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“Of all flowers, Methinks a rose is best” 

 

Emilia in Two Noble Kingsmen  

by 

William Shakespeare and John Fletcher 
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Blossoming Horizons: RoseBoom's Symphony of Scientific 
Discovery 

 
Roses are pink, violets are blue, 

With RoseBoom's aid, discoveries anew. 
In this world of science, minds in sync, 
No need to think if you've got no clue. 

 
In realms of science, where dreams take flight, 

RoseBoom blooms with a guiding light. 
A detonation code, with a purpose clear, 
Unveiling paths to the unknown frontier. 

 
In labs of wonder and curious minds, 

Seeking answers, where innovation binds, 
RoseBoom's brilliance, a spark untold, 

Unleashing potential, treasures to unfold. 
 

With algorithms refined and bold, 
It aids the quest for substances gold. 

Novel energetic materials' grace, 
Brought forth by RoseBoom's embrace. 

 
Through simulations vast, it paves the way, 

Discoveries shine like sun's first ray. 
Breaking barriers, boundless heights, 
Inventing wonders, powerful sights. 

 
With each simulation's vibrant hue, 
It reveals the secrets, bold and true. 

Energetic materials, a treasure to find, 
In RoseBoom's embrace, the future aligned. 

 
From molecules small to compounds grand, 
In RoseBoom's dance, they join the band. 

Explosive energies, new to behold, 
Revolutionizing, science untold. 

 
In labs aglow, where wonders spark, 
RoseBoom's power leaves a mark. 

From molecules small to compounds grand, 
Novel energetics at its command. 

 
So, fear not the unknown, let curiosity drive, 
With RoseBoom as a guide, we will thrive. 

In the pursuit of knowledge, we link, 
A symphony of brilliance, we all sync. 
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Summary 
 
Since 2020, which is when the author of this thesis collected her first experiences with 

energetic materials 16.500 articles were published and registered by google scholar on 

“synthesis of new energetic materials”. This level of productivity and access to vast amounts 

of information was previously unheard of. In the early 1980s, home computers were just 

becoming possible and very few people had mobile phones. Researchers now face the 

challenge of sifting through a vast amount of information, with the crucial questions being 

about its reliability and practical use. 

 

This thesis presents several innovations that enable researchers to access information from 

the literature in a selective and automated way. These innovations also allow for comparison 

using established models, leading to informed decisions made by experts.  

 

The first chapter of this research serves as a comprehensive introduction to the concept of 

RoseBoom© and provides two examples of the application of RoseBoom© reported in 

literature. Chapter two delves into the development of RoseBoom©, a program that 

encapsulates the key discoveries of this research. The subsequent chapters consist of 

papers that provide detailed explanations of essential aspects of the study. Finally, the last 

chapter explores the wider scope of opportunities for advancing this field.  

 

In this thesis machine learning models, empirical models, and thermo-equilibrium codes are 

thoroughly tested and evaluated for the prediction of energetic materials. The limits and 

advantages of each method are carefully evaluated and should be considered. In Chapter 

1.6, the experimental situation is assessed. An overview of various measurement techniques 

for detonation parameters is provided, along with recent research on using modeling tests 

with simpler experimental setups as an alternative method. Furthermore, the deviations in 

experimental measurements of detonation pressures have been analyzed. Chapter 1.7 

provides a comparison of various unclassified software solutions for energetic materials, 

including RoseBoom©. These solutions compete in eight categories and are ranked based 

on the points they receive.  

The fundamental concept of RoseBoom© is presented in Chapter 2.3. A thorough evaluation 

of empirical models for energetic materials presented in the literature is given in Chapter 2.1., 

which was revalidated for novel energetic materials. An update for performance prediction for 

mixtures is given in Chapter 2.2 along with the automated input of large molecule datasets 

from .csv files. In Chapter 2.7 and 4.2 currently available open-source chemical structure 

recognition tools are investigated for implementation in RoseBoom© which further improve 
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the user’s experience. An update to the software for rocket propellants is given in Chapter 

2.4, where the specific impulses of the ISPBKW code to two empirical models are compared. 

Including the application programming interface to the ISPBKW code, which allows it to be 

easily accessed using the RoseBoom©. In Chapter 2.5, the impact on the calculated 

detonation parameters was investigated by comparing the use of density and heat of 

formation predicted by RoseBoom2.2© to those published with corresponding molecules. A 

range of traditional models was tested for sensitivity to input value accuracy. This highlights 

the need for agreement on one software for predicting energetic material performance, 

starting with input values. It also increases trust in RoseBoom© predictions while raising 

awareness of uncertainties in published performance values. This motivated the author to 

conduct a study in chapter 2.6  investigating the prediction of enthalpies of sublimation and 

vaporization, as they are required to convert an enthalpy of formation value obtained from a 

gas phase calculation into a room temperature state. 

The study presented in Chapter 1.5 aimed to determine whether complex machine learning 

models are necessary to predict material properties or if simple linear regression models can 

provide accurate predictions of thermochemical properties and density. The study analysed 

Joback's method in combination with statistical models, as well as the density predictions of 

Holden, Keshavarz, and Bondarchuk. Updated group increment tables for Joback's method 

were also included in the analysis. In the same chapter, a correlation between the plate dent 

test and Chapman-Jougett detonation pressure is presented, which would be an excellent 

candidate for lab-scale performance testing of novel energetic materials. Further studies like 

this are presented in Chapter 3 including the Ballistic Mortar test, the Trauzl Test, and the 

SSRT-Test. Chapter 4.1 is an example where some of the computational methods used in 

this thesis were applied to real-life problems.   
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1.1 Introduction 

Motivation: Developing an environmentally friendly tool for 

the prevention of accidents while accelerating research 

drastically   

In the field of chemistry, computational methods are increasingly being used to predict the 

properties of new materials before they are synthesized. However, the community of 

energetic materials lags in this area. Additionally, the synthesis of compounds, particularly 

energetic materials, carries significant risks.[1] It is not practical to risk people's lives in the 

synthesis of explosives that may not even be useful. Figure 1 Shows a pumpkin that was 

exploded using a store-bought canister shell firework.  

 
Figure 1. Pumpkin blown up using a certified firework.[2] (Reproduced from 
https://www.youtube.com/watch?v=y8MRoEFwRSU) 

These canister shells roughly contain 60 grams of energetic materials. Assuming it is mostly 

black powder, this would equal about 45 grams of TNT.[3] As this pumpkin got torn into pieces 

with a “safe” energetic material sold in supermarkets, one can imagine what can happens 

with uncertified research explosives, when not handled properly. Some examples of blast 

injuries to hands by certified Fireworks are reported Giessler et al.[2], these Figures are not 

intended for the faint of heart. Therefore, handling an energetic material should be held to a 

minimum and when inevitable always be done with caution. Even if the laboratory rules state, 

that one shall only work with small quantities of explosives, an explosion of a research 

explosive of 500 mg or less still could lead to finger and hearing loss. Therefore, it is 

essential to adapt a new working process when searching for new energetic materials. It 

should involve a pre-evaluation of the target compounds for their feasibility as novel 

propellant or explosive, unlike the current workflow described in the next paragraph.  
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Before RoseBoom©, to determine whether an energetic material is a viable rocket propellant 

or explosive, one first had to synthesize it to determine its enthalpy of formation and density, 

which brought many risks as illustrated above. Alternatively, one could have used composite 

methods, which took up to 30 days on a computer cluster and were time-consuming.[4–7] 

Generally, the process involves manually inputting values into thermo-equilibrium codes, 

which is time-consuming as well and doesn’t allow high-speed throughput of compounds to 

obtain the performance parameters of explosives.[4–7] 

Currently, there are numerous models used to predict properties of energetic materials, this 

means published results for novel materials are incomparable. To compare published values 

of energetic materials, it would make sense to establish a new international standard that 

allows high throughput of energetic materials. 

State-of-the-Art: Current software solutions 

As one examines the software options available, it becomes clear that only a few selected 

programs can become established global standards. Numerous thermo-equilibrium codes 

exist for predicting the properties of energetic materials, with EXPLO5[8] and Cheetah[9] being 

two well-known options. However, non-US citizens can no longer access the newer versions 

of Cheetah, leaving them with limited choices. Meanwhile, EMBD[10] by Keshavarz, a code 

based on empirical relationships, has been available for many years. Before it was restricted 

by export control from Iran, EMBD 1.0 was a code that provided predictions for properties of 

energetic materials based on molecular structural formula alone. However, a notable 

disadvantage of EMBD was the complicated manual input process.[10] 

The ICT code[11] can provide accurate predictions, but its usage requires special permission, 

and it is not very user-friendly. Additionally, it cannot handle high throughput of multiple 

compounds. While the code is not actively updated, it still receives sufficient funding to 

ensure its compatibility with newer operating systems. Just like EXPLO5, the ICT code also 

depends on external sources to obtain heat of formation and density information. 

The author of this thesis has noticed some inconvenience with the BKW code[12] when 

working with certain new materials. The absence of comments in the code makes 

troubleshooting a challenge. It may be more practical to consider rewriting the code based on 

Mader's published works, as done by Arno Hahma in 1998[13]. The ISPBKW[12] and BKW 

Code[12] are executable files that necessitate modifying a text file as input, which is both time-

consuming and prone to errors. Mader's ISPBKW code, on the other hand, is more stable 

and can predict specific impulses without encountering crashes like the BKW code.[12] 

However, it may not be able to calculate specific impulses for every compound. 
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The codes above prove that empirical modeling and thermo-equilibrium codes are well 

established modeling techniques. Additionally, machine learning  started emerging in 

property prediction of energetic materials..[14–21]  Obviously the limits of current, simpler 

methods were soon reached and led to the innovations in this thesis. 

Goal: Creating a screening platform for energetic materials 

The goal of the “Research output software for energetic materials based on observational 

modelling” (RoseBoom©) was to directly address this problem by being a user-friendly 

software, that predicts the density, enthalpy of formation, sublimation and vaporization, 

specific impulse, detonation velocity and pressure of monopropellants and mixtures only 

based on the structural formula within seconds. RoseBoom©[4–7] is intended, to identify the 

good molecules in a large pool of compounds. Metaphorically, it can be described as a “gold 

pan” to separate the gold nuggets from the gravel (Figure 2). 

