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Near-infrared diffuse reflectance spectroscopy is proposed for the classification of pathogenic bacteria 
using optical properties. The spectrally resolved data are analyzed using a diffuse reflectance model to ex-
tract the local optical properties, including the reduced scattering coefficient and absorption coefficient. The 
optical properties at different wavelengths form the feature set. A particle swarm optimization-based support 
vector machine is used to classify seven categories of bacteria. The experimental results demonstrate the 
feasibility of the method for the rapid and noninvasive classification of pathogenic bacteria using optical 
properties. 
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Для классификации патогенных бактерий предложено использовать их оптические свойства, 

полученные с помощью спектроскопии диффузионного отражения в ближнем ИК диапазоне. Спек-
тральные данные анализируются на основе модели диффузного отражения с целью установления 
коэффициентов рассеяния и поглощения для различных длин волн. Для классификации семи катего-
рий бактерий использован метод опорных векторов, основанный на оптимизации роя частиц. Про-
демонстрирована возможность применения метода на основе оптических свойств для быстрой и 
неинвазивной классификации патогенных бактерий. 

Ключевые слова: патогенная бактерия, оптические свойства, спектроскопия диффузного от-
ражения в ближней ИК области, метод роя частиц, метод опорных векторов. 

 
Introduction. A burn wound can be caused by exposure to heat, electricity, radiation, and chemicals [1]. 

A burn wound is mostly an open wound, so bacterial colonization is unavoidable because of the presence of 
a large number of necrotic and degenerative tissues [2–4]. When bacteria are confined to surface exudates or 
liquefied necrotic tissues, they have little effect on the entire body. However, if they invade adjacent living 
tissues and reach a certain number, then there will be systemic symptoms, commonly known as a “burn 



CLASSIFICATION OF PATHOGENIC BACTERIA USING NEAR-INFRARED DIFFUSE 
 

905

wound invasive infection” or “burn wound sepsis” [5–7]. Therefore, early diagnosis of wound infection and 
the use of proper antibiotics is essential for treatment.  

The prerequisite for the diagnosis of a wound infection is the classification and discrimination of bacte-
ria. There are few studies on the classification of burn wound bacteria. Hence, the seven categories of patho-
genic bacteria which are most common in burn wound infection will be discussed in this paper. Conven-
tional methods for the classification of bacteria mainly rely on specific microbiological and biochemical 
identification [8, 9]. The present gold standard, that is, the culture-based method, is highly reliable but re-
quires days for preliminary results. Some modern biotechnology detection methods, such as the polymerase 
chain reaction method, gene chip technology, microarray technology, and other analytical methods, have 
been widely investigated [10–12]. Although these methods can be sensitive and robust, they are complicated, 
expensive, and require professional operators. The aforementioned methods have limitations in clinical ap-
plication. Therefore, there is an urgent need to establish a rapid, simple, noninvasive, and effective method 
for the classification of pathogenic bacteria. 

Various noninvasive optical approaches have been studied for detecting infected bacterial cells [13, 14]. 
Spectroscopy technologies for the rapid identification of the bacteria suspension has become very popu- 
lar [15, 16]. Among these methods, Fourier transform infrared spectroscopy has been extensively investi-
gated [17, 18]. Typically, principal component analysis is applied to extract spectral features for the iden-
tification of bacteria [19, 20]. Light scattering technology has been investigated for bacterial classificati- 
on [21, 22]. A number of features of the scattering pattern have been extracted for analysis and classification. 
However, for previous optical technologies, the extracted features are not physically meaningful and lack 
information on the structural characteristics of bacteria. For near-infrared diffuse reflectance spectroscopy 
(NIDRS), light delivered to the sample undergoes multiple elastic scattering and absorption, and part of it 
returns as diffuse reflectance carrying quantitative information about the sample structure and composition. 
Optical properties related to scattering and absorption characterize the structural components of different 
pathogenic bacteria well. They reveal the internal structure and composition of the bacteria suspension and 
explore the essential differences of different bacteria. Therefore, they can be used to distinguish different 
types of burn wound bacteria in the physical sense.  

