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In rubber tire production, three popular types of rubber vulcanizing accelerators exist that are similar 

in appearance (i.e., 2-Mercaptobenzothiazole, 4,4′-dithiodimorpholine, and tetramethyl thiuram monosul-
fide). Because the rubber vulcanizing accelerator has a great influence on the vulcanized rubber character-
istics, it is necessary to classify and identify the three popular types of rubber vulcanizing accelerators  
to avoid using the wrong accelerator during tire production and to ensure the tire quality. The THz spectra of 
the accelerator samples were measured using a terahertz time-domain spectral system (THz-TDS) in a fre-
quency range of 0.3–1.6 THz. An extreme learning machine (ELM) model was constructed to classify the 
three popular types of rubber vulcanizing accelerators via terahertz absorption spectra. To improve the clas-
sification accuracy of the model, a particle swarm optimization ELM model was constructed possessing  
a higher classification accuracy than the ELM model in the classification and identification of rubber vul-
canizing accelerators. 

Keywords: terahertz spectrum, rubber vulcanization accelerator, particle swarm optimization, extreme 
learning machine, classification. 
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Проведены классификация и идентификация схожих по внешнему виду типов ускорителей вул-

канизации резины: 2-меркаптобензотиазола, 4,4'-дитиодиморфолина и тетраметилтиураммоно-
сульфида, с целью предотвращения использования неправильного ускорителя при производстве шин и 
обеспечения качества шин. Спектры образцов измерены с помощью терагерцовой спектральной си-
стемы во временной области (THz-TDS) в диапазоне 0.3–1.6 ТГц. Модель экстремальной обучающей 
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машины (ELM) построена для классификации трех типов ускорителей вулканизации резины  
по спектрам терагерцового поглощения. Для повышения точности классификации построена модель 
с использованием ELM и оптимизации роя частиц с более высокой точностью классификации, чем 
ELM-модель при классификации и идентификации ускорителей вулканизации резины.  

Ключевые слова: терагерцовый спектр, ускоритель вулканизации резины, оптимизация роя ча-
стиц, модель экстремальной обучающей машины, классификация. 

 
Introduction. In recent years, China’s rubber industry has developed rapidly and rubber products play 

an important role in people’s daily life. Vulcanization accelerators are essential in the rubber vulcanization 
process, and are thus important in the production of tire rubber. To improve rubber performance, multiple 
types of rubber accelerators are added in the rubber vulcanization process. However, the various types of 
rubber vulcanization accelerators induce significant differences in the post-vulcanization performance of 
rubber. Using an incorrect rubber vulcanization accelerator will impact the vulcanized rubber properties and 
can reduce the tire rubber quality below the specifications. Therefore, a rapid and accurate method to classify 
and identify different types of rubber vulcanization accelerators is required. 

Traditional detection methods such as thin-layer chromatography [4], gas chromatography [5], and liq-
uid chromatography [6] are often used to identify rubber vulcanization accelerators. However, these methods 
are time consuming and require tedious sample preparation procedures. Alternatively, terahertz time-domain 
spectroscopy (THz-TDS) provides a feasible method for substance classification detection [7], avoiding 
these limitations. Terahertz refers to an electromagnetic wave in the frequency range of 0.1 to 10 THz, which 
is located between the microwave and infrared wavelengths. The THz wave has the characteristics of low 
photon energy and strong penetrability and can be used to obtain a “fingerprint spectrum” that can reflect the 
structure of a material. The latter feature is due to the fact that the molecular vibration and rotational fre-
quencies of many materials are in the THz frequency band, and thus the THz spectra can exhibit abundant 
absorption characteristics. In the field of rubber detection, Peters et al. [8] used THz spectral technology to 
detect natural rubber, nitrile rubber, ethylene propylene rubber, neoprene rubber, and additive carbon black. 
Their experimental results revealed that different materials possess different THz absorption spectra and re-
fractive index spectra. Miao Qing et al. [9] used THz spectral technology to classify and identify three types 
of rubbers including chloroprene rubber, nitrile rubber and ethylene propylene diene monomer rubber. Their 
experimental results showed that different types of rubber can be distinguished by optical parameters such as 
the absorption coefficient, refractive index, and absorbance. 