 
 
 

 

Figure 2. RoseBoom© is supposed to act as a “gold pan” to quickly identify the “gold 
nuggets”, hence the compounds are worth investigating fur, there and separate them from 
the “gravel”, hence the energetic materials not worth investigating.[5] 

The competition in computer software to predict the properties of energetic materials before 

they have been synthesized is rather low. RoseBoom© is currently the only available solution 

for high-throughput property prediction of energetic materials. Now, there are an endless 

number of models published, to predict the properties of energetic materials quickly. The 

thesis investigates a range of models which are: Empirical Models (like Trouton Rule[22] or 

Kamlet and Jacobs[23]), Thermo-equilibrium codes (like EXPLO5[8] and the ISPBKW[12]), and 

several machine learning models like tree-based models. One major problem, when 

searching for a suitable model to predict a property, is that published literature is not 
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comparable, which means that a major part of this work was to assemble datasets and 

compare promising models from the literature to each other and select the most promising 

ones. Over 10k Datapoints were collected and used for the validation and modeling of 

RoseBoom©, which allowed to accomplish the goal of developing such a platform. 

Application: Digging for promising energetic materials with 

RoseBoom© 

The above-described screening platform has already found applications. For example by 

Lechner et al.[24] the density for certain picramide acid derivatives could not be obtained. 

Therefore, the density predictions in RoseBoom© were used to predict the density of several 

Picramid Acid derivatives.[24]  

Table 1. RoseBoom© applied to fill the missing densities of picric amid isomers for 

performance. [24] 

 iPAM 

zwitterionic 

exp.  iPAM 

iPAM  

neutral 

calc. 

PAM 

neutral 

exp. 

PAM 

neutral 

calc. 

PAM 

zwitterionic 

cal. 

ΔfH° 

[kJ/mol][a] 

0.5 214.3 262.4  262.4  139.2 

ρX-Ray 

[g/cm 3] 

[b] 

1.78 – 1.69 – – 

ρRoseBoom 

[g/cm] [c] 

– 1.68 – 1.68 1.67 

EXPLO5 

version 

V6.05.04 V6.05.04 V6.05.04 V6.05.04 V6.05.04 

PC-J 

[GPa][d] 

22.5 16.6 16.3 16.0 17.5 

Vdet 

[m/s][e] 

7458 6607 6546 6513 6716 

[a] calculated (CBS-4M) heat of formation; [b] X-ray density converted to 298 K; [c] calculated density according to 

Holden; [d] detonation pressure; [e] detonation velocity. 

The density was needed to predict their performance parameters for comparison. Without 

RoseBoom© it would have required much more effort to obtain and predict performance 

parameters. As shown by this example in Table 1, synthesizing the other compounds 
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would’ve been a waste of time, as they exhibit lower performance than the zwitterionic iPAM, 

which was obtained experimentally.  

 

Another interesting study was published by the Frauenhofer ICT: In 2023 Omlor et al.[25] 

showed, how RoseBoom© is equally as accurate for the enthalpy of formation, sublimation 

and vaporization as much more complicated quantum methods that can take up to 80 days 

on a computer cluster.[25]  The results of this study are given in Table 2. 

Table 2. RoseBoom©’s Thermochemical prediction compared to CBS-QB3 calculations. [25] 

 DPA N-NO-DPA 

 CBS-QB3 RoseBoom© CBS-QB3. RoseBoom© 

ΔfH°(g) 

[kJ/mol] 
212.5 212.78 316.8 307.8 

ΔHvap
0 

[kJ/mol] 
67.7 79.2 72.5 80.2 

ΔHsub°(g) 

[kJ/mol] 
103.9 97.6 117 115.2 

ΔfH°(l) 

[kJ/mol] 
144.8 133.6 244.3 227.7 

ΔfH°(s) 

[kJ/mol] 
108.6 115.2 199.8 192.6 

 

Looking at the enthalpies predicted by the CBS-QB3 calculation and RoseBoom©, it 

becomes apparent that these methods show neglectable differences. Especially, when 

looking at the other reported quantum calculations that show a similar difference. However, 

RoseBoom© has the advantage, that it runs the calculations much quicker and allows high 

throughput, which makes its use to screen for target compounds much more feasible.  

 

Both examples showcase how RoseBoom© has already made scientists lives easier and 

even showcases, that RoseBoom© can calculate the difference between different isomers. 

Overall, this illustrates that RoseBoom© is indeed a very promising candidate as an 

international standard for property prediction of energetic materials. 
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1.2 Theory 

Methods 

The first step in developing such a platform is finding which models are best at modeling the 

desired properties. To understand the limitations, weaknesses, and strengths of different 

methods, a selection of different modeling techniques was tested in this thesis. A simplified 

schematic representation of the methods is given in Figure 3.  

 

 

Figure 3. Simplified schematic representation of the models used in RoseBoom©. The top 
shows the empirical approach which can be subcategorized in group additivity methods and 
correctional methods. The bottom explains the less transparent methods: Thermo-equilibrium 
codes on the left and machine learning on the right. 

In general, the empirical models can be separated into two categories: The group additivity 

methods and the correctional methods. In group additivity methods each molecular fragment 

is assigned a value, which is then summed up depending on the occurrences in the 
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molecule. For correctional methods, a value is corrected depending on the molecular 

moieties in the molecule.  

 

Thermo-equilibrium codes will calculate the detonation products in thermal equilibrium from 

which the detonation parameters can be derived.[26] More information is given in Chapters 

2.2. 

 

Machine learning is often seen as a black box. But this is not the case, the simplest form of 

machine learning is linear regression. So, a linear regression machine learning model can for 

example be trained in sci-kit learn[27], later on, the individual parameters assigned to the 

features can be extracted along with the intercept of the equation, providing an empirical 

group contribution that can be obtained using machine learning. When building any model, 

the parameters according to which it should be based and modeled must be chosen. These 

features for an empirical model and a machine learning model can be the same, but 

depending on the models chosen, more complicated statistical models will model the 

different parameters. In the next paragraph a detailed explanation of which models were 

employed and how they were employed is given. 

 

 
Machine learning models and validation methods used in 
this thesis 
 

1) Models 
 

A variety of statistical models were tested in this thesis to model the properties of energetic 

materials. Below, the models tested in this thesis are explained. 

 

Linear regression model 
 
Many people are surprised that linear regression is considered as machine learning, given 

that it is commonly used in everyday programs like Excel or Origin. In fact, using the linear 

regression tools in these programs is essentially the same as using scikit-learn's linear 

regression machine learning model. However, using Python with the scikit-learn library offers 

a more comfortable way of adjusting these models. With scikit-learn, adjusting the 

featurization and performing cross validations is easy and does not require manually splitting 

the data into train and test sets. [27] 
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In this thesis, both Scikit-learn and Origin were utilized to obtain correlations. Origin was 

employed for simpler correlations with fewer features such as the RoseTrauzl, RoseDent, 

RoseMortar, or RoseSSRT correlations. On the other hand, scikit-learn was used for more 

complex models like the re-parametrization of Joback. 

 

Tree-based Regression Models  
 
A decision tree regressor is a type of decision tree that uses selected features to learn simple 

decision rules in a non-parametric supervised manner. These trees are like piecewise 

approximations, with the final decisions known as leaves. There are two types of models: 

classification and regression. Classification models are used when data needs to be sorted 

into different categories, while regression models are used to predict continuous values such 

as heat of formation and density. Therefore, this thesis only utilizes regression models. [27]   

 

For reasons of descriptiveness, the author has chosen to utilize the wine quality dataset from 

scikit-learn to train the tree-based models. The aim is to showcase the rules these models 

follow in a visible and human-readable format using Graphviz.[28] This will help readers 

understand how these models work. Also, it has been successfully demonstrated that tree-

based classification can model the quality of wines, which makes it an attractive model.[29]   

 

A) Decision Tree Regressor 

 
As explained above, a decision tree regressor is one singular decision tree, that will model 

the dataset based on rules. What such a tree-based model can look like the one shown in 

Figure 5 on the example of wine quality. [27] 

 

 
Figure 5. Decision Tree Regressor model to predict the Wine Quality based on the Wine 
Dataset in Sci-kit learn. The model has a R2=0.71 on the test set. 

These rules are then followed by the model when provided with unknown data. So, it will go 

down the nodes (pink) until it reaches a leaf (turquoise). 
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B) Random Forest Regressor 

A Random Forest Regressor builds multiple decision trees simultaneously. Each of these 

trees models a value used to predict the result. The final prediction is the average of the 

results from all the decision trees. Figure 6 illustrates a Random Forest model with three 

trees used to model the quality of wine. [27] 

 
Figure 6. Random forest regressor model (R2=0.85 on the test set) using three trees to 
predict the Wine Quality based on the Wine Dataset in Sci-kit learn. 
 
As seen on the example of the quality of wine, this approach is usually more accurate 

(R2=0.85) then a singular tree (R2=0.71). 

 
C) Gradient Boosted Regressor 

In a gradient boosted regressor multiple decision trees are built in a subsequent manner, 

where each tree corrects the error form previous trees. Figure 7 shows a gradient boosted 

regressor with 3 trees modeling the quality of wine, where the prediction of every tree would 

be summed up.[27] 
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Figure 7. Gradient boosted regressor model (R2=0.82 on the test set) using three trees to 
predict the Wine Quality based on the Wine Dataset in Sci-kit learn. 
 
This model is very sensitive toward overfitting, which is probably, why it performed slightly 

poorer than the random forest model (R2=0.82). However, if fitted correctly on a suitable 

dataset, it will give more accurate results as shown in Chapter 1.5.  

 
Gaussian Process Regressor 

One effective method for modeling complex and non-linear relationships between variables is 

using Gaussian Process Regressors (GPR). This Bayesian non-linear regression method is 

based on the concept of Gaussian processes, which refers to a group of random variables 

that exhibit a joint Gaussian distribution when taken in finite numbers. GPR is especially 

beneficial in scenarios where data may be affected by uncertainty or noise.[30]  Which made it 

especially attractive to model experimental enthalpies of sublimation and vaporization in this 

thesis, as they can show high experimental uncertainties.[31] Also, even though no detailed 

report is given in this thesis but RoseBoom2.4© also contains models for the enthalpy of 

formation and density using GPR. 
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2) Cross Validation  
 
To judge the model’s ability to predict unknown data, it is important to validate on data the 

model was not trained on. An analogy to this would be, that in school/ university students are 

learning a new concept on a few examples, which in the exam they must apply to new 

examples, that they ideally have never seen before. This is used to test the student’s ability 

to solve new problems. The same is done for machine learning models, but there are various 

cross validation methods to do this, just as there are different types of exams. 

