A rapid and non-destructive discrimination and source correspondence of tyres by Raman
spectroscopy combined with chemometrics
Abstract
Identifying and comparing the tyre (rubber) threads are crucial in forensic investigations
involving collision accidents and hit-and-run incidents. Focusing on improving the effectiveness

of tyre classification and identification, the current study pioneered the utilisation of Raman

spectroscopy combined with PLS-DA on 140 sa of light-motor vehicle (L and heavy-

motor vehicle (HMV) automobile tyres. Al
400-2000 cm™, which indicated the“@mole tions of
Meanwhile, the chemometric od of P A achieved a

%

es were accurately predicted into

classification between LM samples. The mod

non-destructive approa ne tyre rubber, yielding valuable insights for related crime

scene investigations.
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1. Introduction

The resulting path that each tyre yields when a vehicle moves in any direction is part of
the track evidence. In a crime scene investigation, track evidence after vehicle crash is valuable
evidence for including or excluding the suspect vehicles [1,2]. Taking the case of under-running
or tailgating, a sudden and unexpected halt of a heavy vehicle may cause another vehicle to drive

into the back of that heavy vehicle. The friction force between the tyres and the road after the

ntiary material. stances of

brake application yields rubber traces as
indistinguishable tyre treads, rubber traces

tyre identity by comparing the remnan

res (contr

material from the suspect vehicl mples) [1,2].

chromatographic anal imultaneous thermal analysis (STA) [6], micro—X-ray

fluorescence spectro ) [6], and laser-induced breakdown spectrometry (LIBS) [7].
The vibrational ATR-F echniques have increasingly been preferred in recent forensic
investigations due to their non-destructive nature. Numerous studies have used non-destructive

techniques of ATR-FTIR in various fields, such as soil [8], kohl [9], hair [10], cigarette filter

[11], and blood stain [12].



For instance, focusing on the application of ATR-FTIR and chemometrics, He et al. [13]
performed principal component analysis (PCA) and discriminant analysis (DA) on 240 tyres of
different brands in China to develop a predictive classification model. The results of DA
revealed perfect differentiation between brand groupings and sample classifications, but the
spectral comparison showed no meaningful separation via PCA. After three years from He et
al.’s [13] study, Haojun Du et al. [14] applied ATR-FTIR combined with machine learning
algorithms, specifically logistic regression (LR), random forest (RF), weighted k-nearest

neighbour analysis (WKNN), and support vecto

chine (SVM), to discrimifidte 187 tyres

s RFr ded the

study further noted a highe Ati of ET (90%), as compared to other machine
learning and examine external samples in assessing the prediction scores of
classifiers.

There have been o recent studies on the application of chemometrics on ATR-FTIR
data to classify and discriminate tyres [13,14]. Kaur et al. [21] used machine learning to class the

HMYV and LMV samples using ATR-FTIR spectroscopy. However, brand discrimination was not

analysed in this study and the real forensic cases was fully reported in the study. The current



study pioneered the application of Raman spectroscopy combined with chemometrics to analyse
brand classifications and traces of tyres obtained from the road, yielding results that may be
applicable to more complex situations. This study demonstrated how to reduce the number of
manufacturers according to the brands, which can help forensic investigators to narrow down the
search of suspects involved in vehicle collisions based on the deposited rubber traces on the road.

Thus, the current study employed alternative vibrational and non-destructive method of

Raman spectroscopy combined with chemometrics for the discrimination of two classes of tyres

(HMV and LMYV, each with 7 brands and each having 10 samples). Thi

dy has two

parts; firstly, we performed partial least s 1 1 ervised

classification of the main types of

classified samples and can ags

reliable and practical m

2. Materials and Me S
2.1 Sample collection
140 tyre samples were purchased from automobile dealers and automobile workshops in

Malaysia. As shown in Table 1, seven tyre brands were gathered, and 10 samples of each brand


https://www.sciencedirect.com/topics/chemistry/chemometrics

were acquired for each tyre type (HMV and LMV). All different brands were obtained in
triplicate (three samples for each brand) to assess whether any intra-brand variations were
present. Considering the focus of this study on the area in direct contact with the road, all
samples were collected from the thread section of the tyre using gloves to reduce contamination
risk. Table 1 indicate the details on date of manufacturer through Department of transportation
(DOT) number. The date of manufacturing is indicated by the DOT number. The final two

figures represent the year of fabrication, while the first two represent the week (Fig. S.1).