In this study, an efficient, noninvasive NIDRS-based method is proposed for rapidly classifying burn 
wound bacteria using the optical properties of the bacteria suspension. An in-depth analysis of the optical 
properties reveals the internal structure and composition of the bacteria and explores the essential differences 
between the different types of pathogenic bacteria. The validity of optical properties for pathogenic bacteria 
classification is demonstrated using a support vector machine (SVM) classification method optimized using 
particle swarm optimization (PSO). The specific procedures are outlined as follows: (1) аn NIDRS system is 
developed to collect the diffuse reflectance spectrum; (2) a diffuse reflectance model is used to extract the 
optical parameters: reduced scattering coefficient (s) and absorption coefficient (a); (3) an SVM is applied 
to classify the bacteria; and (4) a PSO algorithm is used to optimize the parameters of the SVM model, and 
the independent samples are used to test the model.   

Experiment. The strains of burn wound bacteria were obtained from the Microbiology Laboratory of 
Burn Institute, Southwest Hospital, Third Military Medical University. The seven categories of bacteria were 
Staphylococcus aureus (Sau, ATU25923), Escherichia coli (Eco, ATU25922), Enterococcus faecalis (Efa, 
201511199), Proteus vulgaris (Pvu, 201511208), Klebsiella pneumoniae (Kpn, 201512054), Acinetobacter 
baumannii (Aba, 201512065), and Pseudomonas aeruginosa (Pae, 201512043). 

The strains of bacteria were grown on a CAN agar plate. A few tips of solid-cultured bacterial colonies 
were taken and then put into tubes with LB broth. Bacteria were grown in 20 mL LB broth for 12 h in a 
shaker incubator at 37C. The optical density of the bacteria after 12 h growth was measured. Bacteria were 
diluted in LB broth prior to the experiments, with an inoculation concentration of 109 cfu/mL. There were 
three samples for each category of bacteria. To ensure that the concentration of bacteria to be tested was the 
same, the bacterial concentration was calibrated by the optical density value. The number of NIDRS samples 
for each category of bacteria was approximately 750. 

A diffuse reflectance spectroscopy system was developed and used for the measurement of the bacteria 
suspension. Broad light from a tungsten halogen lamp (Ocean Optics HL 2000) was delivered to the bacteria 
suspension via an emitting optical fiber within a fiber optic probe (Ocean Optics QP600-2). A collecting fi-
ber adjacent to the emitting fiber collected emitted light and delivered it to a spectrometer (Ocean Optics 
NIR-Quest) with a range of 900–2500 nm and spectral resolution of 4.6 nm at FWHM. The obtained diffuse 
reflectance spectrum was calculated as  
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where R() is the normalized signal, Is() is the broadband light intensity measured from the bacteria sample, 
Ibg() is a background spectrum recorded with the light source turned off, and Iref is a measured spectrum 
from a reflectance standard. Subtracting the dark spectrum eliminated the effects of CCD dark current and 
ambient light, whereas a wavelength-dependent system response was eliminated by normalizing the sample 
response to a reflectance standard.  

Figure 1 shows a representative original near-infrared diffuse reflectance spectrum R() for the seven ca-
tegories of bacteria. It can be seen that the spectrum is almost overlapping, and it is difficult to classify the bac-
teria based on the original NIDRS data. Then, we extracted optical properties to classify pathogenic bacteria. 
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Fig. 1. Representative original near-infrared diffuse reflectance spectra for the seven categories of bacteria. 

 
Calculation of the optical properties. Two optical properties, the reduced scattering coefficient s and 

absorption coefficient a, were calculated using the diffuse reflectance model. The diffuse reflectance spec-
trum expression is described as [23] 
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with z0 = 1/(s + a), r1 = (z0
2 + rc

2)1/2, r2 = [z0
2(1 + 4B/3)2 + rc

2]1/2, and  = [3a(a + s)]
1/2, where rc is 

the radius of the light collection area. Parameter B depends on refractive index n of the medium (B = 3.2).  
In Eq. (2), the values of B and rc are fixed. The sum of squared error between Rp() and the original meas-
ured diffuse spectral data R() at each wavelength was minimized to obtain optical properties s and a at 
each wavelength.  