 

The models presented in this thesis all have some underlying linear correlation between the 

features, therefore it was of interest to use a technique which has the least bias when testing 

the model. Below, two methods applied are discussed and their pro’s and con’s.[32] 

 

A) Monte Carlo Cross-validation 

In a Monte Carlo Cross-validation, the dataset is randomly split into different training and test 

sets as shown in Figure 8.  

 

Figure 8. Graphical visualization of a Monte Carlo Validation. 
 

According to Shao, for linear correlations a Monte-Carlo-Cross-Validation[33]  will provide the 

lowest variance. The issue with the use of a Monte-Carlo-Cross-Validation in chapter 1.5 is, 

that the model relies on functional groups. This could mean that some of the features are 

never present in the test set with the Monte-Carlo-Cross-Validation, introducing a bias into 

the data, as some data points never make it into the test set. Additionally, it can be very 

expensive as it requires many cycles. A Monte Carlo “light” cross-validation was performed in 

Chapter 2.6, as the Gaussian Process Regression model used for this study was rather 

computationally expensive, so 5 random shuffle splits were selected over a full Monte Carlo 

or K-Fold Cross Validation. The next problem was that K for the K-Fold validation would have 

needed to be rather high, because the datasets are small due to limited experimental data 

available.  
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B) K-Fold Validation 

In a K-Fold validation the dataset is split into K Parts. Then the model is always trained with  

K-1 parts of this dataset and tested on 1 part. This is done until all K part were used as a test 

set as shown in Figure 9. To ensure there is no bias the dataset should be split into at least 

10 parts.[32] 

 
Figure 9. Graphical visualization of K-Fold validation. 
 

As mentioned before, with a Monte Carlo validation some features may never be present in 

the test set, which is not good when developing a group contribution method. Therefore, the 

author has decided to perform a 10K-Fold validation for the group contribution models 

presented in Chapter 1.5, which will leave every molecule out of the training set once.  
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1.3 Conclusion 

A) Reviewing problems with current experimental techniques 
 
A major issue the author encountered is the limited experimental data available in literature. 

In chapter 1.6 a review of the complicated experimental techniques is given, from which it 

becomes evident that there is a need for simpler tests to determine certain values that have 

already been extensively performed in laboratories and are readily available. Therefore, it is 

important to investigate which physical values these tests may correlate to and evaluate their 

feasibility for characterizing new materials in terms of required sample size, accuracy, and 

reproducibility. It is crucial that these values can be measured easily without the need for any 

specialized equipment. Even though some of these tests are mainly used to evaluate the 

safety of energetic materials or TNT equivalents, they also correspond to some of the 

desired thermodynamic values. Among these tests, the plate-dent test shows promise in 

assessing the Chapman-Jougett Detonation pressure. However, the Trauzl-test and Ballistic 

Mortar seem too imprecise to draw a concrete conclusion as suggested by the RoseTrauzl 

and RoseMortar equation, and the SSRT-Test linearly correlates with the heat of detonation 

as presented in the RoseSSRT Equation. Going forward, there is a need to explore 

additional tests to discover one that requires minimal sample size, is highly reproducible, and 

doesn't necessitate specialized equipment. This would make it feasible to conduct the test in 

any laboratory. While the precision may not be as exact as more complex measurement 

techniques, it can still offer an estimate of performance that may be more accurate than 

calculating performance using thermo-equilibrium codes. 

 
B) Reviewing current software solutions 

To evaluate RoseBoom© a comparison of different computer software for energetic materials 

has been made in Chapter 1.6. They competed in 8 carefully selected categories against 

each other and were ranked accordingly. Unfortunately, the EMDB1.0 code is no longer 

available as it is restricted by export control. The ICT code is precise, but it can be 

challenging to use for those who are not familiar with heat of formation and density values. 

The BKW code may be unreliable as it occasionally crashes and lacks comments, making it 

time-consuming to operate. Alternatively, Mader's ISPBKW code is efficient in predicting 

specific impulse and is straightforward to use. However, it may not work effectively for all 

compounds. The software RoseBoom© achieved the highest score by obtaining a point in 

every category. It has been designed efficiently, allowing for a simple sketch of a compound 

as an input. With the use of empirical methods and machine learning, it provides predictions 

for density and heat of formation, which are then used in performance prediction for 

energetic materials. The software combines various modelling approaches, incorporating 

numerous revalidated empirical models, machine learning models, and coupling it to the 
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ISPBKW code. This makes it the ideal software as it is a collection of all different methods. It 

is user-friendly and efficient, being the only vastly available software for energetic materials 

that can extract all necessary information from a sketch of the compound or run numerous 

molecules in a row automatically. Additionally, it is the first and only software for energetic 

materials that combines all modelling approaches into one computer program. So, Chapter 

1.6 nicely illustrates how RoseBoom© is addressing the problems scientists currently have.  

 
C) The history of RoseBoom© - Progress made in this work 

In 2021 RoseBoom2.0© was deployed. It had density predictions by Keshavarz and Holden 

embedded. The enthalpy of formation prediction was only suitable for nitrogen-rich 

compounds. The detonation parameter models gave good prediction. The first precursor of 

the software today was built using the methods given in the light pink boxes in Figure 9. 

Further information is given in Chapter 2.3 which summarized the concept of RoseBoom©, a 

very crude version, more a theoretic approach than an application was defined in the authors 

master thesis. Many new features had to be added to make it functional. The new models 

and approaches developed and evaluated are given in the dark pink boxes in Figure 10. An 

additional lineup of the updates and changes made is giving in Table 3. 
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Figure 10. Updates of RoseBoom2.4 since RoseBoom2.0.  The updated are in dark pink boxes, the baby pink boxes were included in 
RoseBoom2.0.  Screenshots of new user-friendly feature as are also given. 
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Table 3. Additional Summary of the updates done to RoseBoom© in this thesis. 

Property/ Function 
Models investigated 

for RoseBoom2.0© in 
2021 

Models 
investigated for 
RoseBoom2.4© 

Density Holden 
Gradient Boosted Tree 

 Keshavarz Ionic Random Forrest 

 Zohari Azide Tree Regressor 

 Keshavarz Azide 
Gaussian Process 

Regressor 

  RoseDensity for Mixtures 

  Bondarchuk 

Enthalpy of Formation Keshavarz Joback and Reid 

  Reparametrized Joback 

  Gradient Boosted Tree 

  Random Forrest 

  Tree Regressor 

  
Gaussian Process 

Regressor 

Enthalpy of Sublimation - Trouton’s Rule 

  Reparametrized Joback 

  Gradient Boosted Tree 

  Random Forrest 

  Tree Regressor 

  
Gaussian Process 

Regressor 

Enthalpy of Vaporization - Trouton’s Rule 

  Reparametrized Joback 

  Gradient Boosted Tree 

  Random Forrest 

  Tree Regressor 

  
Gaussian Process 

Regressor 
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Property/ Function 
Models investigated 

for RoseBoom2.0© in 
2021 

Models 
investigated for 
RoseBoom2.4© 

Mixture performance 
- 

Kamlet and Jacobs 
(Detonation pressure and 

velocity) 

  Stine (Detonation Velocity) 

  
Keshavarz (Detonation 
pressure and velocity) 

  Frem (Specific Impulse) 

  ISPBKW (Specific Impulse) 

  
Keshavarz (Specific 

Impulse) 

Pure Compound 
Performance 

Kamlet and Jacobs (Detonation 
pressure and velocity) 

RoseTrauzl 

 Stine (Detonation Velocity) RoseMortar 

 
Keshavarz (Detonation 
pressure and velocity) 

 
RoseDent 

 
Rothstein and Peterson 

(Detonation pressure and 
velocity) 

RoseSSRT 

   

  
Frem (Specific Impulse) 

 

  
ISPBKW (Specific Impulse) 

 

  

Keshavarz (Specific 
Impulse) 

 
Evaluation of the sensitivity 

toward input parameters 
   
   
   

Datapoints Less than 500 Over 10k 
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Property/ Function 
Models investigated 

for RoseBoom2.0© in 
2021 

Models 
investigated for 
RoseBoom2.4© 

User-friendliness 

Sloth-function: SMILES could 
be pasted into RoseBoom©, 

Results needed to be retrieved 
individually and put into a 

Table for comparison. 

Supersloth©: .csv file with 
thousands of SMILES can 
be loaded into the software 

  

Molecule can be 
screenshotted and 

converted into SMILES 
using OCSR. 

 

D) Exciting discoveries, the updates made to RoseBoom© and models 

investigated for RoseBoom2.4© 

1. Density 

After the first publication of RoseBoom© presented in Chapter 2.1, the difficult descion was 

made to remove Zohari’s Azide model[34] and Keshavarz General Method[35], as they did not 

give as accurate prediction as the ionic method[36] and holden method[37]. A side effect of this 

was that the RoseHybrid© value was refined and improved, as it only consists of the average 

of the models embedded into RoseBoom©.  Additionally the new model by Bondarchuk[38] 

was tested in Chapter 1.5. In the same chapter the Holden method is translated into a 

feature vector for tree-based models and tested with a Gradient Boosted Tree, Random 

Forest, and Tree regression model. It is not reported in this work, but RoseBoom2.4© also 

contains a density model prediction, which was uses  similar approach as describedin 

Chapter 2.6. Overall, the later models investigated in this work, showed differences of <3%. 

When looking at the different packing densities explosives will have in their end application 

(as presented in Chapter 1.6 for TNT) (see Figure 11), it becomes apparent that these 

differences in the prediction of the theoretical maximum density in RoseBoom© are not 

significant. 
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.  

Figure 11. Packing densities of the detonation pressure measurements for TNT reported in 
literature.[39] 

As shown in Figure 11 the packing density of TNT can range within 0.8 - 1.6 g/cm3. In this 

thesis the author paid attention to use room temperature densities, so some low temperature 

X-Ray values had to be converted to room temperature. The reason for using X-Ray 

measurements for density determination is that pycnometer measurements require much 

larger sample sizes, which may not be obtained in early stages of synthesizing a compound, 

as this can be very dangerous for compounds with unknown sensitivities. Therefore, for 

energetic materials, the X-Ray densities are commonly used to predict their performances 

while pycnometer values for novel materials are rare. However, due to Thompson Scattering, 

these are mostly measured at low temperatures, which results in much higher densities. 

These are sometimes converted to room-temperature, for example using equation 1.  

𝜌298𝐾 =
𝜌𝑇

1+ 𝛼 (298−𝑇0)
 with 𝛼 = 1.5 × 10−4 𝐾−1 1 

This equation was obtained from a study from Xue et al.[40] where they measured the thermal 

expansion of HMX. From this study the linear expansion coefficient α has been derived. 