Samples Brand Name/ Type

Al1-A10 Fudemo HMV

B1-B10 Carleo China 0921 HMV

C1-C10 Centara 185 31 R1 China 2422 HMV

D1-D10 Michelin X 32 22 France 0821 HMV
Line Ener

EI1-E10 Bri 315/70R19 Japan 1221 HMV

F1-F10 Contine 325/70R22 Germany 0922 HMV
HS3

G1-G10 Cooper 305/75R24 USA 1123 HMV

Roadmaster




RM&32 EM

HI-H10 Hankook 135/50R12 South Korea 0824 LMV

Kinergy Eco 2

I1-110 Michelin Sport 135/55R15 France 2320 LMV

4

J1-J10 Good year 115/55R16 USA 0819 LMV

Assurance

MI1-M10 Achilles ATR LMV

Triple Max
KI1-K10 Nexen N Fera 125/ outh Korea 0 \Y
LI-L10 Dunlop SP 125160R alaysia LMV
2

Indonesia
NI-N10 Viking 14 23 LMV
2.2 Raman spectral anal @
lysedusi

Tyre samples sing Raman spectrometer (Foram 685, Foster + Freeman,
United Kingdom) e with a thermoelectrically cooled (20°C), back-thinned, two-
dimensional binning charge=@eupled detector with x20 magnification objective lens. Prior to the
analysis, the spectrometer was pre-calibrated with silicon chip. FORAM software was utilised
for the pre-processing of Raman spectrum (baseline corrected) to reduce possible noise from the

sample. The optimal parameters were used at the resolution of 16 cm ! with four scans at the




range of 400-2000 cm™'. In addition, samples were evaluated three times from three different
points to evaluate its repeatability, and Raman spectroscopy was assessed with three different

samples of the same type to evaluate its reproducibility.

2.3 Chemometrics: PLS-DA

The spectral data were then classified and discriminated through PLS-DA using the

mixOmics package in R software. The analysis transformed the original spectral data to latent

were determined based on the sification r rate, receiver

curve and area under the ¢

3. Results

3.1

680 cm™!, 1350 cm™!, 1420Qem™!, and 1550 cm™. As for the case of LMV, the observed peaks
were around 462 cm’!, 510 cm™, 680 cm™, 700 cm™, 750 cm™!, 1150cm’!, 1320cm™, 1360 cm™,
and 1520 cm™!. Based on the results in Table 2, the observed peak at 1150 cm™! was linked to the

presence of S=O stretching, symmetrical C—H bond deformations in Si(CH3), and C = C—-H (1, 2



addition) bending vibrations. Meanwhile, the observed peaks at 700 cm™ and 750 cm™ were
associated with the presence of 1, 4-butadiene (BR), and styrene-butadiene copolymer (SBR).
The observed peaks at 462 cm™ and 535 cm™ corresponded to the C-N-S bending vibrations. Fig.
S.2 indicates intra-brand variations of J tyres and minor variability in spectral shape was
observed between a set of three spectra. Further evaluation on relative standard deviation

(%RSD) was <0.1% indicates the precision of Raman analysis.
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Fig. 1: (a) Raman spectra 0! !yre sample d (b) Raman spectra of tyre samples

of
Table 2: Raman peaks and t ign nctional group) observed in tyre samples

[22]
Peak Assignments
(em™)
462 C-N-S bending vibrations

535 C-N-S bending vibrations




680 C—H (benzene ring) bending

700, 750 —CH3-CH2- (repetitive unit of cis-1,4-butadiene) bending

1150 S=O0 stretching, symmetrical C—H bond deformations in Si(CH3)2 and C = C-H

(1,2 addition) bending vibrations.

1320, C-O stretching

1350

1420 N-H (amide II) bending, C-H(—C H2-) bending, and —CH2 rmations

3.2 PLS-DA \s
3.2.1 Analysis of HMV an V tyre sauiples
The full range aset of 4002 - subjected to PLS-DA using the
r

mixOmics package in R re. Blue sented the HMV tyre samples, while

orange markers represented the LMV in members of the dataset overlapped.

The results of PLS-DA for clas esented in Fig. 2, where 95% confidence
ellipses were drawn over ead be noted that this representation involves only two
latent variables (2D p e overlap decreases when we consider an optimum (higher)
number of latent varia sed on the criteria mentioned earlier. Both the classes were mostly

well separated, with minimaReéverlap of the classes.



