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Abstract: 1dentification of chemical compounds has many applications in sci-
ence and technology. However, this process still relies significantly on the
knowledge and experience of chemists. Thus, the development of techniques
for faster and more accurate chemical compound identification is essential. In
this work, we demonstrate the feasibility of using artificial neural networks to
accurately identify organic compounds through the measurement of refractive
index. The models were developed based on the refractive index measurements
in different wavelengths of light, from UV to the far-infrared region. The
models were trained with about 250,000 records of experimental optical cons-
tants for 60 organic compounds and polymers from published literature. The
models performed with accuracies of up to 98 %, with better performance obs-
erved for the refractive index measurements across the visible and IR regions.
The proposed models could be coupled with other devices for autonomous
identification of chemical compounds using a single-wavelength dispersive
measurement.

Keywords: machine learning; ANNS; classification, deep learning, materials iden-
tification.

INTRODUCTION

Organic material identification is a vital process across various industries
such as pharmaceuticals, food, agriculture and environmental science. The ability
to identify organic compounds quickly and accurately is imperative for the dev-
elopment of new products, monitoring environmental pollutants and detecting
contaminants in food and drugs.!—3 However, the traditional methods of material
identification, such as gas chromatography and mass spectrometry, can be tedi-
ous and costly.®> Therefore, it is crucial to explore new ways to facilitate organic
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materials identification. One such approach that has gained attention recently is
the use of machine learning techniques.

Machine learning (ML) is a branch of computer science that focuses on
developing algorithms that can learn from and make decisions based on complex
data.® One recent development in ML is deep learning, a cutting-edge field that
uses artificial neural networks (ANNs) to improve the performance of traditional
ML models.” ANNS are artificial systems that are modelled after biological neu-
ral networks and are able to learn and perform tasks without pre-programmed
rules by being exposed to various datasets and examples.® Deep learning is
among the most effective, efficient, and cost-effective approaches to ML.9 Addit-
ionally, ANNs have the advantage of being able to increase their accuracy in
production. Unlike traditional ML models like random forests, ANNs do not
need to be fully re-trained as more data becomes available; this can lead to sig-
nificant cost savings in terms of computational resources. Therefore, ANNs are a
suitable approach to ML.

ANNSs have found applications in various fields such as environmental sci-
ence, where they are used to predict the percentage of water pollutant removal
based on experimental variables such as temperature and treatment time.!0-12
Moreover, Raman spectroscopy imaging has been widely used in combination
with machine learning (ML) techniques to identify the properties and structures
of organic compounds. Raman spectroscopy is a non-destructive imaging method
that provides information about the vibrational modes of a compound, which can
be used to determine its chemical structure and composition.

One of the key benefits of using Raman spectroscopy imaging in conjunction
with ML algorithms is its ability to accurately identify the chemical structure and
composition of various organic compounds.!3:14 Studies have reported ML
models based on Raman spectra that were able to classify materials like biomole-
cules, organics and inorganics.!5-18

Despite the higher performance of ML models using spectra images as input,
the setup and equipment for obtaining associated spectra data is more complex
and expensive. Therefore, a simple measurement like the refractive index (n) can
offer alternatives. Refractive index of a sample is defined as the ratio of the speed
of light in a vacuum to its speed in the sample medium.

The chemical composition of a sample can also affect its refractive index
through the presence of certain functional groups or atoms that can interact with
light in specific ways.!9 For example, refractive index has been used for detect-
ion of components with low chromophoric activities such as sugars, triglycerides,
organic acids, pharmaceutical excipients, and polymers.20 So, the refractive
index is an optical property that carries enough information related to chemical
composition.
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Machine learning models for predicting refractive indices of polymers have
been previously reported.21-22 In another work, refractive index was used as the
input to ML models to differentiate between normal and malignant tissues in bio-
medical.23

This work was inspired by a study attempting to apply random forests (RF),
a traditional ML algorithm and refractive index to identify organic com-
pounds.?4 In order to train the machine learning models, we use data from a pub-
lic database of refractive indices for organic compounds and polymers. The data-
base contains data from literature gathered over a long period of time.25

To the best of our knowledge, this is the first work to report the use of
refractive index for classification of organic compounds with artificial neural
networks (ANNs).