The goal of our study was to develop a method to classify and identify three popular types of rubber 
vulcanizing accelerators to ensure the quality of tire rubber. In this work, we employed THz-TDS to obtain 
the THz spectra of 2-mercaptobenzothiazole (MBT), 4,4′-dithiodimorpholine (DTDM), and tetramethyl 
thiuram monosulfide (TMTM) accelerators in the range of 0.3–1.6 THz. We then used these spectra to ana-
lyze the THz absorbency of these three types of rubber vulcanization accelerators. Finally, we constructed 
classification models using the extreme learning machine (ELM) and particle swarm optimization ELM 
(PSO-ELM) methods to classify the three types of rubber vulcanizing accelerators, comparing the classifica-
tion accuracy of the two methods. After multiple classifications of the test set, the average accuracy of the 
PSO-ELM model was 93.34% while that of the ELM model was 80.44%. The results indicate that the  
PSO-ELM classification model performance is superior to ELM in the classification and detection of rubber 
vulcanization accelerators. 

ELM and PSO-ELM methods. Huang et al. [10] proposed the ELM learning algorithm based on the 
single-hidden layer feed-forward neural network (SLFN), which overcomes the shortcomings of traditional 
backpropagation neural network algorithms. 

Suppose a p-S-q structure is used to represent a standard SLFN, where p is the input layer with a total of 
n neurons; S represents the hidden layer with a number of nodes of one; and q is the output layer with a total 
of m neurons. Given an activation function of g(x), the input layer link weight W (representing the output 
layer link weight), and the hidden layer threshold of b, we can write 
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For a set of training samples with a total of R samples, 
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Then, the output of the ELM network can be expressed as 
 1 2 RT t t t  ,            (6) 
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where j = 1, 2, …, R. 
Minimizing the error, E, of the output is similar to a least square optimization problem, and can be ex-

pressed as 
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We expect the error E to be infinitely close to zero. In the ideal case, for a standard SLFN network 
structure, the output is 
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where ai is the input connection weight of the input layer p to the ith hidden layer node, bi is the threshold of 
the ith hidden layer node, i is the output connection weight of the ith hidden layer node to the output layer 
q, and aixi is the inner product of ai and xi. Expressing the equation in a matrix gives 
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Generally, the excitation function g(x) can be selected from “sig,” “sin,” “hardlim,” and so on. In this 
experiment, we select “sig” as the excitation function. 

We assume a set of training samples where 
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If the SLFN can approximate the set of training samples with any small error ai, bi, i, we have 
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The above formula can be simplified into 
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where H+ is the generalized inverse of the hidden-layer response H. After finding ̂ , the SLFN is estab-

lished. For the three rubber vulcanization accelerators, the accelerator type can be inferred by an ELM classi-
fication model previously established [11]. However, this established ELM uses a random input connection 
weight and hidden layer threshold, and thus the classification cannot achieve a high accuracy rate and the re-
sult is unstable. 

To solve this problem, the PSO algorithm was used to obtain the optimal input connection weight and 
ELM threshold. The PSO was proposed by Kennedy and Eberhart [12] and treats each particle as a possible 
solution to the problem to be solved and gives each particle a corresponding fitness value in the fitness func-
tion. Through the mutual interparticle transmission of information, the direction and distance of the particle 
movement are constantly adjusted to guide the particle group to a region where a solution is possible. In this 
process, we can find and compare possible solutions to achieve the purpose of finding the optimal solu-
tion [13]. The rate of correct classification is used as the fitness function in the optimization algorithm mo-
del, thus improving the classification accuracy and stability and establishing a neural network model with 
an improved classification function. The PSO-ELM classification model chart is shown in Fig. 1, where the 
basic steps of the algorithm are as follows: 

1. Initialize the location and movement speed of the individuals in the group.  
2. Determine the loss function as the threshold criterion of the fitness function. 
3. After calculation, the current individual speed and position are updated.  
4. Calculate the individual fitness function value again.  
5. Update the individual extremum and group extremum in the particle swarm. 
6. Repeat steps 3–5 to find the optimal group extremum and obtain the input connection weight and the 

threshold of the hidden layer. 
7. Use the ELM to obtain the output connection weight and the classification result. 