Which is worth mentioning is different for every material. It is normally measured as an 

average derived from the lattice spacing change over a temperature interval ∆T = T2 – T1. 

(Equation 2)[41] 

𝛼 =
(𝑙2 − 𝑙1)/𝑙𝑡

(𝑇2 − 𝑇1)
=

1

𝑙𝑡

∆𝐿

∆𝑇
 

2 
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Alternatively values of α can be obtained by differentiating an algebraic fit to several readings 

lattice spacing at various temperatures. In each case the temperature interval ∆T should be 

roughly 10% of the measuring temperature  except if α is sensibly constant over a wide 

range, which is unlikely at low temperatures. For an X-Ray measurement at 173 K, the 

temperature interval would be 153% to convert it to room temperature. These findings 

indicate that the formula used amongst many energetic scientists to convert the densities to 

room temperature, may not give the most accurate results.[41] Not only is a equation used 

where the linear expansion coefficient is limited to a tiny dataset, but also goes 15 times over 

the suggested measurement interval. So, the densities used in performance calculations may 

not even be accurate when measured experimentally. Also, some of the densities used in 

this thesis were converted from low temperatures to room temperature using equation 1, so 

the error in the dataset in the thesis is likely to be higher than the 3% differences between 

different models. Given the experimental situation, the models presented in this thesis are as 

accurate as they can be with the experimental uncertainty in the dataset. 

2. The RoseThermo Package 

 

I. Enthalpy of Formation 

After expanding the software by implementing the Joback and Reid[42] group contribution to 

predict the enthalpy of formation, the assumption was, that available empirical models may 

not give much better predictions than what RoseBoom2.1© could do. Even though, Benson’s 

group[43] additivity is slightly more accurate, the problem is that it is incapable of describing 

some novel energetic materials, as some functional groups cannot be described, so the 

author decided not to pursue this method further. After having added a somewhat acceptable 

prediction of enthalpies of formation, it was important to quantify the impact of the different 

input parameters (e.g., density and heat of formation) when using them to assess detonation 

performance. This is very relevant, as the mission of this work was to create a screening 

platform which does not require external input. So, it must be investigated how well 

RoseBoom© performs without external input. Therefore, a study was conducted, where the 

predictions by RoseBoom2.1© using literature values for density and heat of formation were 

compared to the values obtained when using RoseBoom©’s values for heat of formation and 

density, using RoseHybrid’s values. It was shown that the detonation pressure can be 

influenced by over 9% depending on what model is being used.[5] Therefore, it was apparent 

that this value had to be refined before even thinking about refining the detonation equations. 

Another issue with the embedded group additivity theory was that Joback and Reid predicts 

an enthalpy of formation in the gas phase.[42] Therefore, not only a gaussian process 

regression model for the enthalpy of formation is now embedded into RoseBoom© but a 
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thorough investigation of Joback’s groups additivity theory has been performed in Chapter 

1.5. The groups presented in this method were translated into a feature vector for machine 

learning models. It was discovered, it is not statistically significant if one uses a more 

complicated machine learning algorithm or a simple linear regression model as they deviate 

by roughly 12 kJ/mol. This is not significant when considering that experimental 

measurements will deviate by much more. For example, for TNT one can find values ranging 

from -80.5 kJ/mol to -50 kJ/mol. So, refining a model for 12 kJ/mol would a waste of time until 

better experimental values are obtained. 

II. Enthalpy of Sublimation and Vaporization  

As mentioned before, the original Joback group contribution method predicts enthalpies of 

formation in the gas phase, just like many DFT Methods.[44] So, depending on the aggregate 

state the enthalpy of vaporization or sublimation has to be subtracted from these gas phase 

values, to convert to room temperature, if it is a liquid or solid. Calculating these values may 

take up to 80 days using DFT Methods.[44] A simple method is the Trouton Rule, which is 

used to convert a gas phase heat of formation from the gas phase to room temperature has 

been shown to give poor predictions for the enthalpy of sublimation and vaporization as 

shown in Chapter 2.6. This is a rather shocking discovery, because this means that the 

enthalpies of formation from Chapter 2.1, are very unreliable, as many of those were 

converted using Trouton’s rule. However, this left the exciting opportunity to come up with 

new and improved prediction models for the enthalpy of vaporization and sublimation which 

were introduced in this thesis in Chapter 2.6 and 1.5. Aside from giving more accurate 

predictions, they don’t require a melting or boiling point to predict the enthalpies of 

sublimation and vaporization unlike Trouton’s rule. Hence, prior experiments, that were 

required to measure the phase transition temperatures, are eliminated for their 

determination. This is especially great for energetic materials, as many of them don’t have a 

melting point and just decompose, likely to make the prediction using Trouton’s rule more 

imprecise. 

3. RoseMixtures – Mixture Performance 

In this thesis, empirical equations were found to be effective for the performance prediction of 

energetic mixtures, and the impact of various equivalent formulas was thoroughly analyzed 

for CHNO mixtures predicting their detonation parameters and specific impulse. More detail 

is given in Chapter 2.2. Specifically, 518 mixtures previously calculated with EXPLO5 were 

re-evaluated using empirical models. However, an issue arose when calculating the 

equivalent formula of the mixture. For example, in the case of a mixture containing 65% 

ammonium dinitramide (AND, H4N4O4) and 35% glycidyl azide polymer (GAP, C3H5N3O), 
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different methods produced different equivalent formulas (C1.05H4.35N3.35O2.95, 

C1.061H3.863N3.156O2.449, and C1.208H4.403N3.597O2.792). These discrepancies are due to the 

different methods used to calculate the equivalent formula (Frem's method using a fixed 

molar weight of 100 g/mol, and Sućeska's EXPLO5 using mole fractions). To investigate the 

impact of these different formulas on performance prediction, calculations were run using all 

sum formulas, [45,46] because the author of this thesis couldn’t find any other publication/ 

scientific work investigating this issue as thoroughly, she took the matter in to her own hands.   

4. Compound performance 

a) TNT-Equivalents 

Studying tests like the Trauzl test, ballistic mortar, SSRT, plate-den test, and their correlation 

with thermodynamic values can help understand the conversion of chemically stored energy 

into mechanical movement. The plate-dent test is promising for evaluating Chapman-Jougett 

detonation pressure, while Trauzl and Ballistic Mortar tests may not be precise. The SSRT 

test correlates with heat of detonation, hence it is interchangeable with a bomb calorimetric 

determination. Future tests should require minimal sample size and be highly reproducible. 

These discoveries were made by the RoseDent, RoseSSRT, RoseMortar and RoseTrauzl 

equation. 

b) Specific impulse predictions 

Aside from expanding the thermochemical predictions in RoseBoom© in this thesis, specific 

impulse predictions where added, which is one of the key performance parameters for rocket 

propellants. For this RoseBoom© has now several empirical models and the ISPBKW 

thermo-equilibrium code was embedded using an API. The results suggest that the density of 

a compound may not be as relevant to its specific impulse, as the model by Frem gave good 

predictions only requiring a heat of formation.[47] Also embedding them in to the software 

developed in this thesis makes all of the models accessible with all user-friendliness 

RoseBoom© has to offer. 

5. Data Collection 
 

Even though, experimental measurements should be preferred when modelling, it is not 

always possible to obtain experimental values in large quantities or it would take a 

tremendous amount of time to review literature and conduct experiments. This leaves 

computational chemists with a few options when having an idea for a new project: a) to not 

do the project, b) to invest this time or c) to rely on calculated data for an initial validation of 

the hypothesis made. As most scientist would never choose option a) if they are convinced of 

their idea, they may want to resort to relying on calculated data for an initial validation, rather 
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than to directly invest the time into gathering experimental data, if they are unsure if the 

hypothesis is correct. Also, sometimes experimental data will have so high uncertainty, that it 

can be difficult to decide, which of the experimental values to use as the scattering can be 

rather high. This may also mean, a scientist may decide to rely on computed values, if the 

experiments give to poor values.  

 

In this thesis experimental values were used where possible (especially for the thermo-

chemical parameters and densities). However, as already mentioned before, there is a 

tremendous lack of published performance values, and if these are published, they may 

exhibit high variance (as shown in Chapter 1.6 on the detonation pressure measurements for 

TNT). Nevertheless, over 10 000 Datapoints were additionally collected and calculated for 

the work in this thesis. 

 

6. User-friendliness 

By significantly improving the user-friendliness and data input into RoseBoom© through 

adding the Supersloth© function, which allows to run .csv files with SMILES fully automated, 

the speed at which the compound properties are obtained was significantly improved. Also, 

for singular molecules the input was improved by adding a screenshot function, converting 

the picture into a SMILES. The accuracy of this tool has also been carefully tested and 

evaluated in the last chapter.  When designing new software, it is crucial to make the models 

available in a user-friendly format that maximizes efficiency, but first and foremost the quality 

of the models should be thoroughly assessed. Both of which has been accomplished in this 

work. 

Value Added by this work 

In summary, each of the other programs for energetic materials available on the market for 

energetic materials has its own advantages and disadvantages. The development of each of 

these programs has contributed to the scientific knowledge we have today and can be 

considered an important milestone in the history of performance prediction. However, it is 

important to remember that developing new models and improving existing ones should not 

be overlooked. Validating each model embedded in a program is a crucial step in the 

process. Additionally, any reparameterization or improvement of traditional models used in 

predicting performance, enthalpy of formation, and density should only be done, if it 

significantly improves the predictions and doesn't fall within the error of experimental 

uncertainty. Overall, this thesis has led to a very deployable and functional computer 

program to predict the performance of an energetic material only based on the structural 



  
 

   
 

25 
 

 

formula. RoseBoom© is the only available screening platform for energetic materials, that is 

user-friendly and easy to use.   
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1.4 Outlook – The RoseFuture 

The biggest obstacle in this work was the data collection, which was the most time 

consuming and took up the most resources. Therefore, it is of interest to create an online 

platform where energetic scientists can enter their experimentally or theoretically obtained 

material properties and make them accessible in a machine-readable format for 

computational scientists. This would benefit both sides: Even if a material exhibited 

undesirable properties, it can be used to train machine learning models which will benefit 

from having negative examples at hand. Also, having an internationally standardized 

database accessible to everyone would accelerate the discovery of energetic materials. 

