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Identifying plant pathogens for disease diagnosis and disease control strategy making is of great significance. In this study, based
on near-infrared spectroscopy, a method for identifying three kinds of pathogens causing wheat smuts, including Tilletia foetida,
Ustilago tritici, andUrocystis tritici, was investigated. Based on the acquired near-infrared spectral data of the teliospore samples of
the three pathogens, pathogen identification models were built in different spectral regions using distinguished partial least
squares (DPLS), backpropagation neural network (BPNN), and support vector machine (SVM). Satisfactory identification results
were achieved using the DPLS, BPNN, and SVMmodels built in each of the 22 spectral regions. By contrast, themodeling effects of
DPLS and SVMwere better than those of BPNN.,emodeling ratio of the training set to the testing set affected the identification
results of the BPNN models more than those obtained using the DPLS and SVM models. In this study, a rapid, accurate, and
nondestructive method was provided for plant pathogen identification, and some basis was provided for disease diagnosis,
pathogen monitoring, and disease control. Moreover, some methodological references and supports were provided for iden-
tification of quarantine wheat smut fungi in plant quarantine.

1. Introduction

,e occurrence and epidemics of plant diseases can cause
severe yield losses and quality decline of agricultural
products and sometimes lead to serious social problems. It is
crucial to prevent and control plant diseases in a timely
manner for ensuring normal agricultural production and
food security. Accurate and rapid identification of plant
diseases and the causal agents is the most important pre-
requisite of disease monitoring and early warning, which are
the bases for prevention and control of plant diseases.
Nowadays, morphological identification methods and mo-
lecular marker-based identification techniques are com-
monly used for pathogen identification. For example,
morphological identification methods [1–5] and molecular
biological identification methods [2–4, 6–11] have been

developed for identification of the causal agents of many
plant smuts with important economic significance in agri-
cultural production. However, morphological identification
methods highly depend on personnel experience, and it is
difficult to clearly observe very small pathogens using or-
dinary optical microscopes, and thus identification errors
easily occur. Molecular biological identification methods are
highly accurate but generally require professional in-
struments and reagents, professional personnel to operate,
and a relatively long time to achieve identification results
[12, 13]. In addition, nondestructive identification of
pathogens cannot be implemented using molecular bi-
ological methods. ,erefore, a new method to solve the
problems in identification of plant pathogens is urgently
required. To ensure the quality and safety of agricultural
products and the safe production of wheat, a rapid, accurate,
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and nondestructive identification method for three kinds of
wheat smut fungi based on near-infrared spectroscopy
(NIRS) was explored in this present study.

NIRS, a rapid, low-cost, pollution-free, and non-
destructive analytical technique, can be used to conduct both
qualitative analysis and quantitative analysis of samples
using material information contained in near-infrared
spectra and has been widely applied in agriculture, food,
petroleum, chemical, pharmacy, and other industries [14–
24]. Since NIRS is an indirect analytical technique, when it is
applied to perform qualitative or quantitative analysis of an
unknown sample, it is necessary to obtain near-infrared
spectral data of a large number of known samples and then
to establish a qualitative or quantitative identification model
using chemometric methods.

In recent years, NIRS has been applied to detection and
identification of insect pests [25, 26] and plant diseases
[27–29]. Wu et al. [27] built an early detection model for
gray mold (caused by Botrytis cinerea) on eggplant leaves
based on acquired visible and near-infrared spectra using
backpropagation neural network (BPNN), and an identifi-
cation accuracy of 88% was achieved. For the early and rapid
detection of soybean pod anthracnose (caused by Colleto-
trichum truncatum), integrating the successive projections
algorithm and least square support vector machine (LS-
SVM), a disease detection model with an accuracy of 95.45%
was built based on visible/near-infrared spectra by Feng et al.
[28]. To realize nondestructive detection of citrus huan-
glongbing (caused by Candidatus liberibacter), Liu et al. [29]
acquired the near-infrared spectra (4000–9000 cm−1) of
three categories of citrus leaves including healthy leaves,
nutrient-deficient leaves, and huanglongbing leaves, sub-
sequently preprocessed the original spectral data using the
methods including first derivative transformation,
smoothing, and multiple scattered correction, and then built
a LS-SVM model with an accuracy of 100% for identifying
the three categories of leaves. At present, there are still few
reports on the use of NIRS for identification and early
monitoring of plant diseases and identification of plant
pathogens.

In our previous studies, NIRS was used to implement
early diagnosis and detection of wheat stripe rust caused by
Puccinia striiformis f. sp. tritici (Pst) [30–32], qualitative
discrimination of plant disease species [30, 31], disease se-
verity assessment [33], and qualitative identification and
quantitative analysis of Pst and P. recondita f. sp. tritici (Prt)
based on NIRS [32, 34]. In combination with a molecular
biology technique, real-time polymerase chain reaction,
quantitative determination of the relative contents of Pst
DNA in wheat leaves in incubation period, was implemented
based onNIRS [32]. In addition, the research on quantitative
determination of germinability of Pst urediospores based on
NIRS was conducted [35], and the effect of ultraviolet B
radiation on NIRS-based identification of Pst was in-
vestigated [36]. In particular, in the study of qualitative
identification and quantitative analysis of Pst and Prt, based
on the acquired near-infrared spectra of pure and mixed
samples of the Pst and Prt urediospores, a qualitative
identification model was built using distinguished partial

least squares (DPLS) and a quantitative determination
model was built using quantitative partial least squares [34].
,e two models demonstrated good performance, and the
qualitative identification and quantitative analysis of Pst and
Prt were realized based on NIRS.

Based on the studies mentioned above, the rapid and
accurate identification of three kinds of wheat smut fungi
including Tilletia foetida, Ustilago tritici, and Urocystis tritici
causing common bunt, loose smut, and flag smut on wheat,
respectively, was investigated using NIRS technology in this
study. Based on the acquired near-infrared spectra of the
teliospores of T. foetida, Ustilago tritici, and Urocystis tritici,
pathogen identification models were built with different
modeling ratios of training sets and testing sets in different
modeling spectral regions using DPLS, BPNN, and support
vector machine (SVM). ,e aim of this study was to provide
a rapid, accurate, and nondestructive method for the
identification of multiple kinds of plant pathogens and to
provide some basis for disease diagnosis, pathogen moni-
toring, and disease control measure making. In addition,
some methodological references were provided for identi-
fying quarantine wheat smut fungi in plant quarantine.

2. Materials and Methods

2.1. Materials. T. foetida, Ustilago tritici, and Urocystis
tritici were used as experimental materials. ,e specimens
of T. foetida and Urocystis tritici were collected from wheat
growing areas in Henan Province, China in 2014 and 2015.
,e specimens of Ustilago tritici were collected from
wheat growing areas in Gansu Province, China, in 2015.
For T. foetida and Urocystis tritici, diseased wheat panicles
were collected. For Ustilago tritici, diseased wheat stems,
leaves, and leaf sheaths with typical symptoms of wheat
flag smut were collected.

