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Abstract: Hyperspectral remote sensing (RS) has rapidly developed in recent years and has been
widely used in the military field. This technology not only brings huge opportunities for military
reconnaissance but also poses unprecedented challenges to military camouflage, severely compli-
cating the development of plant hyperspectral camouflage materials and technology. In this review,
the spectral reflectance characteristics of plants and the application of hyperspectral RS in plant RS
and military operations are reviewed. The development status of bionic camouflage materials that
simulate the spectral reflection characteristics of plants is analyzed. With the existing hyperspectral
camouflage materials and technology, bionic camouflage technology is limited by the inability of
bionic materials to accurately imitate the characteristic absorption peaks of green vegetation, low
stability and durability, and the large overall material thickness, which complicate actual large-scale
application. On this basis, a future development direction and a trend of plant hyperspectral bionic
camouflage materials and technology are proposed.

Keywords: plants; bionic camouflage; spectral reflection; hyperspectra; camouflage materials and
technology

1. Introduction

The acquisition and counter-acquisition of military information have become the fo-
cus of modern warfare. Stealth camouflage technology can effectively improve the pene-
tration and survivability of soldiers, weapons, and equipment and is one important sup-
port in wars nowadays. This technology has high military value and is a high-tech tech-
nique studied by military powers worldwide.

Camouflage refers to the use of various measures and techniques to conceal oneself
and confuse the enemy in order to improve the battlefield survivability of military targets
and to maximize their combat effectiveness. Its rationale is to reduce the difference in
scattering or radiation characteristics between the target and the background in visible
light, infrared, microwave, and other bands, thereby reducing the probability of being
detected by enemy detection systems [1]. Currently, the main measures of camouflage
technology include camouflage painting technology, natural camouflage technology,
smoke camouflage technology, artificial barrier camouflage technology, and false target
camouflage technology.

The detection principles and methods in military reconnaissance and detection tech-
nology vary depending on the spectrum involved in the threat and include radar recon-
naissance, laser reconnaissance, infrared reconnaissance, optical reconnaissance, and
acoustic reconnaissance. Of them, optical reconnaissance is a detection method that poses
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a greater threat to ground military targets. In particular, hyperspectral remote sensing
(RS) technology can extract camouflaged stealth targets from complex backgrounds [2].
Then it analyzes the spectral differences between the camouflage stealth materials and the
background (natural vegetation), clarifies the spectral performance and generation mech-
anism of such difference, and monitors these characteristic bands purposefully [3-6].
Thereby, it distinguishes the real camouflaged target in the green vegetation background
after camouflage and stealth and detects and identifies the current camouflage stealth tar-
get, which poses a serious threat to ground military targets [7-9]. The process of obtaining
hyperspectral data images of vegetation targets is shown in Figure 1. While imaging veg-
etation targets, the hyperspectral sensor records data from hundreds of spectral bands to
obtain a hyperspectral data cube containing two-dimensional spatial information and
one-dimensional spectral information. The data cube is composed of images from differ-
ent spectral bands stacked in wavelength order. Extracting spectral information for each
pixel in the data cube and comparing it with typical vegetation spectra in the spectral
database can confirm the vegetation target type.
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Figure 1. High spectral imaging detection technology for green vegetation background.

Natural vegetation composed of plants is one of the typical ground background en-
vironments for camouflaged targets and has become the focus of hyperspectral detection.
The tissue structure and material composition of plants are inevitably related to their spec-
tral reflection characteristics. The design and preparation of plant-imitating camouflage
materials cannot copy the material composition and structure of plants. Structural design
and material preparation must be carried out with reference to the main factors that affect
the reflection spectra of leaves. Therefore, to achieve hyperspectral camouflage in the con-
text of plants, researchers must develop bionic camouflage materials that can imitate the
spectral reflection characteristics of plants, so as to resist hyperspectral detection in the
context of plants [10,11].