Which is why one of the projects that is being tackled now is programing an online database 

for energetic materials where scientists can enter their experimentally determined properties 

and make them easily accessible for data scientists. A win-win situation as this would not 

only mean, that even if a compound doesn’t exhibit promising properties it would get 

published somewhere and forgotten, but also it would mean that these examples can be 

used to train and improve models to hopefully find a better solution faster if entered the 

databases by the users which again the entering scientists will profit from.   

Another important parameter for explosives is all the gurney parameters, which are used to 

describe kinetics of an explosive. Therefore, one should add models to predict values like the 

gurney energy to RoseBoom© as this is the amount of kinetic energy an explosive release 

and which is important to know. For this, one could start by revalidating the equations 

proposed by Mathieu in 2005 on novel explosives.[48] This study assumes that the gurney 

parameters correlate with the detonation products of a compound. One could test various 

simple models to obtain the detonation products like the Springall-Roberts-Rules[22] and use 

the obtained detonation products as a featurization vector for different machine learning 

models and see how they perform. Additionally, it should be investigated if it correlates to 

molecular structure. For example, the machine learning models presented in the next chapter 

could be investigated for modelling the gurney energy of a molecule.  

In the past it was debated if it would be reasonable to invest resources into adding a 

molecule sketcher into RoseBoom©, this however, does not really give a real benefit to the 

user, as most users of RoseBoom© have access to ChemDraw, which is a standalone 

application, where much time and resources were invested into developing it. This on the 

other hand means, that the editor that could be embedded into RoseBoom© would not be as 

good as ChemDraw. However, considering that the optical structure recognition is not as 

accurate as expected, this may become relevant again in the future. 



  
 

   
 

27 
 

 

Overall, the number of properties RoseBoom© can be expanded for is overwhelming: 

predictions for melting points, decomposition and flash points, impact, friction, and spark 

sensitivity, toxicity, and other safety parameters. The options are infinite, meaning 

RoseBoom© will probably only reach its final form, if it ever stops being developed. Overall, 

one can describe future workflow with RoseBoom© like solving a Rubik’s Cube with over 43 

quintillion combinations: There is a giant number of combinations of features, models etc. 

however, only very few “permutations” will lead to a good prediction of a certain property. 

(Figure 12.) 

 

Figure 12. A metaphorical representation of the modelling of material properties. The 
process of finding a good model can be compared to a Rubic’s Cube, several combinations 
must be tried to solve it, just like with finding the best and simplest model. By intelligently 
choosing the combinations, by applying chemical intuition, this process can be speeded up. 

When developing such models, it is incredibly important to choose the parameter and 

features with chemical intuition. Additionally, it should be paid attention to the experimental 

uncertainty of the selected data, it does not make sense to continue refining the models once 

the predictions made are within the uncertainty of experimental data. 
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1.5 Two new models that bring the solution. 

Joback group additivity theory is a widely used method for predicting the thermophysical 

properties of organic compounds. It was introduced in the late 1980s by Joback and Reid[42] 

as a means of estimating properties such as boiling point and heat capacity based on the 

constituent functional groups of a molecule. The theory is based on the concept of group 

additivity, where molecular moieties are assigned values and their occurrences in a molecule 

are summed.[42]  In a recent study, it tested on a dataset of energetic materials.[4] In the 

following, the features presented in Joback’s group additivity were selected for machine 

learning algorithms. 

In recent study by Li et al.[49], Quantitative Structure-Property Relationships were used in a 

combination with a Random Forest Ensemble for density predictions of energetic materials 

was used. In this study well tested empirical models were used for featurization and an 

ensemble of Tree-based models were tested: Decision trees, random forest, and gradient 

boosted tree.[27]  

Firstly, the Joback and Reid[42] fragments were translated into a feature vector to use for 

training the machine learning models for the thermochemical properties as it performed well 

on energetic materials[4]. For the density,[37] the Holden Method was used for featurization as 

this perare formed well for densities.[4] After that three different statistical models were trained 

with the features. A Random Forest Regression, Gradient Boosting Regressor, Decision 

Tree Regression, and linear regression[27] machine learning models were tested to evaluate 

in this study.  The hyperparameter tuning was performed using an exhaustive search over 

the defined parameter space. The data was scaled between 0 and 1. Also, the workflow and 

decision process for featurization, and the model assembly is given in Figure 13. 

 

Figure 13. Assembly of the machine learning models.  



  
 

   
 

29 
 

 

The experimental thermochemical data selected consist of 5031 CHNOClFBrIS compounds 

with enthalpies of formation, 2180 molecules with the same composition for the enthalpy of 

sublimation and 3932 enthalpies of vaporization.[31,50–53] The experimental density data 

selected consists of 975 CHNO energetic compounds (See Literature Section B) with 

densities at Room temperature that were selected as the training set. For the density, the 

Holden method[37] was translated into a feature vector to use for training the machine 

learning model.  

Firstly, the accuracy of the current enthalpy of formation increments in the  Joback[42],  model 

was investigated. Figure 14 shows the reevaluation of Joback’s model on a large set of 

experimental enthalpies of formations of 5031 CHNOFClBrIS compounds. 

 

Figure 14. Scattering plots of the experimental enthalpies of formation plotted against the 

predicted enthalpies of formation using Joback. The graphs are shown at different scales on 

the left and right.  

The correlation coefficient and the mean absolute error (MAE) remained within the results of 

the previous evaluation.[4] However, one can clearly tell, that the scattering of the predicted 

values is high. One reason that many values are too high, might be, that Joback predicts the 

enthalpy of formation values in the gas phase[42], like many quantum methods, which is a 

major downside when predicting new compounds that have not been synthesized before, 

because their aggregate at room temperature state is not known yet known. However, there 

is clearly a correlation between the increments that were selected for Joback’s group 

additivity theory and the enthalpy of formation. Therefore, it may be worth reparametrizing it.  

So, a linear regression, random forest, and gradient boosting regressor and tree regressor 

were selected for modeling of the enthalpy of formation, sublimation, and vaporizations. All 

these models deal well with linear correlations[54] but the last two can also account for slightly 

non-linear correlations between the selected feature vectors. As features the Joback group 

increments were selected, with the only difference that for the ring increments it was 
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differentiated between aromatic and non-aromatic atoms. The result for the thermo-chemical 

parameters is shown in Figure 15. 
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Figure 15. Scattering plots of the experimental enthalpies of formation, vaporization and 
sublimation plotted against the predicted leave-out test sets of the 10 K-Fold validations 
using the models described in methods with the features from the Joback-method. 

Overall, one can say, that all the models performed somewhat similar, because experimental 

measurements can show rather high deviations[25,55,56] Tree regression model performed the 

poorest in all cases, which may be an indicator that it doesn’t account as well for linear 

correlations. The Gradient Process Regressor modelled the dataset the best and the linear 

regression model work just as good as the random forest model. However, the goal of this 

thesis was to predict properties of molecules only based on the structural formula, ideally 

without the need of a special model and beginner programing skills. Therefore, the Joback 

method was reparametrized for the Enthalpy of formation at room temperature and the 

enthalpy of sublimation and vaporization. 

For the density, the features presented in the Holden Method was selected for featurization 

on a dataset of 975 energetic materials with known aggregate states were tested. The results 

are displayed in Figure 16.  

 

Figure 16. Scattering plots of the experimental densities plotted against the predicted 
densities of the leave-out test sets of the 10 K-Fold validations the models described in 
methods with the features from the Holden-method. 

The Gradient Boosting Regressor showed the lowest error again while the Tree Regressor 

showed the highest error, which matched the observation with the thermo-chemical 

parameter. The Holden method exhibited so low of an error, that this was not improved by 

linear regression in sci-kit-learn, which is why the original model was used for comparison. 

Random forest models are ensemble learning algorithm that creates multiple decision trees 
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and combines them to produce a more accurate prediction while, gradient boosted trees 

build decision trees in a sequential manner, where each tree is built to correct the errors of 

the previous trees, improving the accuracy of the model.[54] This may explain the neglectable 

difference between the models. 

However, it is safe to say, that it doesn’t make much sense to refine a model by 0.6% when 

the uncertainty of the experiment is higher than that. Therefore, one can say, that the 

empirical equation, which is much simpler and more transparent to use is of higher practical 

relevance. 

As a conclusion, one can say, that in some cases for material property prediction converting 

a linear regression model, into a group additivity model may just work as well as more 

complex algorithm. Even though a machine learning model may make a difference of 0.5-

1%, in some scenarios, this is not significant as experimental data will usually exhibit higher 

uncertainty. This work can by no means cover every possible combination of parameter 

tuning, and modeling, but it may be an indication that in some cases, scientists can rely on 

much easier and more transparent methods to use. This also may suggest, the selected 

features are more important than the model itself.  

This work provides the energetic community with a reparametrized version of the Joback 

method, which can be used alternatively to a time-consuming quantum calculation, or a 

machine learning model, which may not be reproducible if different scientists use different 

databases. Due to the small fragments described in the Joback method, looking mostly at 

individual atoms with the bonding almost every novel material can be described.  Also, it 

shows that simple empirical approaches will work just as well as more complex machine 

learning algorithms, leading to the conclusion that machine learning scientists should maybe 

check more often if they can model their dataset with the corresponding choice of features 

using a simple linear regression. 

The following part is partially reproduced from this year ICT Conference Proceeding by the 
author.[57] Also, a DAAD Scholarship has been obtained to present the correlation at the 33rd 
International Ballistic Symposium. 

It would also be useful to have a model to correlate the detonation performance to simple 

small-scale tests, for example like the plate dent test. It doesn’t make sense to refine 

detonation models until high-quality experimental datasets are available. Also, it is required 

for many software packages to enter TNT equivalents of new energetic materials, to compute 

their properties. The problem is that there are numerous tests out there which are used to 

assess the TNT equivalents experimentally. But if one is to compare these test it becomes 

clear, that they don’t give homogenous results.[58] Recent studies however show, that they all 
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measure different abilities of an explosive and each property like the heat of detonation or 

the volume of detonation gases influences the tests used for classifying the strength of an 

explosive differently.[3,59–61] Studies have been conducted to use the plate dent test as a 

measure for the TNT equivalents and deduce the detonation pressure from it.[62] Evidence of 

its usefulness to assess the detonation pressure is, that it correlates to the same parameters 

as the detonation pressure.[63] When looking at other measurement techniques for the 

detonation pressure, they deviate by 6% from each other.[64] Therefore it is of interest to use 

a technique that is easily reproduceable on a lab scale, doesn’t require expensive equipment 

and can also be performed on smaller samples. The experimental setup is shown in Figure 

17. 

 

Figure 17. Experimental setup of the plate dent test. 