For T. foetida, each of the bunt ball from the diseased
wheat panicles was cracked with an inoculation needle, and
the released black powdery teliospores of approximately
7–12mg were treated as a sample.,ere were 1071 bunt balls
obtained in this study. For Ustilago tritici, each diseased
wheat panicle was clamped with sterile forceps, then the
black powdery teliospores were shacked off and landed on a
piece of a smooth-surface weighing paper. ,e teliospores of
6-7mg were treated as a sample, and a total of 389 teliospore
samples ofUstilago triticiwere obtained. ForUrocystis tritici,
10mg of teliospores from the diseased wheat stems, leaves,
and leaf sheaths were taken as a sample. A total of 30 te-
liospore samples of Urocystis tritici were obtained.

2.2. Acquisition of Near-Infrared Spectral Data. Using a FT-
NIR MPA spectrometer (Bruker, Germany), the near-in-
frared spectra of teliospore samples of T. foetida, Ustilago
tritici, and Urocystis tritici were acquired. Each teliospore
sample was placed into a sample cup (4mm in diameter) for
near-infrared spectral measurement using the integrating
sphere diffuse reflectance method. Especially, the tightness
of teliospores in the sample cup was kept as consistent as
possible to reduce the errors that may be induced by
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different tightness. ,e spectral resolution and the number
of scan processes in the measurement system were set as
8 cm−1 and 32, respectively. ,e near-infrared spectra in the
range of 4000 to 12000 cm−1 were collected. Each teliospore
sample was used for acquisition of only one near-infrared
spectrum.

Totally, 1490 teliospore samples were measured and 1490
near-infrared spectra were acquired including 1071, 389, and
30 spectra of T. foetida, Ustilago tritici, and Urocystis tritici,
respectively. After averaging the spectral data of T. foetida,
Ustilago tritici, and Urocystis tritici according to their cat-
egories, the spectral curve of each category is shown in
Figure 1. ,ere were considerable differences between the
average spectra in the range of 4000–12000 cm−1 except the
range of 6000–7000 cm−1. In particular, obvious differences
could be found among the three average spectra in the range
of 7200–12000 cm−1.

2.3. Establishment of Pathogen IdentificationModels Based on
NIRS. ,e acquired near-infrared spectra had relatively
strong random noises in high-frequency regions (Figure 1).
To eliminate the effects of random noises in high-frequency
regions and to select the suitable spectral region for modeling,
the spectral region of 4000–12000 cm−1 and 21 spectral re-
gions divided from the region of 4000–10000 cm−1, including
4000–5000, 4000–6000, 4000–7000, 4000–8000, 4000–9000,
4000–10000, 5000–6000, 5000–7000, 5000–8000, 5000–9000,
5000–10000, 6000–7000, 6000–8000, 6000–9000, 6000–10000,
7000–8000, 7000–9000, 7000–10000, 8000–9000, 8000–10000,
and 9000–10000 cm−1, were taken as modeling spectral re-
gions. In this study, the acquired near-infrared spectral data
were processed using the two following methods: Data
treatment method 1 and Data treatment method 2, and then
pathogen identification models were built with three mod-
eling ratios of training sets to testing sets (i.e., 3 :1, 4 :1 and 5 :
1) in the different spectral regions using three modeling
methods including DPLS, BPNN, and SVM. ,e main steps
for establishment of pathogen identification models are
shown in Figure 2.

Data treatment method 1 was based on all the acquired
near-infrared spectral data.,e near-infrared spectra of each
kind of pathogen were randomly selected according to
modeling ratio (3 :1, 4 :1 or 5 :1) and then were integrated
together to form training set and testing set, respectively.,e
number of near-infrared spectra of each kind of pathogen in
training sets and testing sets under different modeling ratios
is shown in Table 1. With the modeling ratios of 3 :1, 4 : 1,
and 5 :1, DPLS, BPNN, and SVM were used to build the
pathogen identification models in the different modeling
spectral regions, respectively. ,e identification accuracies
of training and testing sets were used to evaluate the models.
While building a DPLS model, the number of principal
components was set as 1, 2, 3, . . ., or 10. ,e number of
neurons in the hidden layer while building a BPNN model
was set as 10, 50, or 100. Each BPNN model was built using
the neural network toolbox of the software MATLAB 8.2
(MathWorks, Natick, MA, USA) with the default settings
except for changes in the number of neurons in the hidden

layer and randomly taking 90% of data from the training set
for training and the remaining 10% for validation. Using
C-SVM in LIBSVM package developed by the Chih-Jen Lin
group from Taiwan, China [37], SVM models for pathogen
identification were built with radial basis function as the
kernel function. ,e optimal values of penalty parameter C
and kernel function parameter g for each SVM model were
searched using grid search algorithm in the range of 2−10 to
210 with 0.8 as the searching step. Identification accuracies
were calculated by 3-fold cross validation on the training set
at all points within the grid. When the identification ac-
curacy of the training set was the highest, the values of C and
g were selected as the optimal parameters of the SVMmodel.

For Data treatmentmethod 2, to reduce the bias that may
be induced by the great differences among the numbers of
samples of the three kinds of pathogens, the near-infrared
spectra of the samples of T. foetida were randomly divided
into 10 groups that were labeled as TFG1, TFG2, TFG3, . . .,
and TFG10, and the near-infrared spectra of the samples of
Ustilago tritici were also randomly divided into 10 groups
that were labeled as UTG1, UTG2, UTG3, . . ., and UTG10.
,en, TFG1, UTG1, and all the near-infrared spectra of
Urocystis tritici formed a data subset that was labeled as data
subset 1. TFG2, UTG2, and all the near-infrared spectra of
Urocystis tritici formed data subset 2. In such a way, a total of
10 data subsets (including data subset 1, data subset 2, data
subset 3, . . ., and data subset 10) were formed. ,e near-
infrared spectra of each kind of pathogen in each data subset
were randomly selected according to modeling ratio (3 :1, 4 :
1 or 5 :1) and then were integrated together to form training
set and testing set, respectively. ,e number of near-infrared
spectra of each kind of pathogen in the training and testing
sets for each data subset under different modeling ratios is
shown in Table 2. Based on each data subset, using DPLS,
BPNN, and SVMmodeling methods as described above, the
pathogen identification models were built in the different
modeling spectral regions when the modeling ratios of the
training sets to the testing sets were 3 :1, 4 :1 and 5 :1. ,e
average identification accuracies and the standard deviation
(SD) of the identification accuracies of training sets and
testing sets on the 10 data subsets were used to evaluate the
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Figure 1: Spectral curves for the three kinds of fungi including
Tilletia foetida, Ustilago tritici, and Urocystis tritici.
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modeling effect. ,e value of SD can be calculated using the
following formula:

SD �

������������


n
i�1 Ai −A( 

2

n



, (1)

where SD is the standard deviation of the identification
accuracies of training sets or testing sets on n data subsets, Ai

is the identification accuracy of the training set or the testing
set on the ith data subset, A is the average of the identifi-
cation accuracies of training sets or testing sets on n data
subsets, and n is the number of the data subsets. In this
study, n was equal to 10.

