to energetic materials and of 

interest to the DoD. Data from this search was used to augment the data in the two 

different datasets. The two different datasets are available in supplemental material 

that is available upon request, and each contains a column that specifies the original 

data source or sources. When the datasets were merged, the SMILES strings were 

converted to a canonical form with RDKit (2026). These canonical SMILES strings 

were then compared and, if they matched their values, were merged. For cases 

where there was more than one entry for a property, the values were averaged and 

the entries for the sources were combined into a list. 

2.3 Data Filtration 

The initial data collection effort included all materials that contained any of the 

following elements: carbon, hydrogen, oxygen, nitrogen (CHNO), or fluorine. This 

broad search was used to ensure that nothing relevant was missing; however, it did 

result in dataset that was too broad for our purposes. To avoid any issues with the 
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model that are not relevant to the current work, we filtered both datasets into two 

subsets. The first, which will be referred to as the CHNO dataset, contains materials 

that had at least two of, and only, the elements carbon, nitrogen, and oxygen, with 

possibly hydrogen. The second, which will be referred to as the CHNOF dataset, 

contains fluorine and at least one of, and only, the elements carbon, nitrogen, and 

oxygen, with hydrogen being optional. Outliers from both datasets (in terms of 

extreme values and significant disagreement with the EPPI results) were examined. 

Several of these values were from unorganized datasets and could not be verified, 

so these entries were removed and are in supplemental materials that are available 

upon request. Furthermore, some data was culled from the plots reported in this 

work for clarity of presentation; this data is also available upon request. 

3. Results and Discussion 

EPPI consistently underpredicted high values and overpredicted low values for the 

outliers that were removed from the dataset for clarity (mentioned above). This 

indicated a systemic bias in the model similar to a regression-to-the-mean type of 

behavior, and is not surprising for values significantly outside the range of data 

used in training the models. Below, we divide the results into sections by property, 

with separate sections for each model when more than one model group exists for 

a single property. The properties are listed in the order they occur in the EPPI GUI. 

The following sections explore the predictive capability of EPPI by examining 

hexagonal bin plots comparing experimental measurements with EPPI’s predicted 

values. The experimental values are displayed along the x-axis and predicted values 

along the y-axis. If there are hexagonal bins with more than one material in a bin, 

each bin will be colored by the number of materials in the bin, and a color bar will 

be displayed. Along with the hexagonal bin plot, the root mean square error 

(RMSE), mean absolute error (MAE), and Pearson correlation coefficient are given 

for each plot. These hexagonal bin plots along with tables of substructure 

distribution and the associated substructure RMSE, MAE and Pearson correlation 

coefficients and molecular weight and heavy atom number distributions for each 

property are given in Appendixes A and B. 

3.1 HoF 

The HoF data was taken from the energetic materials dataset, so the number of 

materials is relatively small. It can be seen in Figure 2 that this model (Appleton et 

al. 2025b) for CHNO materials contains good agreement between EPPI and 

experiment, with the outliers being more common at extreme values. For materials 
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containing fluorine, however, EPPI typically overpredicts the HoF—although it 

does somewhat better at predicting the ordering. 

 

Figure 2. Comparison of measured and predicted HoF in kilocalories per mole for CHNO 

(left) and CHNOF (right). 

3.2 Crystalline Density (Quantum Mechanical) 

EPPI also calculates density with two different models. The first one was trained 

on density data from a set of methods using QM information to determine density 

in the software package EDAT (Byrd 2012). While the performance for CHNO 

materials is quite good, we see that for CHNOF materials this model systematically 

underpredicts for higher density materials. This type of deviation is not uncommon 

when trying to use a learned model beyond the range of its training data. Even with 

the underprediction at high densities, this model does quite well overall for CHNOF 

materials, as can be seen in the error metrics (Figure 3). 

 

Figure 3. Comparison of measured and predicted crystalline density (QM) in grams per 

cubic centimeter for CHNO (left) and CHNOF (right). 
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3.3 Crystalline Density (Experimental) 

This is a comparison of the dataset values with EPPI’s predicted experimental 

density, which is labeled “model variant 2” in the interface. This model was trained 

on experimental data. This is the largest and most diverse property in the datasets, 

and EPPI does quite well at predicting the crystalline density for both CHNO and 

CHNOF. However, when faced with covalent solids or long chain polymers, EPPI 

underpredicts the density. Also, a close examination of Figure 4 shows two trends. 