Figure 2 shows the reflectance spectra obtained with the NIDRS and the corresponding fitted spectra. 
A good fit was achieved for a wide range of wavelengths. The results show that the extraction of optical 
properties was conducted under reasonable conditions. 
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Fig. 2. Representative reflectance spectra of the fitted model (1) and corresponding original spectral data (2). 
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Particle swarm optimization-based support vector machine. SVMs have been widely applied in the clas-
sification of bacteria. Therefore, an SVM classifier was used in the study [24]. There are four kernel func-
tions of an SVM. In study, the most commonly used three functions, linear, polynomial, and radial basis 
function (RBF), were selected for comparison. 

Suppose training set (optical properties) X = {(s)
n, (a)

n}, n = 1, ..., 7, where n is the category of burn 
wound bacteria. Add labels to each type of pathogenic bacteria. The resulting labels are Y = {yn}, y = 1, ..., 7, 
then, {X, Y} = {(xi, yi)| i = 1, 2, ..., N}, where xi is a feature vector, yi is a label for xi, and N is the total num-
ber of training samples for the seven categories of bacteria. The optimal hyperplane can be obtained using  
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where f(x) is the classification function for the SVM algorithm, x is the test sample, i is the optimal La-
grange operator, bias b is computed by calculating the mean values under all conditions, and Ns is the num-
ber of support vectors. As we know, in kernel function K(x, xi), C is the optimizing parameter for linear, 
polynomial and RBF kernel functions, and  is only related to the RBF kernel function; C and  are parame-
ters that influence the classification and generalization ability of the SVM model, so the PSO algorithm was 
introduced to obtain the optimal SVM parameters.  

PSO is a population-based global optimization technique. In PSO, each value of C and  is described as 
a “particle,” which presents a potential solution to each optimization problem [25].  

Suppose that particles are treated as points in D-dimensional space with a certain velocity. D-dimen-
sional space represents the Euclidean space formed by the variables. By calculating the values of the fitness 
function of particles, the optimal position in the population is represented as g, and also known as gbest. For 
each generation, the d-dimensional (1  d  D) velocity and position are varied according to  

1 1 1 1 1
1 1 2 2rand ( ) rand ( )k k k k k k

id id id id gd idv wv c p x c p x         ,      (5) 

1k k k
id id idx x v   ,                 (6) 

where w is the inertia weight; c1 and c2 are learning factors, typically set to be 2; rand1 and rand2 are random 

numbers uniformly distributed in [0, 1]; k
idv  and k

idx  are the dth dimension flight velocity vector and position 

vector of particle Xi at iteration k, respectively; 
id

kp and i
gdp  are the best values currently and among all par-

ticles in the population, respectively; and  is a constant coefficient. 
In this study, the SVM classification error was used as the fitness function to calculate the fitness of 

each particle. The particle with the lowest fitness function value is the optimal solution [25]. PSO was used 
to optimize SVM parameters C and . The PSO process is described as follows. 1) Initialize a group of parti-
cles (C and ), including the random position and velocity. 2) Encode the parameters of SVM in binary code, 
and then call the SVM algorithm for training and testing, thereby evaluating the fitness value of each particle 
based on the classification error. 3) For each particle, compare its fitness value with the optimal position, and 
if it is better, it becomes the current best position. 4) Adjust the particle velocity and position according to 
Eqs. (5) and (6). 5) If the iterative condition is reached, then the current optimal parameters C and  are out-
put. Otherwise, return to Step 2. 

The classification process for burn wound bacteria with the optimized SVM is shown in Fig. 3, and the 
steps of the process are as follows:  
Step 1: Input original NIDRS data. 
Step 2: Data preprocessing. Apply the Savitzky–Golay filter to eliminate noise in the original NIDRS data. 
Step 3: Extract the optical properties from the original diffuse spectral data using the diffuse reflectance 
model. 
Step 4: Use the resulting optical properties s and a to form a feature set and input the feature set into the 
initialized classification model.  