EXPERIMENTAL
Database

Version 1.0.0 of a web scrapper built using Python was run on the refractive index web-
site, which is a database for experimental optical constants from published literature since
1940.% The scrapper targeted 60 organic compounds and polymers. The scrapped data was
stored as comma-separated values (CSV). The file contains four columns: organic compound
(book), wavelength (1), refractive index (n) and extinction coefficient (k). The scrapped data-
base has a total of 248,756 entries and 9645 missing values of k.

The database was split into five categories as follows (Fig. 1): ultraviolet (0-0.4 um),
visible (0.4-0.75um), near IR (0.75-1.5 um), IR (1.5-4pum) and far IR (>4 um).
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Fig. 1. Raw scrapped data from the refractive index website.

Data pre-processing

All the missing values for extinction coefficients in the raw database were replaced by
zero. Since the UV and visible data was not enough for training the models, the data augment-
ation was performed on these regions using the Sellmeier equation.2® This is a mathematical
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formula that can be used to predict the refractive index of a material as a function of wave-
length. The data augmentation was required to artificially synthesize more data using domain
knowledge,?” which is a technique used previously with Raman spectra-based organic clas-
sifiers.!6-18

The Sellmeier equation is given by the following equation:

n2(1)=1+ﬂ+ B, . (1)
H-C h-C

Where n(2) is the refractive index at wavelength 4. By, B,,... and Cj, C,,... are Sellmeier
coefficients that are specific to the material. A custom Python script was used to estimate the
missing Sellmeier coefficients by curve fitting (see the supporting information).

Artificial neural network classifiers (ANNs) for organic compounds

Scikit-Learn, TensorFlow and Keras Python libraries were used for training and evaluat-
ing the accuracy of the ANN classifiers. This was done in a Google Collaboratory environ-
ment.28:2% Seven different models were developed according to available categories (see Fig. 4
later on). Each model contains three main layers: an input layer, hidden layers, and an output
layer. The input layer takes in three independent variables: 4, n and the extinction coefficient
(k). Hidden layers contain neurons; they extract and represent features from the input data,
allowing the network to learn. The output layer performs the final compound classification,
which is based on voting among 60 possible compounds. The compound with a high prob-
ability is considered the output of the model.”*8 An overview of the model design is shown in
Fig. 2.

Refractive Index-@ ,O - _ O O
Wavelength O S O O :O
Extinction — T~ N ~ ) £
Coefficient "/ O L/ W,
‘() C) {Predicted organic
compounds)
Input Layer Hidden Layer Hidden Layer Cutput Layer

Fig. 2. ANN organic classifier model architecture.

To evaluate the model’s performance, monitoring was performed during the training and
testing stages. In the training stage, the loss and accuracy of all models were monitored by a
validation data set. If the model’s prediction is perfect, the loss is zero. This tells how poorly
or well a model behaves after each iteration of the optimization.2>3% On the other hand, the
testing stage was performed using a test data set; the test data serves as an estimate of its
performance on new, unseen, data.

Accuracy, precision, recall and the F'1 score were used as evaluation metrics for the clas-
sifier. Precision tells us how many of the positive predictions were correct; recall tells us how
many of the actual positives were identified while the F'1 score gives a single metric to eval-
uate the overall performance of the model by balancing precision and recall.28:3! These eval-
uation metrics are mathematically defined as follows:
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.. TP
Precision = 2)
TP+ FP
TP
Recall=—— 3
TP+ FN
Flscore = 2><Pre.cl.smnXRecall )
Precisiont+Recall

where the term true positives (7P) refer to the number of samples correctly predicted as
positive, while false positives (FP) indicate the number of samples incorrectly predicted as
positive. Similarly, true negatives (TN) refer the number of samples correctly predicted as
negative and false negatives (FN) represents the number of samples incorrectly predicted as
negative.