At present, some scholars have been studying camouflage materials that imitate the
spectral reflection characteristics of plants and applying them in military applications.
These technologies are actually the intersection and combination of bionic technology
with science and technology, such as chemistry and materials [11-17]. In this review, the
spectral reflection characteristics of plants and the application of hyperspectral RS in plant
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RS and military operations are summarized, and the development status of bionic cam-
ouflage materials that simulate the spectral reflection characteristics of plants is analyzed.
Moreover, the problems and future development prospects of bionic camouflage materi-
als that imitate the hyperspectral reflection characteristics of plants are discussed. The
progress and direction of research identified in this issue address the following areas:

1. The main factors affecting the spectral reflectance characteristics of plant leaves in-
clude pigment-visible light, structure-near infrared, and moisture-mid infrared, as
well as leaf age, fertilizer (nutrient) depletion, and diseases. The PROSPECT model
is a classic model that describes the radiation process of plant leaves in the solar spec-
tral band and is widely used in the field of RS detection;

2. Hyperspectral RS technology is widely used in fields such as vegetation monitoring
[18], plant functional trait mapping [19], biodiversity estimation [20,21], and pest and
disease control. Meanwhile, due to the strong ability of hyperspectral RS images to
identify camouflage, they can distinguish real targets from decoy targets against the
background of green vegetation and quickly detect small tactical targets against a
desert background. The current military applications of hyperspectral RS mainly
cover three aspects: detailed battlefield reconnaissance, identification of camouflaged
targets, and detection and calculation of the target’s true temperature and emissivity;

3. Plant-mimicking camouflage materials mainly include bionic camouflage materials
that can only imitate the color of vegetation and cannot resist hyperspectral RS de-
tection, bionic camouflage materials based on inorganic pigments that can achieve
“same color” but do not have the ability to completely achieve “same spectrum” with
green vegetation; bionic materials with hyperspectral similarity containing chloro-
phyl;, bionic materials with hyperspectral similarity of leaves at different growth
stages, seasons, and species; and bionic materials with solar spectrum reflection char-
acteristics and low infrared emissivity similar to natural leaves.

2. Main Factors Affecting Spectral Reflection Characteristics of Leaves

Plant leaves are the places where visible light is absorbed and photosynthesis occurs.
When radiation is projected onto the blade surface, a part of it is diffusely reflected by the
interface, while the remaining part enters the blade. The interior of leaves is a cell stack
structure, and radiation entering leaves will be reflected and refracted within this struc-
ture [22]. The optical properties of plants mainly depend on the pigments, dry matter, and
water in leaves, which will absorb incident radiation [23]. When radiation is transmitted
to the abaxial surface, a part of it will be transmitted out of the blade, and the remaining
part will be reflected into the blade again, where refraction and absorption occur. Accord-
ing to the law of energy conservation, the sum of reflected, absorbed, and transmitted
energy is equal to the incident radiation energy. A spectrophotometer can be used to test
the solar spectral reflectance and transmittance of leaves. Figure 2 shows the solar reflec-
tance and transmittance of leaves [24]. Clearly, the transmittance and reflection curves of
leaves both are characteristic of green peaks (550 nm), red edges (680-720 nm), near-infra-
red plateaus (800-1300 nm), and water absorption valleys (1450-1940 nm). The green re-
flection near 550 nm is associated with chlorophyll. Chlorophyll can be divided into chlo-
rophyll a, which mainly absorbs red-orange light, and chlorophyll b, which mainly ab-
sorbs blue-violet light. Chlorophyll absorbs less green light, so the solar spectrum reflec-
tion curve of leaves is characteristic of a green reflection peak [25]. The red edge is located
near 700 nm. In this band, the absorption of incident radiation by chlorophyll gradually
weakens, while the scattering characteristics of the cell stack structure slowly increase, so
the reflectivity of leaves rises significantly [26]. The near-infrared plateau is also associated
with the stacking structure of cells in leaves. The collimated incident radiation changes
into almost isotropically uniform diffuse light through scattering in leaves, forming a
highly reflective area. The water absorption valley located near 1450 and 1940 nm is re-
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lated to the characteristic absorption of incident radiation by water in leaves [27]. The re-
flection peak of the green band near 550 nm, the red edge between 680 and 750 nm, the
near-infrared plateau between 800 and 1300 nm, and the moisture absorption band after
1300 nm are common on the reflection spectra of all healthy green vegetation. As the re-
flectance spectral curves of different angiosperm leaves exhibit consistent shapes, peak
positions, and key turning points, the vegetation reflectance spectra formed by combining
the reflectance spectra of various plants are also very similar. However, because the spec-
tral reflectance values of various plant leaves vary, there are differences in spectral reflec-
tance among different environments, regions, seasons, and types of vegetation. Though
the growth and development of vegetation, type of vegetation, irrigation, fertilization, cli-
mate, soil, topography, and other factors affect the spectral characteristics of vegetation,
they are also expressed through the influence of three internal factors: pigments, structure,
and moisture.
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Figure 2. Solar spectral reflectance and transmittance of plant leaves [24].