For the test and backing plates various materials can be used to dent like Steel, Lead or 

even Beryllium.[62]  This study will focus on the Steel data, as the other metals pose a greater 

health hazard, which makes them less attractive to integrate into a standardized 

characterization of energetic materials.  

All calculations were performed using the thermochemical equilibrium code EXPLO5 (version 

6.05.04).[8] As initial density the packing density from the plate dent experiments was 

chosen[62] and the enthalpies of formation from the EXPLO5 database were used.  

Two correlations were obtained: one to predict the Chapman-Jouguet detonation pressure 

from the TNT-equivalents in a plate dent (1) and the other one to predict the TNT-equivalents 

in a plate dent test from the Chapman-Jouguet detonation pressure (2). To obtain the TNT-

equivalents, one must divide the dent resulting from the compound of interest by the dent 

resulting from TNT.  
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pc-j [kbar] = (-14.723) + (2.14488) * TNT eq. [%] 1 

TNT eq. [%] = (13.691) + (0.437923) * pc-j [kbar] 2 

A model with a Pearson coefficient of 0.97 and a R2 of 0.94 was obtained. The data these 

equations were derived from are given in Table 4. which is graphically displayed in Figure 18. 

Table 4. The packing density, dent depth[62], TNT equivalents and Chapman-Jouguet 

detonation pressure calculated in EXPLO5. 

 
Density Dent [in] High-quality pcj [kbar] 

EXPLO5 

Nitromethan 1.133 0.163 62 131 

TNT 1.633 0.265 100 180 

Composition A (91/9-RDX/Wax) 1.631 0.322 122 266 

29.7/649/5.4 HMX/NQ/Estane 1.712 0.291 110 253 

90/10 - HMX/Estane 1.767 0.37 140 288 

93.4/6.6 - HMX/Estane 1.8 0.384 149 324 

Tetryl 1.681 0.319 121 235 

Cyclotol (77/23 RDX/TNT) 1.754 0.369 140 292 

Cyclotol (75.2/24.8 RDX/TNT) 1.2 0.121 80 142 

60.8/39.2 - TNT/DNT 1.579 0.228 86 167 

Composition B (64/36-RDX/Wax) 1.714 0.339 128 253 

Tritonal (80.9/19.1 - TNT/Al) 1.73 0.241 91 175 

Octol - 76.3/23.7 HMX/TNT 1.809 0.396 150 309 

PETN 1.67 0.386 146 271 

86.4/13.6 -HMX/Estane 1.738 0.345 131 267 

85.6/9.2/5.2 - HMX/DATB/Estane 1.798 0.404 153 306 
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Figure 18. The TNT equivalents plotted against the Detonation pressure (left) and the 
detonation pressure plotted against the TNT equivalents (right). 

It is apparent as proven already by Smith[62] that there is clearly a linear relationship between 

the plate dent test and the detonation pressure. However, not all energetic compositions 

agreed with this correlation as already proven by Smith and now also is shown in Table 5. 

Table 5. Some outliers which are predicted to be much higher using the RoseDent-Equation 
than the thermo-equilibrium code EXPLO5. 

 Density Dent [in] TNT eq. 

[%] 

pcj [kbar] 

EXPLO5 

pcj [kbar] 

RoseDent 

23.3/73.0/3.7 - RDX/Pb/Exon 4.606 0.405 153 194 313 

Baratol (76/24 - Barium 

Nitrat/TNT) 

2.61 0.127 48 211 88 

Both outliers contained metals in their composition, that lead to a non-ideal detonation. The 

BKW EOS is fit to ideal explosives, which is likely to be the reason why the predictions of the 

Chapman-Jouguet pressures show high errors for these mixtures.  

Unlike with the other tests to asses TNT-equivalents[3,59,60] it becomes apparent that the 

packing density ultimately influences the result of the test, as it correlated to the power of two 

to the detonation pressure[4]. To achieve better reproducibility in such performance tests one 

should measure the densities the tests are performed at, as its significance is demonstrated 

in the experiments by Smith.[62] The results indeed show, that it would make sense to fit 

predictive models for the detonation pressure to plate dent test data. This becomes 

especially evident, when looking at currently employed detonation pressure predictions, that 

show high deviations from each other.[4,65]  The results of this study are also an indicator, that 
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the BKW EOS equations may not be the most powerful tool to predict non-ideal explosives, 

however they are a good indicator for ideal explosives.  

The plate dent test could be established as a standardized test for characterizing new 

energetic materials, as it doesn’t require too large quantities of sample and is a great 

indicator for the performance of energetic materials that could even be performed in 

laboratories that are only equipped to handle energetic materials in smaller quantities. This is 

especially interesting for novel materials that introduce new molecular moieties into the world 

of energetic materials, as they usually are unstudied, scientist simply assume, that the 

models we validated and trained on a very different training set can be applied to these novel 

material classes.  
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Abstract 

This mini-review provides a quick overview of different measurement techniques for 

detonation parameters and summarizes recent works in finding alternative methods by 

modelling tests with the simpler experimental setup. Additionally, the deviations of 

experimental measurements of detonation pressures have been analyzed.  

Graphical Abstract 

 
 

Review 

When searching for performance values for energetic materials often there is a significant 

gap in the data reported from experimental measurement.[1,2] Such measurement is often 

technically complex, time-consuming and require large amounts of materials. The filling of 

experimental samples may require incremental pressing to avoid a wide density variation 

within the charge, some materials shrink after casting or can segregate.[3] 

For showing the wide range of data reported in the literature, the in 1967 proposed equation 

by Kamlet and Jacobs, from which the C-J Point can be derived is used.  It corresponds to 
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the detonation pressure - can be calculated from the density of the explosive 0 [g/cm3], the 

numbers of moles of gas released (N), the mass of gas in grams released by the reaction (M) 

and the heat of explosion (Q) (Equations 1 and 2).[3,4] 

 

pC-J [kbar] = K0
2 

K= 15.88 

 

1 

 [J/g] = N(M)0.5(Q)0.5 2 

For evaluation and comparison, we have derived the parameter  [J/g] from the detonation 

pressures reported at the density they were measured at. The data is given in Table 1 and 

graphically displayed in Figure 1. 

Table 1. Experimental TNT detonation pressures [kbar] and the corresponding  [J/g]. 

TNT detonation pressures [kbar] and 
Density measured at 

Lit.  [J/g] 

190 (@ 1.64 g/cm3) [5,6] 4.448519 

187 (@ 1.61 g/cm3) [5] 4.542965 

202 (@ 1.59 g/cm3) [6] 5.031606 

190 (@ 1.63 g/cm3) [6] 4.503269 

222 (@ 1.65 g/cm3) [6] 5.134931 

189.1 ± 1 (@ 1.637 g/cm3) [7] 4.443689 

202 (@ 1.59 g/cm3, pressed) [8] 5.031606 

190 (@ 1.640 g/cm3, pressed) [8] 4.448519 

189 × 103 atm. (@ 1.64 g/cm3) [8] 4.425105 

178 (@ 1.64 g/cm3) [8] 4.167559 

182 (@ 1.64 g/cm3, @ 93 °C, liq.) [8] 4.261213 

62.2 (@ 0.95 g/cm3) [9] 4.340029 

76.3 (@ 1.0 g/cm3) [9] 4.804786 

179.0 (@ 1.59 g/cm3) [9] 4.4587 

94 (@ 1.14 g/cm3) [9] 4.554783 

123 (@ 1.30 g/cm3) [9] 4.58319 

162 (@ 1.45 g/cm3) [9] 4.852086 

177 (@ 1.63 g/cm3) [9] 4.195151 

210 (@ 1.62 g/cm3) [9] 5.038935 

225 (@ 1.63 g/cm3) [9] 5.332819 

115 (@ 1.051 g/cm3) [9] 6.556045 

40.5 (@ 0.8 g/cm3) [10] 3.984965 

63.4 (@ 1.0 g/cm3) [10] 3.992443 

71.8 (@ 1.061 g/cm3) [10] 4.016458 

124.7 (@ 1.36 g/cm3) [10] 4.245591 

144.6 (@ 1.45 g/cm3) [10] 4.330936 

182.4 (@ 1.59 g/cm3) [10] 4.543391 

197.1 (@ 1.64 g/cm3) [10] 4.614753 

192 (@ 1.69 g/cm3, cast TNT) [8] 4.233283 
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Figure 1. Violine Boxplot of the  [J/g] derived from the experimental detonation pressures. 
The Mercury Red line shows the median value and the copper turquoise star shows the 
mean value. 
 

When looking at Figure 1, one can tell that there is high variance in the measurements for 

TNT, which is not desirable, as the results obtained for different explosives should be 

comparable. While a number of different techniques exist, based around conductivity, light 

intensity, interferometry[3,11] in this paper a number of optical techniques are discussed. 

When dealing with novel materials, these are often produced in small quantities, a few 

grams. As such this sample size is often used for sensitivity studies and determining go/ no-

go thresholds in for example, drop-weights.[3,12–14]  

Performance parameters such as detonation velocity are generally reserved for materials 

available in larger quantity. Sometimes these can be adapted to involve only a few grams. 

e.g. the small scale gap test, which exists in several versions, has been used to assess 

detonation velocity.[15] 

The measurement of detonation velocities is complicated, time-consuming and require large 

amounts of materials. The optical fiber technique can be used to determine the detonation 

velocity. The light signal emitted by the detonation front can then be recorded either by using 

a high-speed streak camera (as shown in Figure 4) or by converting it into an electric signal 

through photodiodes (as depicted in Figure 5). [3,13] 
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Figure 2. Setup of the measurement of the detonation velocity using a high-speed streak 
camera. [3,13] 

 

Figure 3. Setup of the measurement of the detonation velocity using an oscilloscope. [3,13] 

The optic fibers are positioned apart at a fixed length L. From the time it takes the detonation 

front to travel between the electric fiber the velocity can be calculated. The measurement of 

the detonation velocity is a lot less complicated than the measurement of the detonation 

pressure due to which it is used more frequently. [3]  

As already mentioned before, the measurement of the detonation pressure is a lot more 

complicated than the measurement of the detonation velocity.[1] Generally three methods 
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employing photonic doppler velocimetry can be applied: The flyer plate method, the 

impedance window method and the detonation electric effect method (see Fehler! 

