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Hyperspectral imaging technology can obtain the spatial information and spectral information of the simulated operational
background and its camouflage materials at the same time and identify and classify them according to their differences. In this
paper, we collected the hyperspectral images (400–1000 nm) of the desert background, jungle background, desert camouflage
netting, jungle camouflage netting, and jungle camouflage clothing through the hyperspectral imaging system, and the samples
were preprocessed by denoising and black-and-white correction. )en, we analysed the region of interest (ROI) of the training
samples by principal component analysis (PCA). After the pixels in the region of interest and their surrounding areas were
averaged, 60% of the data was used as the training samples, and the remaining 40%was used as the test samples. According to their
similarities and differences between them and referenced spectrum, the models of classification were established by combining the
Naive Bayes (NB) algorithm, K-nearest neighbour (KNN) algorithm, random forest (RF) algorithm, and support vector machine
(SVM) algorithm. )e results show that among the four models, SVM model has the highest accuracy of classification and the
recognition rate of jungle camouflage clothing is the highest. )is study verifies the scientific and feasibility of hyperspectral
imaging technology for camouflage identification and classification in a simulated operational environment, which has some
practical significance.

1. Introduction

Camouflage technology uses patterns close to the back-
ground to achieve the purpose of hiding, which can not only
enhance the concealment of the target but also improve the
survivability of the target on the combat environment.
Traditional detection and recognition of camouflage targets
mostly relied on magnifying observations of human eyes by
optical instruments, but the effect of detection was usually
poor [1]. Nowadays, intelligence and informatization have
become the main forms of detection and identification in the
modern confrontational environment [2]. How to deal with
the high-tech reconnaissance in the scene of confrontation
has become an important aspect of military technology,
resulting in the emergence of many high-tech disguises.

In recent years, the multiband camouflage netting
produced by Swedish Barracuda Company has adopted the

principle of new absorption and ultralight structure and
achieved the purpose of multispectral stealth compatibility
through a multifunctional coating technology [3]. )e ul-
tralight camouflage netting system produced in the USA
consists of hexagonal and diamond shapes joined by loops of
rope, which are light and stable for use in camouflage netting
system for infrared [4]. A neopentyl glycol system was
prepared and optimised in China. Polyester hollow fibers are
filled by the vacuum method and woven into camouflage
clothing [5]. With the diversification of camouflage tech-
nology in combat environment, it is difficult to evaluate the
stealthy performance and survivability of targets compre-
hensively and accurately by traditional methods.

Hyperspectral imaging technology can record the spatial
information and spectral information of the targets [6]. By
introducing it into the evaluation system of camouflage
effectiveness, the difference between the target and the
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background in high-dimensional space can be used to detect
the target, which will greatly improve the detection efficiency
and ability of camouflage target [7]. Consequently, it is
particularly important to combine spatial imaging with
spectral analysis to build an “experimental combat envi-
ronment” to identify and classify the simulated operational
environment and camouflage materials.

In this paper, according to the data's characteristics of
hyperspectral image, we collected the hyperspectral image
data of simulated camouflage scene. After extracting the ROI
and PCA, the classification models were established by
combining NB algorithm, KNN algorithm, RF algorithm,
and SVM algorithm [8–13]. It is of great significance for the
development of techniques of identification and classifica-
tion based on hyperspectral camouflage to realize the ac-
curate detection and recognition of targets in hyperspectral
images by fully mining the deep information of the image.

2. Materials and Methods

2.1. Equipment and Principle. We used the Hyperspec
VNIR-A model hyperspectral imaging spectrometer pro-
duced by the American Headwall Company. Figure 1 shows
the hyperspectral imaging system.

As shown in Figure 2, it is a hyperspectral imaging
system combining a reflective grating with push-sweep
imaging, which is composed of a high-resolution CCD
camera, a stepping push-sweep platform, a referenced
whiteboard with a calibrated reflectance of above 99%, a
totally reflected grating, and other devices.)e hyperspectral
camera consists of a photosensitive element, a beam splitter,
and a lens and slit.

)e spectral test range of the hyperspectral camera used
in the experiment is 380–1000 nm, the spectral resolution is
2.5 nm, the number of spectral channels is 923, the number
of spatial channels is 1600, the width of the slit is 25 μm, the
focal length of the lens is 23mm, the power of halogen lamp
is 150w, and the guide length of the moving push-sweep
platform is 250mm.