2.1. Pigments— Visible Light

In the visible band (400-700 nm), the reflectance (measuring less than 15%) and trans-
mittance of leaves are both very low. The main part of the solar radiation on leaves is
absorbed by pigments (e.g., chlorophyll, cyanophyll, carotenoid, erythrophyll, and lutein),
which have reflection peaks at different wavelengths. The pigments in healthy green
leaves are mainly the chlorophyll in chloroplasts [28]. Chlorophyll has an extremely high
absorption rate for ultraviolet and purple light, and it strongly absorbs blue and red light.
It partially absorbs and reflects green light. Therefore, the reflection spectral curves of var-
ious green plants in the visible light band are at very low levels, and all show a weak
characteristic peak around 550 nm (green light), with relative intensity of only 5% to 10%.

2.2. Structure— Near-Infrared

In the near-infrared spectrum (700-1300 nm), the epidermis of leaves generally does
not contain any pigments. The epidermis and cell wall cellulose are transparent, so the
leaf absorption is less than 10%. The radiation incident on the leaves is either reflected or
transmitted [29]. When natural light shines on leaves, it is reflected, absorbed, and trans-
mitted successively in the upper epidermal tissues, mesophyll tissues, and lower epider-
mal tissues. The cell structural differences among different tissues lead to their different
responses to incident light. The reflectance reaches about 50% of the infrared region,
which is mainly determined by the profile of the leaf structure. For bifacial leaves, 5% to
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20% of the volume of tightly arranged palisade tissues and 50% to 90% of the volume of
loosely arranged spongy tissues are occupied by air, and the numbers of wall-air inter-
faces also differ between these two types of tissues. The light incident on mesophyll tissues
will be strongly scattered under the action of multiple air-wall interfaces, and this effect
of sponge tissues is stronger than that of palisade tissues. In this way, the light will be
scattered more times before reaching the lower epidermis of the leaf, which helps plants
absorb light. Thus, under the action of multiple scattering mechanisms, the near-infrared
plateau characteristics on the reflection spectra of bifacial leaves and isofacial leaves of
angiosperms with different mesophyll structural characteristics are quite different. Due to
the aforementioned reasons, the mesophyll tissues of leaves strongly reflect near-infrared
light at 800-1300 nm, and they thus form a relatively gentle plateau on the spectrum curve,
with reflectance of 40-60% and an absorption rate less than 15%. The interface formed by
the air between cells and the wet cell wall is the main reason why the reflection spectrum
of leaves shows the above characteristics [30].

2.3. Moisture—Mid-Infrared

The characteristic absorption bands of water molecules all appear in the infrared
spectrum. The vibration bands of water are located at a base frequency of 2.66, 2.73, and
6.27 um (strong absorption); doubling frequency of 1.4 and 1.9 um (sharp band and strong
absorption); and combined frequency of 0.96 and 1.1 um (weak absorption) [31]. Since
leaves contain water, five absorption bands of water appear on the plant reflection spec-
trum at 970, 1190, 1440, 1920, and 2660 nm in the near-infrared region. Among these bands,
the reflectivity of leaves is the lowest. The absorption of water in leaves plays an important
role in the optical properties of leaves. The increase or decrease in water content directly
affects the enhancement or weakening of water absorption intensity. The reflectance of
leaves changes with the water content of leaves.

2.4. Other Influencing Factors

Leaf age influences reflectance. Changes in the optical properties of leaves happen
primarily during the young and mature senescence stages of plants. Annual plants or de-
ciduous leaves maintain constant optical properties most of the time, which is a temporal
function of chloroplast content [32]. In the near-infrared band, the reflectance changes
only when the leaves wilt and the internal structure changes. In the mid-infrared band,
leaf reflectivity increases as the leaves die. Notably, when the leaves are yellow, the reduc-
tion in water content is relatively delayed.