PLS-DA on the tyres type data
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Fig. 2: Two-dimensional (2 LS-DA plet.

The performance o odel was eyal ed on the classification error rate (CER)

by applying the “perf” function in the were classified based on the optimum

number of components through the

The lowest CER was determ Q i

key performance me detésmined how well the PLS-DA model differentiated these

into account the optimum latent variables (LVs). As a

different classes. Re to Fig. 3(a), the classification error rate with centroids distances
varied between 10 to 15% and this figure was reasonably constant for 3 to 6 components. So, we
can expect a classification error of 10 to 15 % between HMV and LMYV tyres. The performance
of the model was further evaluated from the ROC plot for 3 components and the area under the

curve (AUC) figure was 0.9939, which is close to 1 (Fig. 3(b). The AUC figure never reached



the perfect level of 1 and was less than 0.999 even for higher number of latent variable. So, we
only consider 3 latent variables. The BER was 0.14 and all the 21 HMV test samples were

correctly predicted, but 6 of the 21 test LMV samples were incorrectly predicted as HMV.
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Fig. 3: Classification error rates (CER) for two tyre types. (b) ROC for tyre samples (HMV

versus LMV) on the third component.



To assess the prediction ability of this model, 17 unknowns which were not part of the model
were tested in the model and their type was predicted. Out of 9 LMV tyres 8 were correctly
predicted to be so, however 1 was predicted as HMV type. All the 8 HMV tyres were predicted
to be of this type only. Hence, we see a prediction error of 1 out of 17 around 6%. This might be

due to the overlapping of some samples, having similar composition.

3.2.2 Brand discrimination of tyre samples
In the absence of vehicles involved i , I traces

for forensic

have been provided in gntary material. Minimum classification error rate is obtained
using the centroids nd this error rate lies between 10-15 %. The classification error as
evidenced from the ROC es support this as the area under the curve (AUC) varies between
0.85 to 1 for these 14 brands and the balanced error rate turned out to be 0.12. The advantage of

the PLS-DA method is that it is useful for multiclass classification unlike some other methods,

but increasing number of classes impacts the classification accuracy. So, we thought it worth to



explore if the classification accuracy improves with considering the HMV and LMV tyres
separately, given that we have already have a method of classification amongst the HMV and

LMV types as detailed in the previous section.

3.2.3  Analysis of various tyre brands for HMV
There were seven different tyre brands for HMV tyre type in this study. Due to the small
differences in these brands, the classification of tyre brands was very good with minimal

overlapping of brands (Figure 4(a)). The results ifitBigure 4(b) revealed the sepaf@tion of seven

classes, with the constructed classification

C, F and G are well separated from othe aving an A UC value for

the remaining classes varies begween 0.83 t0%0.93. The classifi rate for the HMV

brands is less than 10% (Figi§.4
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(b)

HMYV Brand Separation on centroids distance
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components, the classificati@n errors are generally less than those observed for the HMV samples

films.



3.2.5 Real case scenario simulation

This study also explored real case scenario simulation, specifically in regards to tyre
identification (after scratch of road). The real case simulation was carried out after 6 month
completed the analysis of fresh tyre. The unknown tyres were collected and performed on dry
track sunny day in Malaysia. Each test covered a different braking area. After three laps to heat
up the tyres, the vehicle then braked from 40 km/h to 0 km/h under the employment of the same

driver. Fig. S.9 shown the right tyre which 155/70 R12: Hankook Kinergy Eco 2 brand (Sample

H) used for collection of unknown after scratch skid marks

ad. Fig. S.10 show the
deposited on the road carried out by Sam 3 gof

fresh tyre traces deposited on the road cted and w, 1 etone before

these samples were properly sgaled n_plastigybags for further“@malysigy All samples were

tyre samples, the trained prediction

accuracy rate of 83.3%, as evij @



Unknown brand tyre samples
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Table 4: Prediction of un samples obta the road on trained PLSDA model

Sample ID d Prediction
A Correct
B Correct
B Correct
U4 C C Correct
U5 C C Correct
(9]¢ D D Correct




u7 F K Incorrect
U8 G I Incorrect
U9 H H Correct
Ul10 H H Correct
Ull I I Correct
Ul2 J J Correct