RESULTS AND DISCUSSION
Data pre-processing
Analysis of the raw data revealed the percent of missing extinction
coefficient values in each region as follows (Fig. 3): UV (58.99 %), visible
(82.67 %), near IR (7.28 %), IR (0.32 %) and far IR (0.25 %). The final database
with data augmentation contains seven categories (Fig. 4). The UV region data

was increased from 1807 to 132314, and the visible region data was increased
from 6268 to 120455. The amount of data in other regions was left unaltered.
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Fig. 3. Missing extinction coefficient values in raw data.

Performance of artificial neural network classifiers

The accuracies of the ANN models are listed in the following order: Near IR
(98.44 %) > 1R (97.72 %) > visible-augmented (86.60 %) > far IR (84.09 %) >
UV-augmented (81.49 %) > visible (69.22 %) > UV (59.00 %). It is observed
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that models in the near IR and IR regions outperform other regions (Fig. 5).
Moreover, from Figs. 6 and 7, the losses of the near IR and IR regions converge
to low and stable values, while the accuracy reaches high and stable values. This
indicates that the models in the near IR and IR regions are generalizing well and
not overfitting.28:32 The precision, recall and F1 scores of the near IR and IR
models shows high performance of above 98 % (Table I).
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Fig. 4. Augmented refractive index data.
100 -

80 A

60 A

Model Accuracy

40 1

20 1

UV UV-augmented Vis Vis -augmented Near IR IR Far IR
Wavelength region

Fig. 5. Testing accuracies for the ANN classifiers.
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Fig. 7. Training and validation for ANN model in IR region.

TABLE I. Performance evaluation for ANN classifiers

ANN Model Precision, %  Recall, % F1 score, %  Accuracy, %
uv 79.00 81.00 79.00 59.00
UV — augmented data 82.00 82.00 81.00 81.49
Visible 73.00 69.00 67.00 69.22
Visible — augmented data 86.00 87.00 85.00 86.60
Near IR 99.00 98.00 98.00 98.44
IR 98.00 98.00 98.00 97.72
Far IR 85.00 84.00 84.00 84.09
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Meanwhile, the performance of models in the far IR, UV and visible regions
is unsatisfactory. The recall, precision and F1 scores in these regions are low
(Table I). Their loss-accuracy plots show unstable values, and bumpy non-con-
verging lines, indicating their unreliability (Figs. S1-S5 of the Supplementary
material tp this paper). For UV and visible regions, more than 58 % of k values
were missing in their datasets (Fig. 3), which may provide the model with less
information to accurately learn the relationships between input and output vari-
ables. As a result, overfitting or poor generalization performance may be obs-
erved.33

Nevertheless, the accuracies for UV and visible models were observed to
increase by more than 17 % with data augmentation (Fig. 5); this suggests the
possibility of improving the performance by increasing the amount of training
data in these regions.

The accuracy and loss plots obtained from the near IR (Fig. 6) and IR (Fig.
7) models are smoother, and the lines converge well, while plots for models
containing augmented data show convergence but with bumpy lines (Fig. S1-
—S5). This implies that the validation dataset is not a good representation of the
training data set; this may be due to artificially synthesized data from the data
augmentation process, which introduced noise.28:32

Comparison with other machine learning organic classifiers

The developed models are comparable with models from previous studies
(Table II), indicating the potential of using the refractive index measurement to
facilitate the identification of organic compounds using machine learning.

TABLE II. Comparison of this work with some previous studies using Raman spectra data
with machine learning. ResNet = residual neural network, DRCNN = deeply-recursive
convolutional neural network, ANN = artificial neural network, CNN = convolutional neural
network, KNN = K-nearest neighbor, ML = machine learning

Method Dataset Accuracy, % Reference
ResNet Organic biomolecules 100.00 15
CNN Organic and inorganic compounds 100.00 16
DRCNN Organic compounds and minerals 98.10 17
KNN Organic biomolecules 93.90 15
KNN Edible oils (fatty acids) 88.90 18
ANN classifier Organic compounds and polymers 81.49 (UV) This work
86.60 (Vis)
98.44 (Near IR)
97.72 (IR)
84.09 (Far IR)
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CONCLUSION

In this study, the artificial neural network classifiers (ANNSs) for identifying
organic compounds were developed and tested successfully. The models rely on
refractive index measurements across the UV and far IR spectral regions. Inform-
ation related to the refractive index of an organic compound and the wavelength
of light used facilitate its accurate identification by artificial neural networks.