For each modeling method (DPLS, BPNN, or SVM),
when Data treatment method 1 or Data treatment method 2
was used, the optimal modeling results obtained with each

modeling ratio of the training set to the testing set in each
near-infrared spectral region were selected. When the DPLS
models were built for pathogen identification, the optimal
modeling results were selected from the identification results
obtained with different numbers of principal components in
a modeling spectral region, according to the identification
accuracies of training sets and testing sets (Data treatment
method 1) or the average identification accuracies and the
SD values for training sets and test sets on the 10 data subsets
(Data treatment method 2). If the same identification ac-
curacies for training sets and testing sets were obtained when
different numbers of principal components were used, the
modeling effect with the minimum number of principal
components was optimal. When the BPNN models were
built, the optimal modeling results were selected from the
results obtained with different numbers of neurons in the

Table 1: Number of near-infrared spectra of each kind of pathogen in the training and testing sets under different modeling ratios when
Data treatment method 1 was used.

Modeling ratio of training set
to testing set

Training set Testing set
Tilletia
foetida

Ustilago
tritici

Urocystis
tritici

Total number of
samples

Tilletia
foetida

Ustilago
tritici

Urocystis
tritici

Total number of
samples

3 :1 803 291 22 1116 268 98 8 374
4 :1 856 311 24 1191 215 78 6 299
5 :1 892 324 25 1241 179 65 5 249
Note. ,ere were 1490 near-infrared spectra including 1071, 389, and 30 spectra of Tilletia foetida, Ustilago tritici, and Urocystis tritici, respectively.

Acquired near-infrared spectral data
Spectral data of Tilletia foetida Spectral data of Ustilago tritici Spectral data of Urocystis tritici 
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Figure 2: Work flow diagram of establishment of pathogen identification models based on near-infrared spectroscopy.
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hidden layer in a modeling spectral region, according to the
identification accuracies of training sets and testing sets
(Data treatment method 1) or the average identification
accuracies and the SD values for training sets and testing sets
on the 10 data subset (Data treatment method 2). If the same
identification accuracies for training and testing sets were
obtained when different numbers of neurons in the hidden
layer were used, the modeling effect with the minimum
number of neurons was optimal.

Moreover, when the pathogen identification models
were built using DPLS, BPNN, or SVM, a comprehensive
comparison of the optimal modeling results obtained in
different modeling spectral regions was performed. A
comparison of the modeling results obtained with Data
treatment method 1 and Data treatment method 2 was also
conducted.

3. Results

3.1. Pathogen Identification Results of the DPLS, BPNN, and
SVM Models Using Data Treatment Method 1. When the
acquired near-infrared spectral data were processed with

Data treatment method 1, very good performance with the
identification accuracies of the training and testing sets of more
than 97% was achieved using the DPLS models built with
different modeling ratios in each of the 22 modeling spectral
regions (Table 3). ,e identification accuracies of the training
and testing sets reached 100% for the DPLS models built with
different modeling ratios in the modeling spectral regions,
except for the spectral regions of 4000–5000, 6000–7000,
8000–9000, 8000–10000, and 9000–10000 cm−1. When the
DPLS models were built in the narrow spectral regions, the
identification accuracies of the training and testing sets could
reach 100% only for the models with different modeling ratios
in the two spectral regions of 5000–6000 and 7000–8000 cm−1.
,e identification accuracies of the training and testing sets
could reach 100% for the DPLS models built with different
modeling ratios in the relatively wide spectral regions, except
for the spectral region of 8000–10000 cm−1. ,e results in-
dicated that the width of modeling spectral region had certain
effects on the identification results of the DPLS models. In
addition, the results demonstrated that relatively low-frequency
regions and relatively high-frequency regions in the acquired
near-infrared spectra could decrease the identification

Table 2: Number of near-infrared spectra of each kind of pathogen in the training and testing sets for each data subset under different
modeling ratios when Data treatment method 2 was used.

Modeling ratio of training
set to testing set

Data
subset

Training set Testing set
Tilletia
foetida

Ustilago
tritici

Urocystis
tritici

Total number of
samples

Tilletia
foetida

Ustilago
tritici

Urocystis
tritici

Total number of
samples

3 :1 1 80 29 22 131 27 10 8 45
3 :1 2 80 29 22 131 27 10 8 45
3 :1 3 80 29 22 131 27 10 8 45
3 :1 4 80 29 22 131 27 10 8 45
3 :1 5 80 29 22 131 27 10 8 45
3 :1 6 80 29 22 131 27 10 8 45
3 :1 7 80 29 22 131 27 10 8 45
3 :1 8 80 29 22 131 27 10 8 45
3 :1 9 80 29 22 131 27 10 8 45
3 :1 10 81 28 22 131 27 10 8 45
4 :1 1 85 31 24 140 22 8 6 36
4 :1 2 85 31 24 140 22 8 6 36
4 :1 3 85 31 24 140 22 8 6 36
4 :1 4 85 31 24 140 22 8 6 36
4 :1 5 85 31 24 140 22 8 6 36
4 :1 6 85 31 24 140 22 8 6 36
4 :1 7 85 31 24 140 22 8 6 36
4 :1 8 85 31 24 140 22 8 6 36
4 :1 9 85 31 24 140 22 8 6 36
4 :1 10 86 30 24 140 22 8 6 36
5 :1 1 89 32 25 146 18 7 5 30
5 :1 2 89 32 25 146 18 7 5 30
5 :1 3 89 32 25 146 18 7 5 30
5 :1 4 89 32 25 146 18 7 5 30
5 :1 5 89 32 25 146 18 7 5 30
5 :1 6 89 32 25 146 18 7 5 30
5 :1 7 89 32 25 146 18 7 5 30
5 :1 8 89 32 25 146 18 7 5 30
5 :1 9 89 32 25 146 18 7 5 30
5 :1 10 90 31 25 146 18 7 5 30
Note.,ere were 1490 near-infrared spectra including 1071, 389, and 30 spectra of Tilletia foetida,Ustilago tritici, andUrocystis tritici, respectively.,ere were
10 data subsets, and each data subset was composed of 176 spectra.
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accuracies of the training and testing sets. In particular, high-
frequency regions with relatively wide ranges had some effects
on the identification results of the models with different
modeling ratios.

When the acquired near-infrared spectral data were
processed with Data treatment method 1, the BPNN models
built with different modeling ratios in each modeling
spectral region performed well (Table 4). ,e optimal
identification accuracies of the training and testing sets were
87.66% and 88.29%, respectively, when the BPNNmodel was
built with the modeling ratio equal to 4 :1 and the number of
neurons in the hidden layer equal to 10 in the spectral region
of 9000–10000 cm−1. ,e identification accuracies of the
training and testing sets reached more than 90% in other
cases. When the BPNN models were built in the spectral
region of 4000–12000 cm−1, the identification accuracies of
the training and testing sets for the models built with the
modeling ratios of 3 :1 and 5 :1 reached 100%, and those for
the model built with the modeling ratio equal to 4 :1 and the
number of neurons in the hidden layer equal to 50 were
99.83% and 100%, respectively. When the BPNN models
were built in the 21 spectral regions from the range of 4000 to
10000 cm−1, the optimal identification accuracies of the
training sets and the testing sets for the models with different
modeling ratios reached 100%, except for the spectral regions
of 4000–6000, 5000–6000, 5000–9000, 6000–7000, 6000–
8000, 6000–9000, 6000–10000, 7000–8000, 8000–9000,
8000–10000, and 9000–10000 cm−1. For the BPNN models
built in each of the 21 spectral regions from the range of
4000–10000 cm−1 except the spectral regions of 6000–7000,
8000–9000, 8000–10000, and 9000–10000 cm−1, at least when
one modeling ratio was used, both the identification accuracy
of the training set and that of the testing set reached 100%. For
the BPNN models built in the narrow spectral regions,
4000–5000, 5000–6000, and 7000–8000 cm−1, both the
identification accuracies of the training and testing sets could
reach 100%. However, when the BPNN models were built in
the spectral regions of 5000–6000 and 7000–8000 cm−1, the

modeling ratio affected the modeling results. For the BPNN
models built in the spectral region of 5000–6000 cm−1, when
the modeling ratios were 3 :1, 4 :1, and 5 :1, the identification
accuracies of the training sets were 100%, 97.98%, and 99.92%,
respectively, and those of the testing sets were 100%, 97.99%,
and 100%, respectively. For the BPNN models built with the
modeling ratios of 3 :1, 4 :1, and 5 :1 in the spectral region of
7000–8000 cm−1, the identification accuracies of the training
sets were 100%, 97.98%, and 100%, respectively, and those of
the testing sets were 100%, 97.99%, and 100%, respectively.