Fertilizer (nutrient) depletion affects reflectance. Lack of nutrients mainly affects the
chlorophyll content and the cross-sectional structure of leaves, so reflectance is obviously
related to the nutrients of crops. Chlorosis and nitrogen deficiency are common. Chlorosis
mainly affects leaf reflectance in the visible spectrum, and nitrogen deficiency changes the
entire reflectance spectrum. The visible light reflectance increases (due to the reduced
chlorophyll content), and the near-mid-infrared reflectance decreases (due to the de-
creased number of cell layers) [33].

Diseases affect the reflectance of leaves. When leaves are infected with plant diseases,
their structures or biochemical compositions change, which will cause corresponding var-
iations in the spectral characteristics of leaves [34]. Generally, four situations will occur.
First, the pigment contents (yellow pigment) of leaves will change, which only affect the
optical properties of leaves in the visible spectrum. Second, leaf necrosis will occur, and
the reflectance of the necrotic part is comparable to that of aging leaves. Third, the leaves
will produce additional pigments, which will increase or decrease the reflectivity of leaves
in different parts of the spectrum. Fourth, because the transpiration rate of leaves only
changes the radiation temperature of leaves, rather than the optical properties of leaves,
diseases of leaves can be detected in the infrared band.
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Based on the influencing factors of the spectral reflection characteristics of leaves and
the law of refraction, Knipling pointed out that the significant symmetry of the solar spec-
trum transmission and the reflection curve of leaves are caused by the scattering of inci-
dent radiation by the cell stacking structure [29]. Merzlyak et al. conducted experimental
studies on the transmission and reflection characteristics of leaves and analyzed the im-
pact of scattering on visible light absorption [35]. It was found the scattering in leaves
increased the optical path of light in leaves and accelerated visible light absorption. Nota-
bly, Huang et al. pointed out the rough structure of the leaf surface can turn parallel light
into diffuse light, promoting light absorption within the leaf [36]. Thus, when studying
the transflective characteristics of leaves, it is necessary to consider the effects of surface
roughness and internal scattering on the transflective characteristics at the same time. To
study the relationship between leaf structure or components and visible light absorption,
researchers built leaf transmission and reflection models to quantitatively analyze the re-
flection, absorption, and transmission of solar light in leaves. The classic PROSPECT
model describes solar radiation in leaves and is widely used in the field of remote sensing
(RS) [37-40]. The core idea of this model is comparing the cell stack structure to a flat plate
structure in form. The absorption in flat plates simulates the absorption in leaves, and the
reflection between flat plates simulates the scattering of incident radiation by the cell stack
structure. The important input parameters of the PROSPECT model include the absorp-
tion coefficient and content of each substance, structural parameters, and surface incident
angle. The structural parameter is the number of flat plate structure layers and is used to
describe the scattering intensity within the blade. A larger structural parameter indicates
a stronger scattering process within the blade. When parallel light is projected on the
rough surface of leaves, it will become diffuse light. The surface incident angle measures
the roughness of leaf surface. Based on the knowledge about the mechanism of solar light
transmission and reflection in leaves, researchers have prepared various bionic materials
to simulate the solar reflection characteristics of leaves and to resist hyperspectral detec-
tion in the plant background, which will be introduced separately later.

3. Application of Hyperspectral RS into Plant RS and Military Actions

With the advancements of optics, microelectronics, and image processing technology
in the past two decades, hyperspectral imaging technology has been significantly im-
proved and can provide details about the Earth’s vegetation and battlefield space. In the-
ory, hyperspectral reconnaissance can identify all artificial camouflage. This is because
artificial camouflage materials cannot completely match with the spectral characteristics
of the environmental background (e.g., vegetation) in all the hundreds of detectable subtle
wavelengths [41]. Hyperspectral imaging is one of the major technological breakthroughs
made by humans in the field of earth observation in the last two decades of the twentieth
century. Itis also the frontier technology of RS today and will be so in the next few decades
[42].