ANNSs in the near IR and IR regions showed better performance, with the
accuracy levels above 97 %, suggesting the potential of refractive index measure-
ments in these regions. The observed performance is comparable to models using
Raman spectra as inputs. Although the accuracies for the UV, visible and far IR
regions are slightly lower, ranging from 81 to 86 %, the additional data and hyp-
erparameter optimizations showed the possibility of improving performance in
the future.

This study demonstrates the feasibility of using artificial neural networks to
identify organic compounds using a single wavelength dispersive measurement.

SUPPLEMENTARY MATERIAL

Additional data and information are available electronically at the pages of journal
website: https://www.shd-pub.org.rs/index.php/JSCS/article/view/12261, or from the corres-
ponding author on request.

H3BOJ
UIEHTHOUKALIMJA OPTAHCKUX JEIUILELA KOPUIIREBEM BEIITAUKHUX
HEYPOHCKHX MPEXA U UHIEKCA ITPEJJAMAIbA

INNOCENT ABEL KIRIGITI', NANIK SITI AMINAH' u SAMSON THOMAS®

'Department of Chemistry, Faculty of Science and Technology, Universitas Airlangga, Surabaya 60115,
Indonesia and “Department of Chemistry, Faculty of Mathematics u Natural Sciences, Universitas
Indonesia, Depok 16424, Indonesia

Hpentudukanvja XeMHjCKUX jefHbeha MMa MHOTO NPUMEHA Y HayLUH M TEeXHOJIOTHjH.
MehyTtum, oBaj ce mpolec jolr yBek MHOTO OCJIakha Ha 3Hake W MCKYyCTBO XemMudapa. Tako je
0J CyLITUHCKE B&)KHOCTH pa3B0j TEXHHKA 3a OprKe U MOoy3[jaHHje UAEHTU(PHUKOBabE XEMUjCKUX
jenumema. Y 0BOM pafy, mpescraBUhemMo HM3BOJBMBOCT KOpHUIThema HEYPOHCKUX Mpexa 3a
N0Yy3[JaHO UAEHTU(PHUKOBa®kE OPIraHCKUX jeIUIbEHha MEPEHEM HHIEKCA NpelaMama. Pa3sujeHn
Cy MOJEIH 3aCHOBaHH Ha MEPEHBHMMa HMHIEKCA MpejlaMama Ha PA3IMYUTUM TaJaCHHUM JyXKH-
Hama ceTioctH, of UV po maneke uHdpaupseHe 00nacTu. Mopenu cy TpEHHPaHHU ca OKO
250,000 3ammca eKkCriepUMEHTAHUX ONTHYKUX KOHCTAaHTH 3a 60 OpraHCKuX jemvmema H
nonuMepa U3 nydnrvKkoBaHe IuTepaType. Monenu cy ussBohenu ca noyspgasowhy go 98 %, ca
0o/bMM pe3y/NITaTOM ONaXKEHUM 33 Mepema MHAeKca Npenamama y BUIbMBOj U HUII obnacrtu.
[IpennoxeHH MOJENH CE MOTY CIIPETHYTH ca OPYrMM ypehajuma 3a ayTOHOMHY HIOEHTHU(DH-
Kallljy XeMHjCKUX jequbeha JUCIIEP3UBHUM MEPEHEM Ha jeHOj TalaCHOj Ty KHUHH.

(ITpummeHo 1. pedpyapa, pesunupaso 15. pedpyapa, mpuxsaheHo 4. asrycra 2023)

Available on line at www.shd.org.rs/JSCS/

(CC) 2023 SCS.