When Data treatment method 1 was used, the SVM
models that were built with different modeling ratios in
each modeling spectral region presented very good per-
formances, with the optimal identification accuracies of the
training and testing sets of more than 99% (Table 5). For the
SVM models that were built in the modeling spectral re-
gions, except the spectral region of 9000–10000 cm−1, the
identification accuracies of 100% of the training and testing
sets were achieved at least when one modeling ratio was
used. When the SVM models were built in the narrow
spectral regions of 4000–5000, 6000–7000, 7000–8000, and
8000–9000 cm−1, both the identification accuracies of the
training sets and those of the testing sets reached 100%
when each of the three modeling ratios was used. For the
SVM models built in the spectral region of 5000–
6000 cm−1, when the modeling ratios were 3 : 1 and 4 :1, the
optimal identification accuracies of the training sets were
99.91% and 100%, respectively, and those of the testing sets
were 100% and 99.67%, respectively, and when the mod-
eling ratio was 5 : 1, both the optimal identification accu-
racy of the training set and that of the testing set were 100%.
For the SVM models built in the spectral region of
9000–10000 cm−1, the optimal identification accuracy of
the training set was 100% and that of the testing set was
99.73% when the modeling ratio was 3 : 1; when the
modeling ratio was 4 : 1, the optimal identification accu-
racies of the training set and the testing set were 99.92% and
100%, respectively; and when the modeling ratio was 5 : 1,

Table 3: ,e optimal results except those with both the identification accuracy of the training set and the identification accuracy of the
testing set equal to 100% when the DPLS models for Data treatment method 1 were built with different modeling ratios in each modeling
spectral region.

Spectral region (cm−1) Modeling ratio of training
set to testing set

,e number of
principal components

Identification accuracy of
training set (%)

Identification accuracy of
testing set (%)

4000–5000 3 :1 9 99.91 99.73
4000–5000 4 :1 9 100 99.67
4000–5000 5 :1 10 99.92 100
6000–7000 3 :1 10 99.46 98.66
6000–7000 4 :1 9 99.33 99.33
6000–7000 5 :1 9 99.44 98.80
8000–9000 3 :1 8 98.21 98.13
8000–9000 4 :1 9 98.40 98.33
8000–9000 5 :1 9 98.39 97.99
8000–10000 3 :1 10 99.91 99.47
8000–10000 4 :1 8 99.92 99.33
8000–10000 5 :1 9 99.84 99.60
9000–10000 3 :1 9 98.03 97.33
9000–10000 4 :1 7 97.98 97.66
9000–10000 5 :1 9 97.99 97.59

6 Journal of Spectroscopy



those of the training set and the testing set were 100% and
99.60%, respectively.

As described above, satisfactory results could be ob-
tained using the pathogen identification models built using
DPLS, BPNN, and SVM in different spectral regions.
Compared with the DPLS and BPNNmodelingmethods, the
identification accuracies of the training and testing sets
could reach 100% in more spectral regions when the
pathogen identification models were built using SVM. By
contrast, the effects of the modeling ratio on the

identification results of the models built using BPNN and
SVM were greater than those on the identification results of
the models built using DPLS.

3.2. Pathogen Identification Results of the DPLS, SVM, and
BPNN Models Using Data Treatment Method 2. When Data
treatment method 2 was used, very satisfactory modeling
results were achieved using the DPLS models built on each
data subset with different modeling ratios in each modeling

Table 5: ,e optimal results except those with both the identification accuracy of the training set and the identification accuracy of the
testing set equal to 100% when the SVM models for Data treatment method 1 were built with different modeling ratios in each modeling
spectral region.

Spectral region (cm−1) Modeling ratio of training
set to testing set

Optimal parameters Identification accuracy
of training set (%)

Identification accuracy of
testing set (%)C g

4000–12000 3 :1 0.2500 6.9644 100 99.73
4000–6000 4 :1 1.3195 64.0000 100 99.67
4000–10000 3 :1 0.4353 6.9644 100 99.73
5000–6000 3 :1 4.0000 36.7583 99.91 100
5000–6000 4 :1 1.3195 337.7940 100 99.67
5000–10000 3 :1 0.4353 12.1257 100 99.73
5000–10000 5 :1 0.7579 111.4305 100 99.60
6000–8000 3 :1 6.9644 64.0000 100 99.73
6000–8000 5 :1 2.2974 588.1336 100 99.20
6000–9000 3 :1 1.3195 21.1121 100 99.47
6000–9000 5 :1 1.3195 337.7940 100 99.20
6000–10000 3 :1 1.3195 12.1257 99.91 99.73
9000–10000 3 :1 64.0000 111.4305 100 99.73
9000–10000 4 :1 588.1336 4.0000 99.92 100
9000–10000 5 :1 12.1257 337.7940 100 99.60

Table 4: ,e optimal results except those with both the identification accuracy of the training set and the identification accuracy of the
testing set equal to 100% when the BPNN models for Data treatment method 1 were built with different modeling ratios in each modeling
spectral region.

Spectral region (cm−1) Modeling ratio of
training set to testing set

,e number of neurons in
the hidden layer

Identification accuracy of
training set (%)

Identification accuracy
of testing set (%)