3.2.6 Discussion critical review of work

Only a few studies analysed tyre (. review Of, related

literature, including a recent study con arly 80% of

conducted two studies that utilised a

raphy mass spectrometry (Py-GCMS).
sence of peaks ad calculated the relative
sample (n = 12) was e ese studies noted the application of chemometric techniques,
specifically LDA, to ate tyres. Following Sarkissian et al.’s studies [2,3], Gueissaz [20]
employed Py-GC combin ith unsupervised PCA to analyse 10 tyre samples. The study
reported accurate classification of all tyre trace samples through the clustering method and the
correct assignment of all blind samples to the corresponding tyre sources. Following a decade

after Gueissaz’s [20] study, non-destructive analytical techniques have gained growing interest.



Two recent studies conducted by Haojun Du et al. [14] and Kaur et al. [21] focused on FTIR
combined with chemometrics, which highlighted the application of ATR-FTIR combined with
machine learning, specifically LR, RF, and WKNN. These studies explored the types of machine
learning that yielded the best discrimination for tyre analysis. However, only Kaur’s [21] study
validated the application of machine learning through the utilisation of blind samples from three
brands.

To date, there have been no studies that employed Raman spectroscopy with

ilised the PLS-DA modeli

chemometrics. Addressing that, the current stud or real case

enario simulation using
unknown samples after sc Jomparison of the present study

with previous studies.

Table 5: Co

the p

ent study with previous studies

No. | Instrumentation Chemometrics Findings References

1 | Pyrolysis-gas @ ve Not used e Relative  retention  time Jun-kai et al.
chromatography (RRT) and relative content (1989) [19]
percent (RCP) obtained from
rubber-soled shoes and their

traces compared.

e No statistical test involved




No. | Instrumentation Nature Chemometrics Findings References
2 | Pyrolysis-gas Destructive Not used Percentage of components | Choi et al. (1999)
chromatography (butadiene and styrene) was [5]
calculated.
No statistical test involved
3 | Pyrolysis-gas Destructive Used 42 rubber samples (from car) | Sarkissian, et al.
chromatography were analysed. (2004)
The presence of components (2]
in chromatograms (styrene
limonene)
4 | Pyrolysis-gas Destructive No 12 tyre sam kissian, et al.
chromatography analysed using B§=-GC. (2007)
ft on road (3]
braking
the
statistical tests and
chemometrics involved
5 | FTIR and Py- Used 27 rubber samples (from car) | Lachowic et al.
GC/MS e/ were analysed. (2013) [4]
ctive Accurate prediction rate of
94.9% by LDA based on
brands only
6 | X-ray absorption Non- Not used Analysis of the peak of | Funatsuki etal.
near-edge destructive (t-test only) height on tyres suggested (2015) [1]




No. | Instrumentation Nature Chemometrics Findings References
structure different sulphur chemical
(XANES) content among the tyre
samples.
7 | ATR-FTIR Non- Used 240 samples were analysed | He etal. (2019)
destructive (PCA and with FTIR analysis. [13]
LDA) PCA and  discriminant
analysis were conducted for
further analysis.
prediction of unkno
mples was applied.
o forensic ca:
were discusse
8 | ATR-FTIR Us Kaur et al. (2024)
destructi [21]
@ samples was applied.
9 | Raman @ 3 Used Discrimination of 140 tyre | Current study
spectroscopy (PLSDA) samples (large samples).

PLSDA for discrimination
was performed.
unknown

Prediction of

samples was applied.




No. | Instrumentation Nature Chemometrics Findings References

e Further analysis on the
unknown samples after

scratch of road.

4. Conclusions

recorded very good classification rate

investigations, accurate identificati \ source is pivot uccessfully
demonstrated the application @f c trics (PLSDA) N chnique (Raman
spectroscopy) in crime sceneSyipointi e type and the tyre and source. This study

validated the suitabili

nd appli€ability of the

scenarios, as the model corr predicted $3.3 unknown samplesafter scratch of road.

As there have been no related studies provag@ed valuable insights that would greatly

benefit forensic investigations i of tyre (rubber) samples in crime scenes. It
is recommended for future r the same non-invasive and rapid method using a
larger sample, cou structive techniques of ATR-FTIR, for crime scenes
involving tyre (rubber ples and also find the strength of association using the likelihood
ratio approach.
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