When collecting image, the incident slit of the spec-
trometer is parallel to the spectral axis and a spatial axis. As
shown in Figure 3, the moving push-sweep platform cap-
tures the information of the whole target by scanning the
platform continuously and records the two-dimensional
spatial information of the target and the one-dimensional
spectral information of the current spatial pixel.

2.2. Sample Preparation. Two samples of simulated back-
grounds and three samples of camouflage materials were
taken in the darkroom, three hyperspectral images were
collected for each type of sample, and each image was re-
peatedly scanned five times to obtain 75 samples. )e
simulated desert background is composed of an actual sand
table and the simulated jungle background consists of many
forest leaves. )e three kinds of camouflage materials are
desert camouflage netting, jungle camouflage netting, and
jungle camouflage clothing. Figure 4 shows true colour
images of the samples.

)e brightness of the halogen lamp’s light source and the
focal length of the lens were adjusted to make a clear image,
avoiding oversaturation of the image caused by too much
light entering the camera to the CCD surface or by uneven
distribution of light intensity.

According to the distance from the surface of the object
to the slit of the hyperspectral camera and the exposure time,
the push-sweep speed of the moving platform is calculated
and set to ensure the integrity of the spectral and spatial
information of the sample.

2.3. Image Preprocessing. After obtaining the hyperspectral
images of operational environments and their corre-
sponding camouflage materials, it is necessary to conduct
black-and-white correction by referring to the contrastive
method of whiteboard to achieve the inversion of reflectivity
of samples, so as to reduce the noise of the CCD sensor's
dark current and the influence of changes in light intensity
on image signals in the experimental environment. )e
formula is

Rnorm �
Rraw − Rdark

Rwhite − Rdark
, (1)

where Rraw is the original image, Rdark is the referenced
image of full dark acquired after screwing on the lens cover,
Rwhite is the referenced image obtained from a standard
whiteboard with a 99% reflectivity, and Rnorm is the corrected
spectral image [14].

2.4. Region of Interest Extraction. Because the shape and
size of the simulated operational environments and the
corresponding camouflage materials were different, some
of the surfaces reflect strongly. In order to avoid the
influence of spectral information in special areas of some
samples, such as some forest leaf samples with surfaces
polluted by soil and rain, whose data would have an
impact on the overall accuracy of classification, it is
necessary to collect image data after cleaning treatment.
In the process of ROI extraction, the regions with smooth
surface, no abnormal points, regular shape, and clear
texture were selected as the research object. According to
the principles of selection, this study randomly selected 3
regions with pixel coordinate size of 21×18 from each
sample as ROI for analysis in order to reduce the noise of
the experimental data. Part of the results of the ROI is
shown in Figure 5.

Each pixel of a hyperspectral image reflects the spectral
information of that location. In order to avoid the contin-
gency of each pixel and eliminate the influence of random
noise, the pixels in the region of interest and their nearby
pixels were averaged as sampling points in the experiment.

2.5. Extraction of Feature Space. Hyperspectral images of the
operational environments and their corresponding cam-
ouflage materials were acquired, and the image of samples
after extracting region of interest records the information of
spectral bands of hundreds of dimensions. Yet, the increase
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of band will lead to the redundancy of information and
increased complexity of data processing. Principal compo-
nent analysis uses fewer irrelevant variables to replace the
original variables with overlapping information [13, 15],
which can reduce the data’s dimension and ensure the
maximum amount of information “not to be lost” [16, 17].
)e specific implementation is as follows:

Set a training set, each sample has N-dimensional features.
After centralizing the vectors, the covariance matrix of the new
set of vectors is calculated and the corresponding eigenvalues
λk(k � 1, 2, . . . , N) and eigenvectors are derived. )ese ei-
genvalues are arranged from largest to smallest, selecting the
first i feature vectors and their corresponding feature vectors to
obtain the new features after dimensionality reduction:

Figure 1: Hyperspec VNIR-A model hyperspectral imaging spectrometer produced by American Headwall Company.
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Figure 3: Push-sweep imaging schematic.
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Figure 2: Push-sweep (reflective grating) hyperspectral imaging system.
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Figure 4: True colour images of samples. (a) An actual sand table. (b) Forest leaves. (c) Jungle camouflage netting. (d) Desert camouflage
netting. (e) Jungle camouflage clothing.
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Figure 5: Continued.
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ai �
λi

 λi

. (2)

)e contribution rate of each principal component is
calculated by formula (2). In this study, the cumulative
contribution rate of the first three principal components
reached 93.57%, with the fourth and subsequent principal
components contributing less than 1%. Figure 6 shows that
the first three principal components explained 93.57% of all
information in the original data:

L Zi, Xm(  �

��

λi



aij. (3)

L(Zi, Xm) is the load coefficient of the correlation
degree between principal component Zi and original
variable Xm [18]. )e curve of the loading coefficients

corresponding to the first three principal components can
be obtained by PCA algorithm: the corresponding load
factor at the 427.478, 449.899, 495.359, 528.670, 560.337,
585.520, 600.497, 647.567, 686.871, 733.175, 777.495,
790.514, 822.793, 863.123, 895.369, 933.645, and
972.380 nm bands had a larger absolute value. )erefore,
the feature space corresponding to these 17 wavelengths
represented the original information for camouflage rec-
ognition and classification.

50 pixels were randomly selected within the image of
each sample, while the spectral information of four adjacent
pixels was taken for averaging to exclude the effect of
random noise. )e spectral vector information contained in
the 3750 pixels was classified according to categories, and the
average spectral curves of the five categories of samples
under the extracted 17 wavelengths are shown in Figure 7.
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(d2)(d1)

(d)

(e2)(e1)

(e)

Figure 5: Part of the results of the ROI. (a) Part of the results of ROI in desert background. (b) Part of the results of ROI in jungle
background. (c) Part of the results of ROI in desert camouflage netting. (d) Part of the results of ROI in jungle camouflage netting. (e) Part of
the results of ROI in jungle camouflage clothing.
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2.6. Classification Models

2.6.1. 1e Model of Naive Bayes Algorithm. Naive Bayes
algorithm is based on Bayes theorem; the probability of
jointed distribution from input to output is learned from a
given training set. It is assumed that the data are inde-
pendent, and the output with the highest posterior proba-
bility is found under the learning model [19].)e logic of the
algorithm is simple and the output is stable.

2.6.2. 1e Model of KNN Algorithm. KNN algorithm de-
termines the category of test samples according to the
categories of the nearest referenced samples. When the data
of the test samples and some training samples are completely
matched, the correlation between the samples can be judged
by the similarity and classified [20]. )e KNN algorithm
makes no assumptions about the data, is highly accurate and

is insensitive to outliers, making it very suitable for dealing
with classification and regression problems[21].

2.6.3. 1e Model of RF Algorithm. Random forest is an
ensemble learning algorithm and a model of decision tree
based on bagging framework, which contains multiple de-
cision trees. When a new sample enters the model, each
decision tree will produce a result of classification accord-
ingly. Random forest integrates all the voting results and
designates the category with the most votes as the final
output, that is, the predicted results [22]. Because each tree
can be generated independently at the same time, the in-
tegrated algorithm is adopted; the accuracy of the integrated
algorithm is better than most single algorithms, which
makes the results of the whole model have higher accuracy
and generalization performance [23].
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Figure 6: Contribution rate of principal components.
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Figure 7: Referenced spectral curves of desert background, desert camouflage netting, jungle background, jungle camouflage netting, and
jungle camouflage clothing.
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2.6.4.1eModel of SVMAlgorithm. Support vectormachine
is a representative supervised statistical learning theory
suitable for classification and regression problems, which
can prevent underfitting and overfitting very well [24]. Based
on the principle of minimizing structural risks, SVM al-
gorithm can avoid the problem of overlearning, and different
kernel functions can be used to distinguish the linear and
nonlinear data. )e samples in this study are nonlinear, so
the Gaussian radial basis function (RBF) is chosen as the
kernel of SVM mathematical model, which has fast speed of
classification and good results.