4000–12000 4 :1 50 99.83 100
4000–6000 4 :1 10 97.98 97.99
4000–6000 5 :1 10 97.99 97.99
5000–6000 4 :1 10 97.98 97.99
5000–6000 5 :1 100 99.92 100
5000–9000 3 :1 10 98.03 97.86
6000–7000 3 :1 100 98.03 97.59
6000–7000 4 :1 50 97.98 97.99
6000–7000 5 :1 10 97.99 97.59
6000–8000 3 :1 50 98.03 97.86
6000–9000 4 :1 10 97.98 97.99
6000–10000 3 :1 10 98.03 97.86
6000–10000 4 :1 10 97.98 97.99
7000–8000 4 :1 10 97.98 97.99
8000–9000 3 :1 50 98.03 97.86
8000–9000 4 :1 50 97.98 97.99
8000–9000 5 :1 50 97.99 97.99
8000–10000 3 :1 100 98.03 97.86
8000–10000 4 :1 50 97.98 97.99
8000–10000 5 :1 10 97.99 97.99
9000–10000 3 :1 50 92.11 91.98
9000–10000 4 :1 10 87.66 88.29
9000–10000 5 :1 50 97.58 97.19
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spectral region. ,e average identification accuracies of the
training sets and the testing sets on the 10 data subsets
reached more than 98% (Table 6). Except for the models
built with the modeling ratio of 3 :1 in the spectral region of
6000–7000 cm−1 and the models built on each data subset
with the three modeling ratios in the spectral region of
8000–9000 or 9000–10000 cm−1, the average identification
accuracies of the training sets and the testing sets on the 10
data subsets reached 100% for the DPLS models built on
each data subset with different modeling ratios in each of the
other modeling spectral regions. For the DPLS models built
in the narrow spectral region of 4000–5000, 5000–6000,
6000–7000, or 7000–8000 cm−1, both the average identifi-
cation accuracies of the training and testing sets on the 10
data subsets reached 100%, when one or more than one
modeling ratios were used. By contrast, there was some
reduction in the average identification accuracies of the
training sets and the testing sets on the 10 data subsets when
the DPLS models were built in the narrow high-frequency
region of 8000–9000 or 9000–10000 cm−1, demonstrating
that high-frequency regions had an impact on the modeling
results. Although both the average identification accuracies
of the training sets and those of the testing sets on the 10 data
subsets did not reach 100% for the models built with the
modeling ratio of 3 :1 in the spectral region of
6000–7000 cm−1 and for those built with eachmodeling ratio
in the spectral region of 8000–9000 or 9000–10000 cm−1, the
average identification accuracies were still very high, and the
SD values of the identification accuracies for the 10 data
subsets were very small. ,e results indicated that satis-
factory identification performance could be achieved using
the DPLS models based on NIRS and that the models had
high stability.

When Data treatment method 2 was used, satisfactory
identification results could be obtained using the BPNN
models built on each data subset in each modeling spectral
region (Table 7), but the modeling ratio had a great influence
on the identification results of the models. For the BPNN
models built in the spectral region of 4000–8000 cm−1, both
the average identification accuracy of the training sets and
that of the testing sets on the 10 data subsets reached 100%
when the modeling ratio was 4 :1 or 5 :1. When the BPNN
models were built with the modeling ratio of 5 :1 in the
spectral region of 5000–6000 cm−1 on the 10 data subsets,
both the average identification accuracy of the training sets
and that of the testing sets reached 100%. When the BPNN
models were built with the modeling ratio of 3 :1 in the
spectral region of 5000–10000 cm−1 on the 10 data subsets,
both the average identification accuracy of the training sets
and that of the testing sets reached 100%. For the models
built with the modeling ratio of 3 :1 or 5 :1 in the spectral
region of 4000–5000 cm−1, the ones built with the modeling
ratio of 4 :1 in the spectral region of 5000–6000 cm−1, the
ones built with the modeling ratio of 3 :1 or 5 :1 in the
spectral region of 6000–7000 cm−1, and the ones built with
the modeling ratio of 3 :1 in the spectral region of
8000–10000 cm−1, the SD values of the identification ac-
curacies of the training and testing sets were both relatively
high, indicating poor modeling effects.

When Data treatment method 2 was used, the SVM
models built on the 10 data subsets, with eachmodeling ratio
in each modeling spectral region, presented very good
performance with the averages of the identification accu-
racies of the training sets and the testing sets of more than
98% (Table 8). Very small SD values were obtained for the
identification accuracies of the training and testing sets. For
the SVM models built on the 10 data subsets with the
modeling ratio of 5 :1 in the spectral region of
4000–7000 cm−1, the average identification accuracies of the
training and testing sets were 99.93% and 100%, respectively,
and the SD values for the training and testing sets were
0.002040 and 0, respectively. For the SVM models built on
the 10 data subsets with the modeling ratio of 5 :1 in the
spectral region of 4000–12000 cm−1, the average identifi-
cation accuracies of the training and testing sets were 99.86%
and 100%, respectively, and the SD values for the training
and testing sets were 0.002720 and 0, respectively. For the
SVM models built on the 10 data subsets with the modeling
ratio of 4 :1 in the spectral region of 5000–6000 cm−1, the
average identification accuracies of the training and testing
sets were 99.86% and 100%, respectively, and the SD values
for the training and testing sets were 0.004290 and 0, re-
spectively. ,e identification results of the models in the
three cases above were the best. By contrast, the worst
identification results were obtained when the models were
built on the 10 data subsets with the modeling ratio of 5 :1 or
3 :1 in the spectral region of 8000–9000 cm−1 and on the 10
data subsets with the modeling ratio of 4 :1 in the spectral
region of 9000–10000 cm−1. For the models built in these
three cases, the average identification accuracies of the
training sets were 99.73%, 99.77%, and 99.57%, respectively,
and the SD values for the training sets were 0.006261,
0.004893, and 0.005715, respectively; the average identifi-
cation accuracies of the testing sets were 98.33%, 98.00%,
and 98.06%, respectively, and the SD values for the testing
sets were 0.02236, 0.01554, and 0.03298, respectively.

,e results showed that the pathogen identification
models built using DPLS performed better than those built
using BPNN or SVM when Data treatment method 2 was
used. ,e modeling effect of DPLS on each data subset was
more stable than that of BPNN. When the pathogen
identification models were built using BPNN in the spectral
region of 4000–5000, 5000–6000, 6000–7000, or
8000–10000 cm−1, greater SD values of the identification
accuracies of the training and testing sets were obtained.
Although the modeling effect of SVMwas not as good as that
of DPLS, very satisfactory identification accuracies of the
training and testing sets were achieved using the SVM
models built on each data subset.

3.3. Comparison of Modeling Results Obtained with Data
TreatmentMethods 1 and 2. ,emodeling effect using DPLS
with Data treatment method 2 was better than that achieved
with Data treatment method 1. When Data treatment
method 2 was used, the average identification accuracies of
the training and testing sets did not simultaneously reach
100% for the DPLS models built on the 10 data subsets with
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each modeling ratio only in two spectral regions (8000–9000
and 9000–10000 cm−1). When Data treatment method 1 was
used, both the identification accuracy of the training set and
that of the testing set were less than 100% for the DPLS
models built with eachmodeling ratio in five spectral regions
(4000–5000, 6000–7000, 8000–9000, 8000–10000, and
9000–10000 cm−1).