WANG PIN et al. 
 

908

Step 5: Binary code parameters C and  of the SVM into particles. Optimize SVM parameters C and  using 
PSO based on the formed feature set. Use the optimized SVM to classify the seven types of bacteria, where 
the classification error value is the fitness value. If the fitness value satisfies the set error precision or reaches 
the maximum iteration number, go to Step 6; otherwise, go to Step 5. 
Step 6: Update the velocity and position of all the particles according to Eqs. (5) and (6). 
Step 7: When the termination conditions are met, output the obtained optimization parameters C and . 
 

        Origin spectral data 
 
 

       Savitzky–Golay  
             filtering 
 
 

      Extracting optical 
     properties parameters 
 
 

      Data preprocessing 

 
Initialization of population 
 
      Calculate the fitnes 
        value of particle 
 
 
         Whether to meet                N   Update the position and 
    the error requirements                  velocity of the particles 
 
                        Y 
 

   Optimized parameters 

 
                  End 

 
 

Fig. 3. Classification process of burn wound bacteria with the optimized SVM. 
 

Results and discussion. The number of NIDRS samples for each category of bacteria was approxi-
mately 750. The Savitzky–Golay filter was applied to eliminate noise from the original NIDRS data. After 
data preprocessing, the optical properties of bacteria were obtained using the fitting algorithm. According to 
the performance of the system, the spectrum of 1.280–1.620 nm was selected for analysis.  

The values of optical properties a and s are shown in Fig. 4. Figure 4a illustrates the value of absorp-
tion coefficient a at each wavelength for seven categories of bacteria. The absorption coefficient (a) is di-
rectly related to the concentration of absorbers in the bacteria suspension. As can be seen, generally, the 
value of a reached its peak at 1450 nm. a values for Efa, Pae, Sau, and Aba were almost the same, and 
those for three other categories of bacteria were different. As seen in Fig. 4b, the value of reduced scattering 
coefficient s decreased with an increasing wavelength. The difference in s values between Pae, Sau, and 
Aba was negligible and that between Efa, Pvu, Eco, and Kpn decreased in turn. The reduced scattering coef-
ficient (s) reflects the size and density of scatterers in the bacteria suspension. Figure 4 illustrates that Pae, 
Sau, and Aba had a similar concentration of absorbers and size and density of scatteres; thus, the classifica-
tion of the three bacteria was difficult. The values of a and s varied for different wavelengths and bacteria, 
which indicates that the optical properties can be used to classify the bacteria. 

Table 1 shows the values of s and a, and standard deviation of the seven categories of pathogenic 
bacteria at a center wavelength of 1450 nm. It demonstrates that the optical properties of Sau, Aba, and Pae 
were very close, their structure and composition were analogous, and the three bacteria were difficult to dis-
tinguish. 
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Fig. 4. Absorption coefficient a and reduced scattering coefficient s at each wavelength  

for seven categories of bacteria. 
 

TABLE 1. Values s and a for the Seven Categories of Pathogenic Bacteria at Wavelength 1450 nm 
 

Bacteria Sau Eco Efa Pvu Kpn Aba Pae 
s, cm–1 0.5450.002 0.5010.004 0.5630.005 0.5210.001 0.4910.013 0.5390.006 0.5480.0068
a, cm–1 0.2740.002 0.2090.004 0.2710.005 0.2380.004 0.1980.007 0.2710.004 0.2840.004 

 
Figure 5 shows the scatter plot of the values of the absorption and reduced scattering coefficient at 1450 

nm for the seven categories of bacteria. It can be seen that Efa, Pae, Sau, and Aba merged and were difficult 
to separate. The other three categories were well separated and could easily be distinguished. This further 
demonstrated that the optical properties using diffuse reflectance spectroscopy could be applied for bacteria 
classification. 