Verweisquelle konnte nicht gefunden werden.).[1]  

 

 

Figure 4. Schematic representation of the different measuring apparatus used for measuring 
the detonation pressure: a) The flyer plate method (FPM), b) the impedance window method 
(IWM) and c) the detonation electric effect method (DEM).[1,13] 

The experimental setups of FPM (Fehler! Verweisquelle konnte nicht gefunden 

werden.a) and IMW (Fehler! Verweisquelle konnte nicht gefunden werden.b) are closely 

related. They consist of a detonator attached to a booster connected to a charge, which is 

held together by a support. In the FPM setup an aluminum flyer plate is placed in front of the 

charge, which gets burst into small pieces after the explosive is ignited.[1] The velocity of the 

aluminum plate is measured with a photonic doppler velocimetry probe (PDV probe).[1] For 

the IMW measurement a thin aluminum foil is glued on the charge with a PMMA window in-

between the foil and the PDV probe. [1]  The experimental setup of DEM (Fehler! 

Verweisquelle konnte nicht gefunden werden.c) is partially the same as the two other 

methods – part of it consists of a detonator attached to a booster connected to a charge.[1] 

But this part is then followed by a PMMA stack and a brass probe, which is connected to a 

resistance of 100 Ohm and a coax. cable.[1]  FPM and IWM are supposed to give 

measurements within a 1% - range within the corresponding values calculated using a 

thermodynamic code, while DEM is almost 7% lower than the other two methods.[1] This 

however, cannot be generalized, because every calculation models will have outliers.  

The test above requires large amounts of explosives, which often cannot be handled, if the 

material is too sensitive. Additionally, only very few novel compounds are upscaled to the 
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needed quantity, as they don’t exhibit the desired properties. To overcome this issue, 

Gottfried developed a very promising method called LASEM (‘Laser-induced air shock from 

energetic materials“)[16] . The experimental is shown in Figure 3.[16] 

 

Figure 5. The setup of a LASEM experiment to measure detonation velocities on a lab scale. 
It consists of the sample, which is ignited by a laser. The shock-front propagation is then 
measured with a z-type schlieren setup.[16] 

LASEM allows to determine the detonation velocities using small samples 10 - 20 mg on a 

lab scale.[2,17] These sample sizes, are most of the time safe to handle with appropriate 

protective clothing. This makes it a promising future technology to be used in every lab as a 

pre-screening tool before upscaling to the other velocity measurements.[16] Past work has 

been performed to compare the measured velocities using LASEM to calculated values.[18] 

Further comparison to the other methods described is given in Table 2. 
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Table 2. The advantages and disadvantages of each other of all the detonation velocity measurements explained before. 

 High-speed camera Optic Fibers LASEM 

Pro 
Provides visual evidence: High-speed 
cameras capture a several of images of the 
detonation, giving visual proof of the events 
taking place. This supports the understanding 
of the process of the explosion. 

Non-contact measurement: High-speed 
cameras do not require to be in contact with 
the material to measure the detonation front, 
which makes it safer for researchers to 
perform measurements. 

High accuracy:  High-speed cameras capture 
images at extremely high frame rates, which 
provides accurate measurements of the 
detonation. 

 

Large field of view: Optic fibers can 
measure detonation velocity over a large 
distance and area, providing 
comprehensive data and increasing safety. 

Lower cost: Optic fibers are relatively 
inexpensive. 

Portable equipment: Optic fibers are 
relatively small, handy and portable, 
making them extremely convenient. Also, 
they are not as fragile as a camera. 

 

 

No-contact needed: LASEM does not require 
any contact with the detonation material, after 
taping it down, because a LASEM is used to 
ignite the explosive, which makes it safe for 
researchers to perform measurements. Also, 
the sample sizes are very small, posing a 
lower threat to the experimenter. 

 

 

Con 
Limited camera angle: High-speed cameras 
have a limited angle, which may not capture 
all of the detonation. 

Expensive equipment: High-speed cameras 
are very expensive. 

 

Lower accuracy: Optic fibers are less 
accurate than high-speed cameras when 
measuring detonation velocity. 

Contact measurement: Optic fibers need 
to be in contact with the detonation 
material, which pose a safety risk for 
researchers when inserting the fibers, 
especially if the substance is sensitive 
towards friction. 

Requires specialized equipment: LASEM 
requires specialized equipment and expertise 
to operate. 

Expensive: LASEM is expensive compared to 
some other measurement methods. 
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Some other small scale testing methods include the the gap test[3,15] which is initiating the 

explosive by shock and its variations like the card gap test. Figure 1 illustrates the Pantex 

Modified NOL (Navy Ordnance Laboratory) card gap test.[19]  

                                        
Figure 6. The experimental setup card gap test. [19] 
 

Using the gap test, you can compare other explosives and see how far they are from a 

threshold, as well as compare the margin to other explosives. It cannot be used to predict 

the response of an explosive to shock in a different configuration since the data only pertain 

to the configuration of the test. In each configuration, the shock is not one-dimensional, it is 

not sustained, and it determines a threshold. Moreover, Explosive D was arbitrarily 

designated as the standard in the IHE gap test requirement.[19] 

A very interesting variation of the gap test was developed by Plaksin for small-scall testing 

involving optical fiber measurements. The method used to observe the propagation of 

detonation waves (DW) in PBX mini and p-samples involved a polymeric ribbon with 64 optic 

fibers, each with a diameter of 250±lpm, connected to a fast electronic streak camera for 

detecting light. Several variations of multi-fiber optical probes (MFOP) were developed to 

detect light from shock or detonation fronts. Furthermore, a micro gap test called the p-gap 

test was created to study the ignition phase of DW formation in coarse energetic crystals 

surrounded by a binder, as a function of crystal size and binder. The experiment used four 

PBX p-samples, each containing pairs of coarse crystals ranging in size from 540 to 740 pm, 

surrounded by 52.3% fine HMX crystals with either inert HTPB or energetic GAP binder. The 

experiment tested four different PBX samples based on HMX with either energetic (GAP) or 

inert (HTPB) binder.[20,21] 
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Many other small-scale testing option are available. Such as exploding foil detonators,[22] 

and laser driven flyer plates, consisting of impactor with laser drive producing short duration 

shock [23,24].  

It is clear that there is a need for simpler tests to determine these values, ones that have 

already been extensively performed in laboratories and are readily available. It is important 

to investigate which physical values these tests may correlate to and evaluate their feasibility 

for characterizing new materials in terms of required sample size, accuracy, and 

reproducibility. Hence, it is essential to explore the correlation between tests like the the 

Könen-test[25], Trauzl-test[26–29], ballistic mortar test[13], SSRT-Test[14], plate-dent test[32–34] and 

thermodynamic values that result in mechanical deformation or movement. It is important 

that these values can be measured easily without the need for any specialized equipment. 

Although some of these tests are primarily used to evaluate the safety of energetic materials 

or TNT equivalents, they also correspond to some of the desired thermodynamic 

values..[28,35] Out of these tests the plate-dent test seems promising for assessing the 

Chapman-Jougett Detonation pressure. The Trauzl-test and Ballistic Mortar seem to be to 

imprecise to draw a concrete conclusion[26,30] and the SSRT-Test linearly correlates with the 

heat of detonation.[31] Moving forward, the authors seek to explore additional tests to 

discover one that requires minimal sample size, is highly reproducible, and doesn't 

necessitate specialized equipment. This would make it feasible to conduct the test in any 

laboratory. While the precision may not be as exact as more complex measurement 

techniques, it can still offer an estimate of performance that may be more accurate than 

calculating performance using thermo-equilibrium codes. This is exemplified by the outliers 

in Smith's plate-dent test series.[33] 
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Abstract 

In this paper, different software solutions for energetic materials, which are unclassified are 

competing in 8 categories against each other and ranked according to the points they 

received. 

Introduction 

When developing new energetic materials, it is of interest to predict their performance before 

synthesis, so that only compounds with the potential of replacing current benchmark 

molecules are synthesized. By pre-screening the profusion of chemicals and waste 

production is reduced and no time is wasted when synthesizing compound which don’t 

exhibit the desired properties.  Also it is of interest to agree on one software as an 

international standard for performance prediction including the enthalpy of formation of 

energetic materials for publishing novel compounds, because different models and programs 

give different results.[1,2] Aside from that the energetic community should agree on a 

standardized or normed performance prediction including the enthalpy of formation, because 

different models and programs give different results, which often makes it impossible to 

compare the published values for novel energetic materials.[1,2] Another thing to keep in mind 

when agreeing on a new standard in the community, is the sustainability of the product. 

Aside from that, scientific software should not be limited to the “old-school” programming, it 

should use modern cheminformatics to its fullest. Generally, the method that are most 

applied to predict the performance of energetic Materials are Thermo-equilibrium codes,[3] 

Empirical Modelling[4–6] and Machine Learning.[7] It is important to note that the later one has 

gained popularity in property prediction of energetic materials in recent years.[8,9] All of these 

methods have their up and downsides. Some of them are listed in Table 1: 

 

 
 
 
 
Table 1 Tabular overview of the problems associated with different modelling approaches. 

mailto:*sabrina.wahler@roseexplosive.com
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 Empirical Models Machine Learning Thermo-equilibrium 
codes 

Pros 
 
 
 
 
 
 
 

- It is possible to fit 
these on very 
small datasets 

(10-20 
Datapoints[10–13]) 

- Transparent 
 

- Precise 
predictions 
possible, 

requiring less 
computational 
power than a 

composite 
method 

- Can give 
accurate 
predictions 

Cons - May be less 
accurate 

depending on the 
model and 
property.[2] 

 

- Large Datasets 
are needed (if 
limited data is 
available, this 
will mean the 
quality of the 

data will suffer 
under this.) 

- Require a 
density and heat 
of formation. 

- In transparent 
- Statistical 
Modelling, which 

means each 
time training the 
model a slightly 
different result 
will be received 

- In transparent 
solving of the 
chapman-
jougett 
conditions.  

- Big library of 
detonation 
products 
needed. 
  

 

Empirical Models are great to use, as they only require a pen and a paper to be applied. 

Embedded into a computer program which allows automation, they become a even more 

powerful tool to screen a large number of molecules using minimal computational power. 

[1,2,14] The accuracy may be lower in some case, however they are great for pre-screening a 

large number of compounds. Machine learning methods will give very accurate predictions 

but may take a slight bit more computation time to give a result. There is another big 

downside to this, when it comes to data collection for machine learning models: they require 

large datasets. This is not always available for energetic materials, as many tests require 

large quantities of explosives.[15], which often cannot be handled. Also, there are other 

values where only a limited amount of data is available. This means on the other hand side, 

that to one must find a balance between the quality of the data and the lack of data 

available, so that it does not impact the quality of the model to drastically. 
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There are several comparisons between different detonation codes and different models 

available in the literature[3,14] All of these focus on their accuracy, which from a scientific point 

of view is the most important. However, to some extend all these published and used model 

and works have been validated, therefore will ask a different question in this work: How easy 

is it to use and how long-lived is the software in terms of maintenance? The different 

computer programs will be compared by competing in 8 different categories.  