When Data treatment method 1 was used, the optimal
accuracies of the training and testing sets could reach more
than 97% for the BPNN models built in different spectral
regions. Among the identification results obtained using the
BPNN models built with different modeling ratio in each
spectral region, both the optimal accuracy of the training set
and that of the testing set were less than 97%, only for the
models built with the modeling ratio of 3 :1 or 4 :1 in the
spectral region of 9000–10000 cm−1. However, when Data
treatment method 2 was used, relatively great differences
were observed between the average identification accuracies
of the training sets and between the average identification
accuracies of the testing sets for the BPNN models built on
the 10 data subsets in different modeling spectral regions.
Among the selected optimal identification results, the range
of the average identification accuracies of the training sets
was 88.77–100% and the range of the average identification
accuracies of the testing sets was 87.67–100%. In addition,
when Data treatment method 2 was used, the modeling ratio
greatly influenced the identification results of the BPNN
models. Relatively large identification accuracy SD values of
the training and testing sets were obtained when the BPNN
models were built on the 10 data subsets with one or two
modeling ratios in some spectral regions (4000–5000,
5000–6000, 6000–7000, and 8000–10000 cm−1). ,is in-
dicated that the poor modeling effects were achieved on
some data subsets using BPNN and that there were relatively
great differences both between the identification accuracies
of the training sets and between the identification accuracies
of the testing sets for the 10 BPNNmodels built with certain
modeling ratio in certain modeling spectral region. For
instance, when Data treatment method 2 was used and the
BPNN models were built in the spectral region of 4000–
5000 cm−1 on the 10 data subsets with a ratio of the training
set to the testing set of 3 :1, the optimal identification results

(Figure 3) were achieved with the number of neurons in the
hidden layer equal to 50. ,e SD values of the identification
accuracies of the training and testing sets on the 10 data
subsets were 0.1541 and 0.1508, respectively. Relatively low
identification accuracies of the training and testing sets were
obtained for the BPNN models built on data subset 1 and
data subset 2. For the BPNNmodel built on data subset 1, the
identification accuracies of the training and testing sets were
70.23% and 66.67%, respectively. For the BPNN model built
on data subset 2, the identification accuracies of the training
and testing sets were 54.20% and 57.78%, respectively. ,e
results indicated that these two models presented poor
performance in pathogen identification.

When Data treatment method 1 or Data treatment
method 2 was used, the built SVM models presented very
good performance with very high identification accuracies of
both the training sets and the testing sets. In particular, when
Data treatment method 2 was used, for the SVM models
built on the 10 data subsets, very small SD values of the
identification accuracies of the training and testing sets were
obtained. It was demonstrated that very satisfactory iden-
tification results could be achieved using the SVM models
built on each data subset and that this performance had very
high stability.

4. Conclusions and Discussion

,e application of NIRS to the identification of three kinds
of wheat smut pathogens, including T. foetida, Ustilago
tritici, and Urocystis tritici, was investigated in this study.
,e acquired near-infrared spectral data were processed
using Data treatment method 1 and Data treatment method
2 to form the training and testing sets. ,en, the DPLS,
BPNN, and SVM models for pathogen identification were
built in 22 spectral regions. Using Data treatment method 1
or Data treatment method 2, satisfactory identification re-
sults were achieved when each of the three modeling
methods was used for model-building in different spectral
regions. By contrast, the modeling effect of DPLS was the
most stable, followed by that of SVM and that of BPNN was
the worst. In this study, a rapid, accurate, and nondestructive
method for the identification of the three kinds of wheat

Table 6: ,e optimal results except the average identification accuracies and the standard deviations of the identification accuracies for the
10 data subsets for the training sets and the testing sets were 100% and 0 when the DPLSmodels for Data treatment method 2 were built with
different modeling ratios in each modeling spectral region.

Spectral
region
(cm−1)

Modeling ratio
of training set to

testing set

,e number of
principal

components

Training sets Testing sets
Average

identification
accuracy for the 10
data subsets (%)

Standard deviation
of the identification
accuracies for the 10

data subsets

Average
identification

accuracy for the 10
data subsets (%)

Standard deviation
of the identification
accuracies for the 10

data subsets
6000–7000 3 :1 7 100 0 99.78 0.006660
8000–9000 3 :1 6 100 0 99.78 0.006660
8000–9000 4 :1 6 100 0 99.44 0.01112
8000–9000 5 :1 6 100 0 99.67 0.009990
9000–10000 3 :1 5 99.70 0.006994 98.45 0.01734
9000–10000 4 :1 6 100 0 98.61 0.02241
9000–10000 5 :1 5 99.66 0.01026 99.33 0.01332
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Table 7: Pathogen identification results of the BPNN models built with different modeling ratios in each modeling spectral region when
Data treatment method 2 was used.

Spectral
region
(cm−1)

Modeling ratio
of training set to

testing set

,e number of
neurons in the
hidden layer

Training sets Testing sets
Average

identification
accuracy for the 10
data subsets (%)

Standard deviation
of the identification
accuracies for the
10 data subsets

Average
identification

accuracy for the 10
data subsets (%)

Standard deviation
of the identification
accuracies for the
10 data subsets

4000–12000 3 :1 100 99.70 0.006994 99.78 0.006660
4000–12000 4 :1 10 98.00 0.04237 97.22 0.04648
4000–12000 5 :1 50 98.02 0.04058 97.67 0.05176
4000–5000 3 :1 50 92.14 0.1541 92.00 0.1508
4000–5000 4 :1 100 96.57 0.04367 96.39 0.04488
4000–5000 5 :1 100 92.88 0.1175 93.33 0.1183
4000–6000 3 :1 50 99.54 0.009770 99.56 0.01332
4000–6000 4 :1 50 99.71 0.008580 99.44 0.01668
4000–6000 5 :1 10 99.59 0.01024 99.33 0.01332
4000–7000 3 :1 10 98.02 0.04279 97.78 0.04662
4000–7000 4 :1 50 95.29 0.08590 95.00 0.08766
4000–7000 5 :1 50 99.59 0.01024 99.67 0.009990
4000–8000 3 :1 10 99.31 0.01617 99.33 0.01017
4000–8000 4 :1 50 100 0 100 0
4000–8000 5 :1 50 100 0 100 0
4000–9000 3 :1 10 99.92 0.002280 99.78 0.006660
4000–9000 4 :1 10 99.57 0.009156 99.17 0.01780
4000–9000 5 :1 50 99.93 0.002040 99.67 0.009990
4000–10000 3 :1 10 99.77 0.004893 99.78 0.006660
4000–10000 4 :1 10 99.64 0.007314 99.44 0.01668
4000–10000 5 :1 10 99.73 0.006261 100 0
5000–6000 3 :1 50 99.54 0.01143 99.11 0.02038
5000–6000 4 :1 50 95.14 0.1272 94.44 0.1400
5000–6000 5 :1 50 100 0 100 0
5000–7000 3 :1 10 99.62 0.009181 99.33 0.01421
5000–7000 4 :1 10 99.29 0.01153 98.89 0.01844
5000–7000 5 :1 10 97.67 0.05708 97.33 0.05925
5000–8000 3 :1 10 99.85 0.004590 99.56 0.008880
5000–8000 4 :1 50 99.86 0.004290 99.44 0.01112
5000–8000 5 :1 10 99.80 0.006150 100 0
5000–9000 3 :1 100 99.92 0.002280 99.78 0.006660
5000–9000 4 :1 50 99.79 0.004573 99.44 0.01668
5000–9000 5 :1 100 99.80 0.004381 99.67 0.009990
5000–10000 3 :1 50 100 0 100 0
5000–10000 4 :1 50 100 0 99.72 0.008340
5000–10000 5 :1 50 99.66 0.01026 99.67 0.009990
6000–7000 3 :1 50 94.28 0.1015 94.22 0.1010
6000–7000 4 :1 50 95.72 0.08484 94.72 0.08094
6000–7000 5 :1 50 88.77 0.1922 87.67 0.1700
6000–8000 3 :1 50 100 0 99.78 0.006660
6000–8000 4 :1 50 99.86 0.004290 99.44 0.01112
6000–8000 5 :1 50 97.88 0.04379 97.00 0.06046
6000–9000 3 :1 100 98.24 0.04069 98.00 0.04604
6000–9000 4 :1 50 99.86 0.002840 99.44 0.01112
6000–9000 5 :1 50 99.93 0.002040 99.67 0.009990
6000–10000 3 :1 100 99.47 0.01186 99.33 0.01421
6000–10000 4 :1 50 97.93 0.04233 96.67 0.04779
6000–10000 5 :1 10 99.04 0.02435 99.33 0.01332
7000–8000 3 :1 50 99.85 0.003040 99.33 0.01421
7000–8000 4 :1 50 99.86 0.004290 99.44 0.01668
7000–8000 5 :1 50 99.93 0.002040 99.00 0.02135
7000–9000 3 :1 50 98.24 0.04040 97.33 0.04534
7000–9000 4 :1 50 98.43 0.03805 97.22 0.04648
7000–9000 5 :1 50 97.95 0.04029 97.33 0.05122
7000–10000 3 :1 50 95.65 0.08542 95.56 0.08374
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smut fungi was provided, and methodological references
were also provided for the identification of quarantine wheat
smut fungi in the processes of plant quarantine.