3.1. Research Advances of Plant Hyperspectral RS Technology

Due to the influence of electromagnetic waves, molecules, atoms, and electrons un-
dergo diverse and complex transformations (e.g., oscillation, rotation, and transition) to
varying degrees. Consequently, spectral reflection information forms absorption and re-
flection characteristics in specific wavelength bands that map to the morphological and
structural characteristics and material components of plants [43]. The main influencing
factors of vegetation spectral characteristics are pigment composition and content, cell
structure, and water content. Hyperspectral RS can detect and extract plant functional
traits (e.g., leaf biochemical characteristics and canopy structure characteristics) at large
spatial scales and can even be used to identify different tree species and estimate some
gene-level characteristics. At present, hyperspectral RS is widely used in fields such as
vegetation monitoring, plant functional trait mapping, biodiversity estimation, and pest
and disease control.
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In the 1960s and 1970s, researchers from the United States Department of Agriculture
collected and analyzed spectral data from various leaves and their crushed materials, ob-
taining a total of 42 spectral characteristic bands corresponding to their physiological,
physical, and chemical parameters in the entire wavelength range. Such research lays the
foundation for identifying, monitoring, and estimating plant physiological and chemical
parameters based on RS. Pinter et al. found the band at 700 nm is characteristic for plant
chlorophyll identification [44]. Curran and Steven analyzed the feasibility and necessity
of estimating chemical components of leaves based on hyperspectral RS [45]. Since then,
research on using hyperspectral reflectance information to estimate plant physiological
and physical parameters has been favored by researchers from various countries. Everitt
et al. found the wavelengths at 550 and 675 nm can accurately estimate the nitrogen con-
tent of pimiento leaves [46]. Curran et al. found, compared with the original spectrum,
using the derivative transformation (first-order and second-order derivatives) of the spec-
tral reflectance of leaves can significantly improve the estimation accuracy of plant phys-
iological and physiochemical parameters, and the transformation of spectral derivatives
can effectively eliminate environmental effects, such as background and noise [47]. Jago
et al. reported that the trilateral parameters extracted based on the first derivative trans-
formation of the spectrum can more accurately estimate plant chlorophyll concentration,
and, of note, the use of the red-edge position to estimate chlorophyll concentration was
the most accurate [48]. Mcfeeters further proposed the calculation concept of the normal-
ized difference water index (NDWI) on the basis of plant moisture content [49]. Casanova
et al. used two-band vegetation indices (PVI, RVI, WDVI, and NDVI) to invert and esti-
mate rice biomass, and the inversion accuracy reached 0.97 [50]. Mistele and Schmidhalter
showed that nitrogen accumulation in corn plants can be accurately estimated by calcu-
lating the spectral reflectance ratio R780/R740 [51]. Tang et al. compared the performances
of a soybean chlorophyll content inversion model based on the partial least squares algo-
rithm and the back-propagation (BP) neural network algorithm and found that the BP
neural network algorithm can more accurately estimate the soybean chlorophyll content
[52].

Recently, the use of hyperspectral data for identifying and classifying tree species has
become a research hotspot. Dalponte et al. used hyperspectral data to classify northern
forest tree species and used three classifiers (e.g., support vector machine, random forest,
and maximum likelihood method) to classify tree species, proving that hyperspectral data
are very effective in classifying the forest types of northern forest tree species [53]. Kozo-
derov and Dmitriev used different classifiers to identify tree species in hyperspectral im-
ages and found nonlinear classifiers were more suitable for hyperspectral data classifica-
tion [54]. Schull et al. used AVIRIS (Airborne Visible InfraRed Imaging Spectrometer) RS
images to identify tree species using characteristic factors related to spectral information
and crown structure and found these factors can improve the accuracy of tree species clas-
sification [55]. Ballanti et al. used comparative classification methods based on hyperspec-
tral images to study support vector machine and random forest classifiers in complex het-
erogeneous forests in Muir Woods National Monument and Saklikent Canyon in Marin
County, California and showed the overall accuracy of all classifications was above 90%
[56]. Vangi et al. used new hyperspectral satellite images for identifying forest tree species
and found hyperspectral sensors can better distinguish all forest types and improve per-
formance when the complexity of the naming system also increased [57]. Modzelewska et
al. studied the performance of multi-temporal hyperspectral datasets for classifying some
forest tree species and found the classification results in early summer had the highest
accuracy. Compared with a single collection of images, the implementation of multi-tem-
poral hyperspectral data can improve the classification results [58].