Scoring categories  

To objectively rate the selected computer programs, 8 categories were carefully selected. 

The first one is, if complicated and time-consuming manual input is required as this hinders 

screening of large amounts of compounds. The next issue faced with many computer 

programs to predict the performance of energetic materials, is that they will require external 

information as the enthalpy of formation or density. Depending on the source of these 

values, the accuracy of the predicted performance can be affected. The next category is the 

question if the software is accessible to all nations that are at least member in the NATO. 

When predicting values, it is of interest to predict any unknown value using multiple 

methods, because if all the predictions stay withing the same range, it is safer to assume 

that the values are close to them. The next category is the number of updates released each 

year. Every software should be regularly updated and adjusted to novel compound classes. 

It is also important to adjust everything to current cutting-edge modelling techniques. To 

deploy regular updates of the software and constantly improve it, active funding is required. 

The last category the number of modelling techniques the software uses are compared to 

each other. Only the winning program was given a point, which contains the most modelling 

approaches. The result of the comparison is shown in Table 2. 
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Table 2. Software solutions to predict the performance of energetic materials. 

 EXPLO5[16] EMDB[17] 
BKW  by 
Mader[18] 

ICT Code NASA CEA 
ISPBKW by 

Mader[18] 

RoseBoom© 

Complicated manual input required Yes Yes Yes Yes Yes 

Yes (But not 
anymore with 
the RoseAPI 
coupling it to 
RoseBoom©) 

No 

External information required 
(experiment or composite method) 

Yes No Yes Yes Yes Yes No 

Available to all NATO Nations Yes No Yes No 
Only after 
application 

process 
Yes Yes 

Code still Maintained Yes Yes No Yes Yes(?) No Yes 

Multiple models used for one 
parameter 

Multiple 
BKW codes 

Yes, but for 
different 
materials 

No No No No Yes 

Multiple updates per year released 
No (~1 

update per 
year) 

No No No No No 
Yes 

(3 major in 2022) 

Actively funded by an agency in 
2023 

Supported 
by OZM 

(?) No 
Enough to 
maintain 

(?) No Yes 

Scientific basis 
 

Thermo-
equilibrium 

Empirical 
models 

Thermo-
equilibrium 

Thermo-
equilibrium 

Thermo-
equilibrium 

Thermo-
equilibrium 

Empirical 
Models, Machine 

Learning and 
Thermo-

equilibrium 
(ISPBKW by 

Mader) 

Scoring 5/8 2,5/8 0/8 2/8 2/8 0/8 8/8 
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Starting with the only code which is only based on empirical models: EMDB1.0. It is 

unfortunately not available anymore due to export control from Iran. It contained a wide 

variety of empirical equations developed by Keshavarz[4], allowing to predict the properties of 

energetic materials only based on the structural formula of a molecule, which made it a very 

interesting software to use. However, one downside, was that there was a lot of complicated 

manual input required.  

To use the ICT code a special permission must be obtained, which makes it rather difficult to 

require. While it will provide accurate predictions,[19] it is not very user-friendly and doesn’t 

allow high throughput of many compounds. It is not further improved now, but enough 

funding is put into it to keep it running under newer operating systems. Also, it requires a 

heat of formation and density, that need to be obtained from other sources. 

  

When using the BKW code, it happens for some novel materials classes as used in the 

validation set of RoseBoom©[2], that the code crashes and won’t stop writing to the output 

file. This is a massive inconvenience because it requires the user to stop the code using 

task-manager. The lack of comments to the code don’t allow easy debugging. Therefore, it 

might be easier to simply rewrite the code based on Mader’s publications. Both the ISPBKW 

and BKW Code are executable files, which require to change the information in a text-file as 

input. This is very time consuming and prone to mistakes. 

 

Mader’s ISPBKW code, which is a thermo-equilibrium code to predict the specific impulse, 

does not crash like the BKW Code, but isn’t able to give a specific impulse for ever 

compound. This scored 0 points in all categories, however it is known to give accurate 

predictions[20], which made it a promising code to couple to RoseBoom©, providing the 

maximum user-friendliness.  

RoseBoom© scored the highest, achieving a point in every category. It is efficiently designed 

so that only the sketch of a compound is enough as an input. The software includes density 

and heat of formation predictions using empirical methods and machine learning, which then 

allows to feed these into the performance prediction for energetic materials. It combines all 

three modelling approaches, by embedding numerous empirical models which were 

extensively revalidated,[2,21] machine learning models and additionally coupling it to the 

ISPBKW code. This makes it the ideal software because it is a collection of all different 

methods. In terms of user-friendliness and efficiency it is also clearly the best – it is the only 

commercially available software for energetic materials extracting all necessary information 

from a sketch of the compound or allowing to run numerous molecules in a row 
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automatically. Also, it is the first and only commercially available software for energetic 

materials combining all modelling approaches into one computer program. 

Conclusion 

As a conclusion, one can say that all the presented programs have their up and downsides. 

The development of each individual program, contributed to the scientific knowledge, we 

have today and could be considered as miles stones in the history of performance 

prediction, along with many others which did not make it into the scope of this review.[3, 5,22] It 

is important to not forget, that developing new models and improving current ones should not 

be neglected. Also, the validation of each model embedded into a program is a crucial step 

in the process. Another thing to keep in mind, is, that reparameterization or improvement of 

traditional models used in predicting performance, enthalpy of formation and density only 

makes sense, if it is significantly improved, so that the correction applied does not move 

within the error of experimental uncertainty. When designing new software, it is important, to 

make the models available in a format, that gives the user a pleasant experience and is 

designed for maximum efficiency, but first and foremost, the quality of the models should be 

thoroughly assessed. Overall, RoseBoom© seems like a promising program to be 

established as an international standard, it offers a wide variety of methods which were 

thoroughly tested. It is well maintained and constantly expanding the parameters it can 

predict.  
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2.1 Research output software for energetic materials based on 

observational modelling 2.1 (RoseBoom2.1©) - published 

Author contributions 

Sabrina Wahler: Development of RoseBoom©, Data collection, Manuscript Preparation 
 
Thomas M. Klapötke: Project Supervision 
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2.2 Research output software for energetic materials 

based on observational modelling 2.2 (RoseBoom2.2©) 

– Update to calculate the specific impulse, 

detonation velocity, detonation pressure and density 

for CHNO mixtures Using the Supersloth-function - published 

Author contributions 

Sabrina Wahler: Development of RoseBoom©, Data collection, Manuscript Preparation 
 
Thomas M. Klapötke: Project Supervision 
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2.3 Research output software for energetic materials based on 

observational modelling 2.0 (RoseBoom2.0©) – published 

Author contributions 

Sabrina Wahler: Development of RoseBoom©, Data collection, Manuscript Preparation 
 
Thomas M. Klapötke: Project Supervision 
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2.4 Comparison of the specific impulse calculated with the 

ISPBKW code, and 2 different empirical relationships encoded 

into the “Research output software for energetic materials 

based on observational modelling” (RoseBoom©) - The 

RoseRocket© update – published, (Most Downloaded Article 

July 2023) 

Author contributions 

Sabrina Wahler: Development of RoseBoom©, Data collection, Project Planning, Manuscript 

Preparation, acquisition of funding 

Thomas M. Klapötke: Project Supervision 
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2.5 The predictions of RoseBoom2.2© without the input of any data 

received from experiments or composite methods – published, 

Trending May 2023 

Author contributions 

Sabrina Wahler: Development of RoseBoom©, Data collection, Project Planning, Manuscript 
Preparation  
 
Thomas M. Klapötke: Project Supervision 
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2.6 Training machine learning models based on the structural 

formula for the enthalpy of vaporization and sublimation and a 

thorough analysis of Trouton’s rules – accepted manuscript 

 

Author contributions 

Sabrina Wahler: Development of RoseBoom©, Data collection, Project Planning, Manuscript 

Preparation, acquisition of funding 

Peter W. Chung: Project Supervision, Manuscript Revision 
 
Thomas M. Klapötke: Project Supervision 
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2.7 RoseBoom2.3© (“Research output software for energetic 

materials based on observational modelling/machine learning") 

– published 

 

Author contributions 

Sabrina Wahler: Development of RoseBoom©, Data collection, Project Planning, Manuscript 

Preparation, acquisition of funding 

William G. Proud: Supervision, Manuscript Revision 

Thomas M. Klapötke: Project Supervision 
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3 Investigation of TNT equivalents 
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3.1 RoseTrauzl-Equation – a universal equation to predict the 

strength of an explosive in a Trauzl-test – published 

 

Author contributions 

Sabrina Wahler: Development of the model, Data collection, Project Planning, Manuscript 
Preparation  
 
Thomas M. Klapötke: Project Supervision 
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3.2 RoseMortar-Equation – a universal equation to predict the 

strength of an explosive in a ballistic mortar test – published, 

Most Viewed May 2023  

 

Author contributions 

Sabrina Wahler: Development of the model, Data collection, Project Planning, Manuscript 
Preparation  
 
Thomas M. Klapötke: Project Supervision 
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3.3 RoseSSRT-Equation – a simple linear correlation between the 

dent volume in a small scall-shock reactivity test and the heat 

of detonation –published, Most Viewed June 2023 

 
Sabrina Wahler: Development of the model, Data collection, Project Planning, Manuscript 
Preparation  
 
Thomas M. Klapötke: Project Supervision 
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4    Miscellaneous  
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4.1 High-energy-density materials: an amphoteric N-rich bis 

(triazole) and salts of its cationic and anionic species – 

published 

Author contributions 

Sabrina Wahler: Calculations  

Thomas M. Klapötke: Supervision and Advice 

  

https://pubs.acs.org/doi/abs/10.1021/acs.inorgchem.1c02002
https://pubs.acs.org/doi/abs/10.1021/acs.inorgchem.1c02002
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4.2 Testing and breaking open-source tools for optical chemical 

structure recognition on novel nitrogen-rich energetic 

materials – published 

Author contributions 

Sabrina Wahler: Project plan and execution, software and manuscript preparation, 

acquisition of funding 

William G. Proud: Supervision and Manuscript revison 

Thomas M. Klapötke: Supervision and Advice 
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