 

 

 

Fig. 1. Flowchart of the PSO-ELM model. 
 

Experimental. The THz-TDS apparatus used in the experiment (Fig. 2) comprised two parts: a  
THz-TDS spectrometer (Z-3, Zomega Terahertz Corp., USA) and a femtosecond laser (TOPTICA Photonics 
Inc., Germany). The femtosecond laser generated a laser beam with a pulse width of about 100 fs, a wave-
length centered around 780 nm, a repetition rate of about 80 MHz, and an average power of nearly 100 mW. 
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The laser beam was divided into a pump beam and a probe beam using a cubic beam splitter. The pump 
beam elicited a THz beam at the emitter composed of a photoconductive antenna. Then, the generated THz 
beam was focused onto the sample, where it interacted with the sample and left carrying the sample charac-
teristics. The THz beam then converged with the probe beam at a zinc telluride (ZnTe) detector. After pass-
ing the detection device, the sample characteristics carried by the THz beam were loaded onto the probe 
beam, where the latter could also be used to measure the change of the THz beam, so that the THz waveform 
carrying the sample characteristics can be detected [14]. The THz-TDS used in the experiment possessed a 
signal-to-noise ratio greater than 70 dB and a spectral resolution exceeding 5 GHz. During the experiment, 
the THz-TDS apparatus was enclosed inside a box whose temperature was controlled at around 25°C. To re-
duce the absorption of water vapor from the ambient air, the experimental apparatus box was filled with dry 
air until the relative humidity within the box was less than 2%. 
 

 
 

Fig. 2. Schematic of THz time-domain spectroscopy system. 
 

Sample preparation. Samples of the three types of rubber vulcanization accelerator were purchased 
from the Plastic Products Company. First, to reduce the effect of air humidity on the experimental samples, 
all the power-form samples were placed in a YB-1A vacuum-drying oven for 2–3 h at 323 K. Second,  
40 samples of the DTDM, TMTM, and MBT accelerators 180 mg in mass were weighed with an electronic 
balance. Finally, each powder sample was placed in a mold and pressed into a round tablet 12 mm in diame-
ter and 1 mm thick using a tablet press, where the pressure of the tablet press was set to about 8 ton. In this 
way, 40 samples of each rubber vulcanization accelerator were prepared for measurements. 

Data acquisition. Absorbance of the rubber vulcanization accelerator was obtained according to the pa-
rameter extraction model of the THz time-domain spectrum of Dorney and Duvillatet [15–18]. The absorb-
ance spectrum can reflect the extent to which the experimental material absorbs THz waves. First, a THz 
wave transmitted through the dry air with no sample in place was used as a reference signal. Second, to 
avoid any influence from echoing, the time-domain waveform was truncated. Then, the time-domain spectra 
of the experimental samples were converted to frequency-domain spectra by fast Fourier transformation 
(FFT). The absorbance spectrum was acquired using [18] 

 Absorbance = –lg[Esam()2/Eref()2],      (16) 

where Esam() and Eref() are the amplitude of the sample and reference signals in the frequency domain. 
Results and discussion. In the experiment, the three types of rubber vulcanization accelerators DTDM, 

MBT, and TMTM were selected as samples for classification and identification tests, respectively assigned 
corresponding digital labels of 1, 2, and 3, respectively. Forty samples of each type of vulcanization accel-
erator were made, and each sample was measured three times using THz-TDS. To avoid errors caused by ac-
cidental factors, an average of three scanning results was taken as the spectrum for each sample. The time-
domain spectra of the three types of rubber vulcanization accelerator samples are shown in Fig. 3. 
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Fig. 3. Time-domain spectra. 

 
The time-domain spectra of the three types of rubber vulcanization accelerators were converted to fre-

quency-domain spectra by FFT, and the frequency-domain spectra are shown in Fig. 4. The three types of 
rubber vulcanization accelerator samples exhibit similar waveforms that rise rapidly in the range of 0–0.3 THz. 
Further, the waveforms exhibit a strong oscillation and multiple peaks in the range of 0.3–1.6 THz. The peak 
positions of the three types of vulcanization accelerator samples are similar and the peaks are difficult to dis-
tinguish. However, near 1.6 THz, the waveforms of the three types of vulcanization accelerator samples are 
slow and close to zero. Therefore, we selected the 0.3–1.6 THz spectral range featuring easily-disting-
uishable waveforms for analysis.  