The obtained optical properties parameters a and s of different wavelengths formed a feature set that 
was used to classify bacteria. The total number of spectra samples for seven categories of bacteria was 5299. 
Two-thirds of the samples were chosen randomly as training samples, and the remaining samples were used 
for testing. An SVM was chosen as the classifier to verify the ability of the optical properties to classify dif-
ferent categories of bacteria. 
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Fig. 5. Scatter plot of the optical properties at the 1450 nm wavelength for seven categories of bacteria. 
 

The parameters of an SVM have a great influence on the classification result, so PSO can be applied to 
optimize the parameters. To validate the performance of PSO, it was compared with a default SVM method. 
The kernel functions of the SVM, including linear, polynomial and RBF, were also compared, and recorded 
as SVML, SVMP, and SVMR, respectively. To avoid randomness, the experiments were repeated 10 times, 
and the average accuracy value was recorded. The classification results for each category of bacteria and the 
overall classification result (OCR) and average classification result (ACR) for the seven categories of bacte-
ria are shown in Table 2. Although the ACR and OCR of SVML were 96.99% and 96.98%, respectively, the 
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classification accuracy of Aba was approximately 78%. The ACR and OCR of SVMP and SVMR were less 
than 35%. Therefore, it was difficult for the default SVM method to classify the bacteria, and its generaliza-
tion ability was poor. As can be seen, the classification results of the model optimized by PSO improved a 
great deal. The optimized polynomial kernel function of the SVM (PSO-SVMP) method demonstrated good 
performance, achieving a prediction ability of 100% for every category of bacteria. The ACR and OCR of 
PSO-SVML and PSO-SVMR were over 99%.  

 
TABLE 2. Classification Result, OCR, and ACR (in %) for SVML, SVMP, and SVMR  

with the Default Parameter and PSO 
 

Bacteria SVML SVMP SVMR PSO-SVML PSO-SVMP PSO-SVMR 
Sau 100.00 0 4.64 100.00 100.00 100.00 
Eco 100.00 0 3.92 100.00 100.00 100.00 
Efa 100.00 0 3.89 100.00 100.00 100.00 
Pvu 100.00 0 62.31 100.00 100.00 100.00 
Kpn 100.00 0 4.69 100.00 100.00 99.85 
Aba 78.91 0 4.48 94.34 100.00 100.00 
Pae 100.00 100.00 91.33 100.00 100.00 100.00 
ACR 96.99 14.29 25.25 99.19 100.00 99.97 
OCR 96.98 19.99 31.21 99.19 100.00 99.97 
 
The results indicate that the PSO-SVM method was able to adequately distinguish the seven categories 

of bacteria based on the optical properties of NIDRS. The PSO-SVM method demonstrated good generaliza-
tion performance at a significantly high classification accuracy, which has great potential to be applied in 
clinical burn wound bacteria classification. The favorable results of PSO-SVM demonstrate that optical 
properties can be used to classify and discriminate pathogenic bacteria.  

Conclusion. Near-infrared diffuse reflectance spectroscopy was proposed for the classification of burn 
wound bacteria based on reduced scattering coefficient s and absorption coefficient a, which reflect the 
structure and composition of bacteria. They can fundamentally differentiate different categories of bacteria. 
A default SVM and PSO-SVM classifiers were applied to prove that the optical properties were efficient for 
bacterial classification. It was difficult for the default SVM to obtain high classification accuracy for seven 
categories of bacteria, and it demonstrated poor generalization performance. Despite this, combined with 
PSO, the PSO-SVM classifier based on the optical properties achieved favorable classification results. The 
method based on the NIDRS system is noninvasive, noncontact, and effective. The model provides an in-
sight into the optical properties that discriminate different categories of bacteria. An in-depth analysis of the 
optical properties revealed the internal structure and composition of the bacteria, and explored the essential 
differences between the different types of pathogenic bacteria. In the future, this system could be used to 
establish a database of optical properties for different bacteria, which would provide a promising tool for the 
rapid and noninvasive classification of burn wound bacteria with high reproducibility.  
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