1 022 KIRIGITI, AMINAH and THOMAS

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

REFERENCES

. W. Shi, W.-E. Zhuang, J. Hur, L. Yang, Water Res. 188 (2021) 116406
(https://doi.org/10.1016/j.watres.2020.116406)

. J. Borrull, A. Colom, J. Fabregas, F. Borrull, E. Pocurull, J. Chromatogr., A 1621 (2020)
461090 (https://doi.org/10.1016/j.chroma.2020.461090)

. L. Diaz de Ledn-Martinez, R. Flores-Ramirez, C. M. Lopez-Mendoza, M. Rodriguez-

-Aguilar, G. Metha, L. Zufiiga-Martinez, O. Ornelas-Rebolledo, L. E. Alcantara-Quin-

tana, Clin. Chim. Acta 522 (2021) 132 (https://doi.org/10.1016/j.cca.2021.08.014)

C. Zarfl, Anal. Bioanal. Chem. 411 (2019) 3743 (https://doi.org/10.1007/s00216-019-

01763-9)

. B. Noziére, M. Kalberer, M. Claeys, J. Allan, B. D’Anna, S. Decesari, E. Finessi, M.

Glasius, I. Grgi¢, J. F. Hamilton, T. Hoffmann, Y. linuma, M. Jaoui, A. Kahnt, C. J.

Kampf, I. Kourtchev, W. Maenhaut, N. Marsden, S. Saarikoski, J. Schnelle-Kreis, J. D.

Surratt, S. Szidat, R. Szmigielski, A. Wisthaler, Chem. Rev. 115 (2015) 3919

(https://doi.org/10.1021/cr5003485)

T.F. G. G. Cova, A. A. C. C. Pais, Front. Chem. 7 (2019) 809

(https://doi.org/10.3389/fchem.2019.00809)

. C. Janiesch, P. Zschech, K. Heinrich, Electron. Mark. 31 (2021) 685

(https://doi.org/10.1007/s12525-021-00475-2)

P. P. Shinde, S. Shah, in Proceedings of 2018 Fourth Int. Conf. Comput. Commun.

Control Autom., 2018, pp. 1-6 (https://doi.org/10.1109/ICCUBEA.2018.8697857)

. S. Dargan, M. Kumar, M. R. Ayyagari, G. Kumar, Arch. Comput. Methods Eng. 27

(2020) 1071 (https://doi.org/10.1007/s11831-019-09344-w)

E. Yabalak, J. Environ. Sci. Heal., A 53 (2018) 975

(https://doi.org/10.1080/10934529.2018.1471023)

E. Yabalak, O. Yilmaz, J. Iran. Chem. Soc. 16 (2019) 117

(https://doi.org/10.1007/s13738-018-1487-8)

E. Yabalak, B. Kiilek¢i, A. M. Gizir, J. Environ. Sci. Heal., A 54 (2019) 1412

(https://doi.org/10.1080/10934529.2019.1647749)

M. H. W. N. Jinadasa, A. C. Kahawalage, M. Halstensen, N.-O. Skeie, K.-J. Jens, in

Recent developments in atomic force microscopy and Raman spectroscopy for materials

characterization. C. S. Pathak, S. Kumar, Eds., InTech Open, Rijeka, 2021

(https://doi.org/10.5772/INTECHOPEN.99770)

L. Pan, P. Zhang, C. Daengngam, S. Peng, M. Chongcheawchamnan, J. Raman

Spectrosc. 53 (2022) 6 (https://doi.org/10.1002/jrs.6225)

X. Chen, L. Xie, Y. He, T. Guan, X. Zhou, B. Wang, G. Feng, H. Yu, Y. Ji, Analyst 144

(2019) 4312 (https://doi.org/10.1039/C9AN00913B)

T. Cooman, T. Trejos, A. H. Romero, L. E. Arroyo, Chem. Phys. Lett. 787 (2022) 139283

(https://doi.org/10.1016/J.CPLETT.2021.139283)

W. Zhou, Y. Tang, Z. Qian, J. Wang, H. Guo, RSC Adv. 12 (2022) 5053

(https://doi.org/10.1039/D1RA08804A)

C. Berghian-Grosan, D. A. Magdas, Talanta 218 (2020) 121176

(https://doi.org/10.1016/J. TALANTA.2020.121176)

J. M. Hollas, Modern spectroscopy, 4" ed., Wiley & Sons, Chichester, 2004, ISBN: 978-

-1-118-68160-2

M. W. Dong, Sep. Sci. Technol. 6 (2005) 47 (https://doi.org/10.1016/S0149-

6395(05)80047-9)

Available on line at www.shd.org.rs/JSCS/

(CC) 2023 SCS.