3. Results and Discussion

3.1. Model Comparison. In this section, the Kennard-Stone
(K-S) algorithm was applied to divide the samples of region
of interest extracted in Section 2.1 [25]. We used the desert
background (0), desert camouflage netting (1), jungle
background (2), jungle camouflage clothing (3), and jungle
camouflage netting (4) in the region of interest of 60% as the
training samples, while the remaining 40% area was used as
the test samples, and each type of test sample contains 6804
tested points. )en, we compared and discriminated with
five referenced spectral curves and obtained the results of
classification, as shown in Tables 1–4.

NB, KNN, RF, and SVM were applied for modeling. )e
observed values of the correct and incorrect classes of the
prediction set could be visually obtained in the table and can
be used to calculate corresponding metrics. For the five types

of samples, there is easy confusion between the desert
background (0), desert camouflage netting (1), and jungle
camouflage netting (4) samples.

)e results of the classification are shown in Figure 8;
when the same method of dimensionality reduction was
used, PCA-SVM exhibited the optimal performance for
recognition compared to PCA-NB, PCA-KNN, and PCA-
RF.

Comparing the three camouflage materials, jungle
camouflage clothing has the highest recognition rate among
the four models, reaching 96.30%. )e desert camouflage
netting is made of the same material as the jungle cam-
ouflage netting, which resulted in a less favourable results of
the classification than the jungle camouflage clothing, with
recognition rates of 87.89% and 88.14%, respectively.

3.2. Analysis and Discussion. In this study, overall accuracy
(OA) and kappa coefficient were used to judge the accuracy
of the models of NB, KNN, RF, and SVM.

OA is the ratio of the number of samples correctly classified
by the ROI to the total number of samples within the ROI; the
larger it is, the higher the accuracy of classification will be.

Kappa coefficient is an index to measure the accuracy of
classification, which represents the proportion of error re-
duction between classification and completely random
classification, and the higher the kappa coefficient, the
smaller the difference between the results of the classification
and the real reference. Kappa coefficient usually falls be-
tween 0 and 1, which can be divided into five groups to

Table 1: Classification results of NB model.

Sample Number of tested points
Classification of test samples

Accuracy of classification (%)
0 1 2 3 4

0 6804 4764 567 134 0 1339 70.02
1 6804 718 4922 340 0 824 72.34
2 6804 150 276 5018 1322 38 73.75
3 6804 0 9 712 6083 0 89.40
4 6804 1343 463 66 0 4932 72.49

Table 2: Classification results of KNN model.

Sample Number of tested points
Classification of test samples

Accuracy of classification (%)
0 1 2 3 4

0 6804 5420 425 23 0 936 79.66
1 6804 679 5597 64 0 464 82.26
2 6804 190 156 5540 745 173 81.42
3 6804 0 2 149 6653 0 97.78
4 6804 793 390 16 0 5605 82.38

Table 3: Classification results of RF model.

Sample Number of tested points
Classification of test samples

Accuracy of classification (%)
0 1 2 3 4

0 6804 6559 109 13 0 123 96.40
1 6804 89 6622 44 2 47 97.33
2 6804 4 17 6587 189 7 96.81
3 6804 0 4 130 6669 1 98.02
4 6804 127 19 10 0 6648 97.71
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express different levels of consistency: 0.0–0.20 (extremely
low), 0.21–0.40 (fair), 0.41–0.60 (moderate), 0.61–0.80
(substantial), and 0.80–1(almost perfect). )e accuracy of
classification results is shown in Table 5.

)e NB algorithm assumes that the datasets are inde-
pendent of each other, but there are some correlations between
the operational environments and their camouflage materials,
making for poor results of the classification. As a lazy learning
method, KNN has a slow prediction time when the number of
features is large, which is not an optimal solution in practical
application. Accordingly, both RF and SVM can achieve high
accuracy and the results of classification are highly consistent
with the real results. PCA-RF and PCA-SVM were the optimal
models, with both achieving recognition rates of over 96%.

4. Conclusions

)is study used hyperspectral imaging technology to identify
and classify the simulated operational backgrounds and
camouflage materials. )e methods of establishing and
evaluating models are universally valid, providing a new
technical route for the effective identification of camouflaged
targets in simulated operational environments.

In future research, the model platform can enrich the
model by collecting more data, establishing a hyperspectral
image database and carrying out continuous optimisation,
which will help improve the intelligence and informatization
of the future operational environment.
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