A variety of wheat diseases are caused by smut fungi,
including wheat common bunt, wheat loose smut, wheat flag
smut, wheat dwarf bunt, and wheat Karnal bunt. ,e dis-
eases caused by wheat smut fungi can cause serious yield
losses in production and even losses of up to 100% under
appropriate environmental conditions [2, 11, 38]. In addi-
tion, the flour quality can seriously decline due to con-
tamination by the causal agents. Among wheat smut fungi,
Tilletia controversa (the causal agent of wheat dwarf bunt)
and T. indica (the causal agent of wheat Karnal bunt) are two
kinds of important entry-exit quarantine pests in many
countries. In the processes of import and export wheat
quarantine, it is critical to detect and identify the species of
wheat smut fungi and the categories of wheat bunt galls
carried in wheat. At present, the identification of these
pathogens is conducted mainly based on morphological
observation [1–5] and molecular biological detection
[2–4, 9, 11]. Morphological observation is usually performed
by using light microscopy and scanning electron micros-
copy. Molecular biological methods based on molecular
markers, such as intergenic spacer [9], internal transcribed
spacer [11], and extension factor [11], have been used to
identify wheat smut fungi. NIRS is a rapid and non-
destructive analytical technique [14, 15, 18, 22]. In this study,
a method based on NIRS was provided for identification of
the three kinds of wheat smut fungi including T. foetida,
Ustilago tritici, and Urocystis tritici. In future studies, NIRS
can be used to identify other pathogens and an NIRS-based
identification system can be developed for the identification
of multiple kinds of plant pathogens. Moreover, direct
detection of bunt gall and healthy wheat seeds using NIRS
can be explored to provide technical support for rapid online
detection of imported and exported wheat.

,e numbers of acquired near-infrared spectra of the
three kinds of pathogens obtained in this study were not
equal. ,ere was a considerable difference among the
numbers, and the spectra of Urocystis tritici were fewer than
those of the other two pathogens. Although all the acquired

near-infrared spectra were divided into different data subsets
using Data treatment method 2 and relatively perfect results
were achieved using the built DPLS, BPNN, and SVM
models, the bias in pathogen identification may still be
caused by the unbalanced numbers of samples. In further
studies, the collection of Urocystis tritici samples and the
acquisition of near-infrared spectra of the corresponding
samples can be strengthened to obtain more near-infrared
spectra of the pathogen and the pathogen identification
models can be further optimized to ensure the accurate
identification stability of the established models.

Near-infrared spectra contain material information that
is useful to identify samples, and some spectral bands as-
sociated with material signals play important roles in
qualitative analysis [14, 15, 18, 22]. To the best of our
knowledge, systematic studies on material composition of
wheat smut fungi have not been reported. In the future, the
studies on this aspect can be conducted to explore mech-
anisms to interpret the near-infrared spectra of different
wheat smut fungi, which is conducive to selecting the
suitable modeling spectral region for pathogen
identification.

To reduce noise interference and improve the signal-to-
noise ratio, the number of scan processes in the measure-
ment system was set as 8 cm−1 when near-infrared spectra of
pathogen samples were acquired in this study. In addition,
when teliospores were placed into the sample cup, the
tightness of the teliospores was kept as consistent as possible
to reduce the differences that may be induced by different
tightness. Based on original near-infrared spectral data,
satisfactory modeling results were obtained using themodels
built in the simply divided modeling spectral regions in this
study. ,erefore, no mathematical methods were applied to
preprocess the acquired original near-infrared spectral data
and no statistical methods were used to perform the
modeling spectral region selection. At present, there are a
variety of spectral preprocessing methods and modeling
spectral region selection methods [15, 22]. In future studies,
original near-infrared spectral data can be preprocessed
using the selected suitable method to eliminate background
interference that may exist, a suitable method can be chosen

Table 7: Continued.

Spectral
region
(cm−1)

Modeling ratio
of training set to

testing set

,e number of
neurons in the
hidden layer

Training sets Testing sets
Average

identification
accuracy for the 10
data subsets (%)

Standard deviation
of the identification
accuracies for the
10 data subsets

Average
identification

accuracy for the 10
data subsets (%)

Standard deviation
of the identification
accuracies for the
10 data subsets

7000–10000 4 :1 50 99.29 0.01356 98.33 0.02833
7000–10000 5 :1 50 99.66 0.006296 99.33 0.01332
8000–9000 3 :1 50 97.79 0.04002 97.11 0.03854
8000–9000 4 :1 50 98.00 0.03949 96.39 0.05423
8000–9000 5 :1 50 97.74 0.04030 96.67 0.04945
8000–10000 3 :1 10 94.12 0.1173 93.56 0.1207
8000–10000 4 :1 10 96.14 0.06422 95.28 0.05700
8000–10000 5 :1 10 97.13 0.04351 96.67 0.05579
9000–10000 3 :1 50 93.89 0.08533 93.56 0.08401
9000–10000 4 :1 50 97.36 0.05689 96.11 0.07049
9000–10000 5 :1 50 97.74 0.04076 97.00 0.05261
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Table 8: Pathogen identification results of the SVMmodels built with different modeling ratios in each modeling spectral region when Data
treatment method 2 was used.

Spectral
region (cm−1)

Modeling ratio of
training set to
testing set

Training sets Testing sets

Average identification
accuracy for the 10 data

subsets (%)

Standard deviation of
the identification

accuracies for the 10
data subsets

Average identification
accuracy for the 10 data

subsets (%)