21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

IDENTIFIFYING ORGANIC COMPOUNDS BY MACHINE LEARNING 1 023

J. P. Lightstone, L. Chen, C. Kim, R. Batra, R. Ramprasad, J. Appl. Phys. 127 (2020)
215105 (https://doi.org/10.1063/5.0008026)

S. A. Schustik, F. Cravero, 1. Ponzoni, M. F. Diaz, Commun. Comput. Inf. Sci. 1408
(2021) 279 (https://doi.org/10.1007/978-3-030-76310-7)

N. Qi, Z. Zhang, Y. Xiang, Y. Yang, X. Liang, P. D. B. Harrington, Anal. Methods 7
(2015) 2333 (https://doi.org/10.1039/C4AY02665A)

T. Bikku, R. A. Fritz, Y. J. Colon, F. Herrera, Machine learning identification of organic
compounds using visible light, 2022 (https://doi.org/10.48550/arxiv.2204.11832)

M. N. Polyanskiy, Refractive index database, https://refractiveindex.info/ (accessed:
August 20, 2022)

J. W. Gooch, Encycl. Dict. Polym. (2011) 653 (https://doi.org/10.1007/978-1-4419-6247-
8 10447)

J. K. Kim, J. Shao, Statistical Methods for Handling Incomplete Data, Chapman and
Hall/CRC, Boca Raton, FL, 2021 (https://doi.org/10.1201/9780429321740)

A. Géron, Hands-on machine learning with Scikit-Learn and TensorFlow : concepts,
tools, and techniques to build intelligent systems, 2" ed., O’Reilly Media, Inc.,
Sebastopol, CA, 2019, ISBN: 9781492032649

E. Bisong, Building Machine Learning and Deep Learning Models on Google Cloud
Platform, Apress, Berkeley, CA, 2019 (https://doi.org/10.1007/978-1-4842-4470-8)
Machine Learning in Chemistry, H. M. Cartwright, Ed., Royal Society of Chemistry,
2020 (https://doi.org/10.1039/9781839160233)

J. Han, J. Pei, H. Tong, Data mining: concepts and techniques, Morgan Kaufmann,
Burlington, MA, 2011, ISBN 978-0-12-381479-1

F. Chollet, Deep Learning with Python, Manning Publications Co, Shelter Island, NY,
2017, ISBN 9781617294433

M. Fernandez-Delgado, E. Cernadas, S. Barro, D. Amorim, A. Fernandez-Delgado, J.
Mach. Learn. Res. 15 (2014) 3133 (http://jmlr.org/papers/v15/delgadol4a.html).

Available on line at www.shd.org.rs/JSCS/

(CC) 2023 SCS.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice



@Article{Kirigiti2023,

  author    = {Innocent Abel Kirigiti and Nanik Siti Aminah and Samson Thomas},

  journal   = {Journal of the Serbian Chemical Society},

  title     = {Identification of organic compounds using artificial neural networks and refractive index},

  year      = {2023},

  issn      = {1820-7421},

  month     = {10},

  pages     = {1013-1023},

  volume    = {88},

  abstract  = {Identification of chemical compounds has many applications in sci­ence and technology. However, this process still relies significantly on the knowledge and experience of chemists. Thus, the development of techniques for faster and more accurate chemical compound identification is essential. In this work, we demonstrate the feasibility of using artificial neural networks to accurately identify organic compounds through the measurement of refractive index. The models were developed based on the refractive index measurements in different wavelengths of light, from UV to the far-infrared region. The models were trained with about 250,000 records of experimental optical cons­tants for 60 organic compounds and polymers from published literature. The models performed with accuracies of up to 98 %, with better performance obs­erved for the refractive index measurements across the visible and IR regions. The proposed models could be coupled with other devices for autonomous identification of chemical compounds using a single-wavelength dispersive measure­ment.},

  doi       = {10.2298/JSC230201049K},

  file      = {:06_12261_5677.pdf:PDF},

  issue     = {10},

  keywords  = {ANNs,classification,deep learning,materials identification},

  publisher = {National Library of Serbia},

  url       = {https://www.shd-pub.org.rs/index.php/JSCS/article/view/12261},

}