The first starts out with good agreement at lower densities, getting worse as it tends 

towards moderate densities for both CHNO and CHNOF, where EPPI seems to 

overpredict. The second trend, going towards higher densities, where EPPI starts to 

slightly underpredict although the agreement is still very good, is seen more clearly 

for CHNOF materials. A substructure analysis of this trend may be in order, as the 

Pearson correlation coefficient for substructures runs as low as 0.48 for 

anthracene—markedly different from the drift noted above for the QM where the 

error metrics for the different substructures are relatively closely packed. It seems 

the QM method has better substructure representation, while the experimental 

method has better range and fluorine representation. 

 

Figure 4. Comparison of measured and predicted crystalline density (g/cm3) for CHNO 

(left) and CHNOF (right). 

3.4 Detonation Velocity 

Detonation velocity is one of the most useful properties for evaluating an energetic 

material (Appleton et al. 2025b). The left panel of Figure 5 shows that for CHNO, 

EPPI does well for materials with measured shock velocities over 6 km/s. 

Unfortunately, it appears to systematically overpredict the detonation velocity for 

materials with measured velocities below 6 km/s. This makes it difficult to use EPPI 

to discriminate between materials likely to have good performance and those with 

weak performance. The right panel of Figure 5 for CHNOF materials looks 
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considerably better; however, the dataset only spans the range of measured 

velocities above 6 km/s, and the lowest three values correspond to overpredicted 

values, implying the same problem with low-velocity predictions. Perhaps further 

training with lower velocity materials will improve its discriminatory power. 

 

Figure 5. Comparison of measured and predicted detonation velocity (km/s) for CHNO 

(left) and CHNOF (right). 

3.5 Detonation Pressure 

Detonation pressure, like detonation velocity, is important for predicting energetic 

material performance (Appleton et al. 2025b). Here, a similar situation to what is 

seen with detonation velocity can be inferred but is not nearly as obvious. The 

lowest pressure materials all have overpredicted detonation pressures for CHNO 

materials—not only overpredicted but inversely correlated. However, the CHNOF 

panel (Figure 6, right) shows the lowest pressure material, lower than the lowest of 

the CHNO materials, and its predictions are very good. But this low-pressure 

CHNOF material was included in the training material and therefore seems likely 

that the low-pressure error for CHNO materials is due to underrepresentation of 

lower pressure materials in the training sets. EPPI predicts the values are very close 

to the measured values for the four materials containing fluorine. Evaluation of 

EPPI’s predictive power for the detonation pressure may benefit from further study.  
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Figure 6. Comparison of measured and predicted detonation pressure (GPa) for CHNO 

(left) and CHNOF (right). 

3.6 Impact Sensitivity (H50[cm]) 

Impact sensitivity is both a very important measure of safety for a material and a 

difficult property to predict; EPPI employs two different ensemble models to 

evaluate it. The results reported herein are more accurate than those reported in the 

report describing the model (Lansford et al. 2022), as that work reported only 

results for the model that was not trained on the specific molecule whereas we are 

reporting the results for the ensemble, which should be better. Many of the 

measurements appear on the same vertical line due to the limited resolution of the 

experimental data (Figure 7). The experimentalists must do multiple drops at each 

height to get statistics on how likely the sample is to react, yet performing so many 

tests from very similar heights is not often feasible, thus some standard heights may 

be used. 

 

Figure 7. Comparison of measured and predicted impact sensitivity for CHNO (left) and 

CHNOF (right).  
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3.7 Impact Sensitivity (H50log[J]) 

Here, the RA H50 model (Appleton et al. 2025c) is being evaluated. The impact 

sensitivity (H50) here is given in the log of the impact energy. Given the noise in 

the experimental data, the EPPI predictions seem to be quite reasonable (Figure 8).  

 

Figure 8. Comparison of measured and predicted impact sensitivity (H50) in log(J) for 

CHNO (left) and CHNOF (right). 

3.8 Melting Point (RA) 

The melting point is important for estimating the safe temperatures for processing 

and storage of energetic materials. Figure 9 shows the agreement for CHNO 

materials for the Appleton melting point is excellent (Appleton et al. 2026). The 

agreement for CHNOF materials is not quite as good but still very reasonable.  

 

Figure 9. Comparison of measured and predicted melting temperature (K) for CHNO (left) 

and CHNOF (right). 
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3.9 Melting Point 

The agreement for CHNO materials is excellent for the Lansford model (Lansford 

and Barnes 2025) (Figure 10), considerably better than the Appleton model. 