Standard deviation of
the identification

accuracies for the 10
data subsets

4000–12000 3 :1 99.92 0.002280 99.78 0.006660
4000–12000 4 :1 99.79 0.003254 99.17 0.02499
4000–12000 5 :1 99.86 0.002720 100 0
4000–5000 3 :1 100 0 99.78 0.006660
4000–5000 4 :1 100 0 99.72 0.008340
4000–5000 5 :1 100 0 99.67 0.009990
4000–6000 3 :1 100 0 99.56 0.008880
4000–6000 4 :1 99.86 0.004290 99.72 0.008340
4000–6000 5 :1 100 0 99.67 0.009990
4000–7000 3 :1 100 0 99.11 0.01776
4000–7000 4 :1 100 0 99.72 0.008340
4000–7000 5 :1 99.93 0.002040 100 0
4000–8000 3 :1 100 0 99.11 0.01473
4000–8000 4 :1 100 0 99.72 0.008340
4000–8000 5 :1 100 0 99.67 0.009990
4000–9000 3 :1 100 0 99.56 0.008880
4000–9000 4 :1 100 0 98.89 0.02545
4000–9000 5 :1 99.66 0.01026 98.67 0.03055
4000–10000 3 :1 100 0 99.56 0.008880
4000–10000 4 :1 99.86 0.002840 99.17 0.02499
4000–10000 5 :1 99.73 0.006261 98.67 0.03055
5000–6000 3 :1 99.70 0.009150 99.33 0.01421
5000–6000 4 :1 99.86 0.004290 100 0
5000–6000 5 :1 100 0 99.67 0.009990
5000–7000 3 :1 100 0 99.33 0.01421
5000–7000 4 :1 100 0 99.72 0.008340
5000–7000 5 :1 100 0 99.67 0.009990
5000–8000 3 :1 100 0 99.11 0.01088
5000–8000 4 :1 100 0 98.89 0.01362
5000–8000 5 :1 99.86 0.002720 98.67 0.02211
5000–9000 3 :1 100 0 99.56 0.008880
5000–9000 4 :1 100 0 99.72 0.008340
5000–9000 5 :1 99.59 0.01233 98.67 0.03055
5000–10000 3 :1 100 0 99.56 0.008880
5000–10000 4 :1 99.86 0.002840 98.89 0.03333
5000–10000 5 :1 100 0 99.67 0.009990
6000–7000 3 :1 99.85 0.003040 99.34 0.01017
6000–7000 4 :1 99.86 0.002840 98.33 0.03333
6000–7000 5 :1 99.80 0.003116 99.00 0.01526
6000–8000 3 :1 99.92 0.002280 98.89 0.01110
6000–8000 4 :1 100 0 99.17 0.01274
6000–8000 5 :1 99.93 0.002040 98.67 0.01631
6000–9000 3 :1 99.92 0.002280 99.11 0.01473
6000–9000 4 :1 99.86 0.002840 98.61 0.03345
6000–9000 5 :1 99.86 0.002720 99.00 0.01526
6000–10000 3 :1 99.92 0.002280 99.56 0.008880
6000–10000 4 :1 99.86 0.002840 98.61 0.03345
6000–10000 5 :1 99.93 0.002040 99.67 0.009990
7000–8000 3 :1 100 0 99.11 0.01088
7000–8000 4 :1 99.72 0.004734 98.89 0.02545
7000–8000 5 :1 100 0 99.33 0.01332
7000–9000 3 :1 99.77 0.006870 99.11 0.01088
7000–9000 4 :1 99.86 0.002840 98.61 0.02241
7000–9000 5 :1 100 0 99.33 0.01333
7000–10000 3 :1 99.85 0.004590 99.33 0.01017
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to select the optimal modeling spectral region, and then the
modeling results can be compared to the results obtained in
this study to select the optimal modeling method.

,e results obtained in this study demonstrated that the
modeling effect may be affected by the spectral data used in
modeling. For example, when Data treatment method 2 was
used and the BPNN models were built with the modeling
ratio of 3 :1 or 5 :1 in the spectral region of 4000–5000 cm−1,
with the modeling ratio of 4 :1 in the spectral region of
5000–6000 cm−1, with the modeling ratio of 3 :1 or 5 :1 in
the spectral region of 6000–7000 cm−1, or with the modeling
ratio of 3 :1 in the spectral region of 8000–10000 cm−1,
relatively small averages and large SD values of identification
accuracies of the training and testing sets on the 10 data
subsets were obtained. ,is was mainly due to the low
identification accuracies of the training and testing sets for

the model built on some data subset. In comparison, it was
more likely to achieve satisfactory identification results when
modeling was conducted in a relatively wide spectral region.

In this study, good identification results were obtained
using the three modeling methods including DPLS, BPNN,
and SVM. When Data treatment method 1 or Data treat-
ment method 2 was used, a DPLS, BPNN, or SVM model
with satisfactory identification accuracies of the training and
testing sets could be obtained. In practical applications, one
of the modeling methods can be used or more than one
modeling methods can be used to synthetically verify
identification results, according to the situation. However, in
comparison, DPLS is the most stable, followed by SVM then
BPNN. In this study, only three modeling methods (DPLS,
BPNN, and SVM) were used to build the pathogen iden-
tification models. However, many modeling methods for
qualitative identification analyses have been reported
[15, 22, 24]. In further studies, other modeling methods can
be used in an attempt for classification, discrimination, and
identification of wheat smut fungi.

In this study, the identification of the three kinds of
wheat smut fungi was investigated based on NIRS, aiming to
provide a method for the rapid and nondestructive detection
and identification of wheat smut fungi. According to the
method proposed in this study, the teliospores of related
pathogens can be obtained from wheat plants with the
symptoms of wheat smuts in the field, then the near-infrared
spectra can be acquired using a near-infrared spectrometer
in the laboratory, and finally the samples can be identified
using the built models. If possible, a portable near-infrared
spectrometer can be developed for direct detection of wheat
smut fungi in the field. In production practice, wheat smuts
are mainly controlled by using seed treatment measures
besides utilization of resistant cultivars. Pathogen identifi-
cation can avoid reserving wheat seeds from the diseased
fields and the further transfer of wheat seeds after reser-
vation and can provide a basis for countermeasures. ,e
results of this study provide a methodological reference for
performing this task. Once wheat plants are infected by smut
fungi, the hyphae expand inside the leaves, and during the

Table 8: Continued.

Spectral
region (cm−1)

Modeling ratio of
training set to
testing set

Training sets Testing sets

Average identification
accuracy for the 10 data

subsets (%)

Standard deviation of
the identification

accuracies for the 10
data subsets

Average identification
accuracy for the 10 data

subsets (%)

Standard deviation of
the identification

accuracies for the 10
data subsets

7000–10000 4 :1 99.86 0.002840 98.89 0.01844
7000–10000 5 :1 99.86 0.004110 99.33 0.01332
8000–9000 3 :1 99.77 0.004893 98.00 0.01554
8000–9000 4 :1 99.86 0.002840 98.33 0.02224
8000–9000 5 :1 99.73 0.006261 98.33 0.02236
8000–10000 3 :1 99.92 0.002280 99.56 0.01332
8000–10000 4 :1 99.79 0.004573 98.61 0.03345
8000–10000 5 :1 99.80 0.004381 99.00 0.02135
9000–10000 3 :1 99.70 0.005065 98.67 0.02266
9000–10000 4 :1 99.57 0.005715 98.06 0.03298
9000–10000 5 :1 99.52 0.005344 98.67 0.01631
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Figure 3: Pathogen identification results of the BPNNmodels built
in the modeling spectral region of 4000–5000 cm−1 with a ratio of
the training set to the testing set of 3 :1 and the number of neurons
in the hidden layer equal to 50 on each data subset when Data
treatment method 2 was used.
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later stage of disease progress, typical symptoms appear and
teliospores are produced. ,erefore, to perform early de-
tection of the related diseases, studies on the detection of
infected wheat plants based on NIRS should be conducted as
well as studies on early detection of wheat stripe rust and
wheat leaf rust mentioned above [30–32].
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