 

Fig. 4. Frequency-domain spectra. 
 

Figure 5 shows the absorbance spectra of the three types of rubber vulcanization accelerator samples in 
this range. It can be seen from the absorbance spectra that multiple distinct absorption peaks exist in the  
0.8–1.0 and 1.2–1.6 THz ranges, but the proximity of these absorption peaks makes them difficult to distin-
guish. Considering absorbance, the absorbance of the three sample types fluctuates significantly in different 
THz frequency ranges. Specifically, in the range of 0.8–1.0 THz, the MBT peak is the highest (i.e., absorb-
ance is the strongest) while the DTDM peak is the lowest (i.e., absorbance is the weakest). In the range of 
1.2–1.6 THz, DTDM has the highest peak and strongest absorbance, while MBT has the lowest peak and 
weakest absorbance. The difference in the characteristics and properties of the material itself is one of the 
primary reasons for the difference in the strength of the absorbance. Although the absorption peak positions 
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are close, the individuals in the same category are similar and concentrated, making it a basis for using ab-
sorbance spectra as sample data analysis. 

 

 
Fig. 5. Absorbance spectra. 

 

Three types of rubber vulcanization accelerators were classified by absorbance via the ELM classifica-
tion model (Fig. 6). Digital labels of one, two and three were assigned to the DTDM, MBT, and TMTM rub-
ber vulcanization accelerators, respectively. In the 120 sets of test data, 90 sets of data were randomly select-
ed to form the calibration set, while the remaining 30 sets of data formed the prediction set. Therefore, the 
prediction set for each type of vulcanization accelerator was 10 sets of data. Figure 6 plots the result of a 
single experiment randomly selected from the multiple classification experiments. 

 

 
 

Fig. 6. Classification of ELM model prediction set. 
 
After 50 classification experiments, the average classification accuracy of the ELM model was about 

80.44%. The distribution of the 50 classification accuracy values is shown in Fig. 7. It can be seen from the 
experimental results that the classification accuracy of the ELM classification model is not high and the sta-
bility is poor. To improve the classification accuracy rate and the stability of the classification results, the 
PSO-ELM classification model was established to classify and test the three types of vulcanization accelera-
tors. Figure 8 plots the result of classification of a single experiment randomly selected from the numerous 
experiments. After 50 classification experiments, the average classification accuracy rate of the PSO-ELM 
model was about 93.34%. The distribution of the 50 classification accuracy values is shown in Fig. 9. 
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Fig. 7. ELM classification accuracy. 

 

 
Fig. 8. Classification of the PSO-ELM model prediction set. 

 

 
Fig. 9. PSO-ELM classification accuracy. 
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TABLE 1. Comparison between ELM and PSO-ELM Models 
 

 
 
 
 

 

A comparison of the classification effects of the two models before and after optimization is shown  
in Table 1 using the results of 50 experiments. As we can see from Table 1, though the ELM model has a rap-
id classification time, the classification accuracy rate is low and the degree of dispersion is large. Although 
the PSO-ELM model has a greater classification time, its classification accuracy is greatly improved and the 
stability is enhanced compared to the ELM model. 

Conclusions. Three types of rubber vulcanization accelerators were differentiated using the THz-TDS 
system. The ELM and PSO-ELM classification models were established, and the average classification accu-
racies of the two models were compared. The average classification accuracy rate of the ELM classification 
model was about 80.44%, and the average classification accuracy rate of the PSO-ELM classification model 
was about 93.34%. It can be seen from the experimental results that the PSO-ELM classification model is 
superior in terms of classification accuracy and stability. The results indicate that THz-TDS detection com-
bined with the PSO-ELM classification model is a feasible method to classify and identify rubber vulcaniza-
tion accelerators quickly, stably, and accurately. It provides a new idea for THz analysis spectroscopy and 
gives evidence for the feasibility of classifying rubber accelerators. 
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