Similarly, the agreement for CHNOF materials is not quite as good as CHNO but 

still very reasonable and better than the Appleton model.  

 

Figure 10. Comparison of measured and predicted melting temperature (K) for CHNO (left) 

and CHNOF (right). 

3.10 Boiling Point 

The boiling point is also useful for safety estimates (Lansford and Barnes 2025). It 

can be seen in Figure 11 that the agreement between EPPI and experiment is 

excellent for both CHNO and CHNOF datasets. The high temperature tails of both 

datasets start to diverge from the excellent correlation seen at lower temperatures, 

and this is not unexpected as the values in a dataset start to exceed the range of the 

training data. It is not clear that there is anything meaningful in the fact that the two 

datasets diverge in opposite directions; it is likely an artifact of the training. 
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Figure 11. Comparison of measured and predicted boiling temperature (K) for CHNO (left) 

and CHNOF (right). 

3.11 Decomposition Temperature 

The final temperature prediction is for the decomposition temperature (Lansford 

and Barnes 2025). This is again a useful indicator for safe handling and storage. It 

is shown in Figure 12 that EPPI’s predictions are reasonable for CHNO materials, 

particularly below approximately 600 K where a similar drift to that seen in the 

boiling temperature can be observed. There are only two data points in the CHNOF 

dataset, and they are near the upper left-hand corner (Figure 12), as EPPI 

significantly overpredicts the temperature. While the model gets the measured 

ordering correct in the CHNOF subset, there are only two data points and statistics 

such as Pearson correlation coefficient are not meaningful. 

 

Figure 12. Comparison of measured and predicted decomposition temperature (K) for 

CHNO (left) and CHNOF (right). 
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3.12 Vapor Pressure 

The final property being examined is vapor pressure (Lansford et al. 2023), which 

is another safety indicator (particularly for manufacturing). The logarithm of the 

vapor pressure is what is being calculated here, as the range of vapor pressure is 

very large. Additionally, the predicted vapor pressure is at 400 K while the 

experimental temperature varies with the particular experiment. Figure 13 shows 

that while EPPI slightly underpredicts the vapor pressure, the agreement is very 

good for both CHNO and CHNOF datasets with more dispersion at very low 

pressures, which is to be expected as the precision of the experiments becomes 

much harder at such small values of the log of the vapor pressure. 

 

Figure 13. Comparison of measured and predicted vapor pressure in log(atm) for CHNO 

(left) and CHNOF (right). 

4. Conclusions 

In this work a large dataset of molecules has been curated containing some 

combination of carbon, nitrogen, oxygen, fluorine, and hydrogen with various 

properties relevant to energetic materials. These molecules have been run through 

EPPI and its predictions compared with experimental data are detailed. We found 

that EPPI does well at predicting most properties for CHNO materials and areas for 

future improvement have been identified, specifically for materials with extremely 

low detonation velocities and materials with high melting, boiling, and 

decomposition temperatures. The agreement with experiment is also quite good for 

CHNOF materials, particularly considering that these were not a focus of the model 

training—with the exceptions of decomposition temperature, where there is too 

little CHNOF data to make a meaningful conclusion, and the HoFs, which seemed 

systematically high. The extension to testing with fluorine materials suggests that 

EPPI can be used qualitatively outside of its primary training range and with some 
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additional training it may provide excellent results for materials of interest to the 

energetics community beyond those initially studied. Instructions and details about 

working with EPPI have also been provided as a guide for users, and suggestions 

for improvements have been made. 
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Appendix A. Substructures 
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Figure A-1. 2D rendering of the molecular substructures used in assessing validation set 

coverage.  
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Appendix B. Distribution Details 
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List of Symbols, Abbreviations, and Acronyms 

2D Two-Dimensional 

ARL Army Research Laboratory 

CHNO Carbon, Hydrogen, Nitrogen, and Oxygen 

CHNOF Carbon, Hydrogen, Nitrogen, Oxygen, and Fluorine 

CSV Comma-Separated Value 

DEVCOM U.S. Army Combat Capabilities Development Command 

DoD Department of Defense 

EPPI Energetic Properties Prediction Interface 

GUI Graphical User Interface 

H50 Measure of Impact Sensitivity 

HoF Heat of Formation 

MAE Mean Absolute Error 

ML Machine Learning 

PETN Pentaerythritol Tetranitrate 

QM Quantum Mechanical 

RA Robert Appleton 

RMSE Root Mean Square Error 

SE Standard Errors in the Mean 

SMILES Simplified Molecular Input Line Entry System 
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