Currently, hyperspectral RS has been widely used in multi-level plant diversity re-
search, such as large-scale habitat mapping, plant function, and phylogenetic diversity
inversion [59]. According to different diversity measurement requirements, hyperspectral
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RS-based diversity inversion methods can be divided into direct estimation based on spec-
tral characteristics and indirect estimation based on quantitative inversion. The former
mainly achieves diversity estimation by establishing a direct relationship between spectral
heterogeneity and biological diversity and has been applied to diversity estimation of spe-
cies, functional traits, and phylogeny [60]. The latter mainly quantitatively extracts plant
traits or vegetation parameters through fine spectral features of hyperspectral data and
further correlates them with biodiversity indicators. For example, quantitative inversion
of specific canopy traits combined with corresponding diversity indicators can be used to
estimate functional diversity [61], and species distribution patterns can be indirectly ex-
pressed through habitat mapping [62].

The continuous and rich spectral information of hyperspectral images not only more
accurately reflects the subtle differences in the reflection properties of surface materials,
but it also exhibits a strong correlation between bands and contains abundant redundant
information, which can characterize the plants that are sensitive to disease and insect pest
stress. Jiang et al. used hyperspectral imaging data and found that modeling combining
the sequential projection algorithm (SPA) and random forest (RF) can improve the accu-
racy in estimating the severity of mangrove pests and diseases [63]. Zhang et al. proposed
a pine caterpillar pest classification framework based on the spectral space of UAV hyper-
spectral images, which can effectively assess the losses caused by pine caterpillar pests
[64]. Ma et al. studied Yunnan pine forests infected with insect pests; extracted the vege-
tation index and continuous wavelet characteristics; and combined discriminant analysis,
support vector machine, and backpropagation neural network modeling to monitor the
pests in the Yunnan pine forests [65]. Zhang et al. implemented automatic detection of
winter wheat yellow rust in hyperspectral images based on high spatial resolution UAV
hyperspectral images [66]. Xi et al. used hyperspectral data to monitor stress on deciduous
coniferous forests and effectively detected larch looper insect damage in the early stages
of coniferous forests [67]. Liu et al. obtained the spectral bands and first spectral deriva-
tives of beetle-infected pine trees from hyperspectral images and completed a quantitative
discriminant analysis of pine beetle damage [68]. Gao et al. extracted three features (e.g.,
original spectrum, reflectance derivative, and vegetation index) of insect-infected pine
trees in drone hyperspectral images and used a convolutional neural network to construct
a recognition system that can distinguish healthy, infected, or dead pine trees [69].

3.2. Military Application of Hyperspectral RS

Because of unique advantages, hyperspectral RS target detection has received exten-
sive attention and research in the military field [1,70-73]. The U.S. Naval Research Labor-
atory (NRL) hosted the development of the Hyperspectral Digital Image Collection Exper-
imental Instrument (HYDICE) in 1991. This airborne push-type hyperspectral instrument
with a spectral coverage range of 0.4-2.5 pm can collect data from 210 bands at the spectral
resolution of 10 nm. In 2005, with the support of the U.S. Department of Defense, HYDICE
was used in the Forest Radiance I experiment and Desert Radiance II experiment. Late-
stage data analysis showed hyperspectral RS images with strong ability to identify cam-
ouflage can distinguish real targets from decoy targets against the background of green
vegetation and quickly detect small tactical targets against the desert background. The
current military applications of hyperspectral RS mainly cover three aspects: detailed bat-
tlefield reconnaissance, identification of camouflaged targets, and detection and calcula-
tion of the target’s true temperature and emissivity:

e  Detailed battlefield reconnaissance

Hyperspectral RS instruments can detect targets simultaneously in continuous work-
ing bands and can directly reflect the fine spectral characteristics of the measured object.
They can distinguish the composition and state of the target surface. The precise corre-
spondence between space detection information and actual targets on the ground can be
obtained. Israeli scientists used a CASI hyperspectral imaging spectrometer to study Tel
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Aviv, selecting typical features from CASI images as end-member data, and achieved
good results on rivers, sand, road surfaces, vegetation, and other features [74]. The hyper-
spectral imager designed by the U.S. Navy can provide spectral data in 210 bands at 0.4—
2.5 um and can obtain the dynamic characteristics of offshore environmental targets (e.g.,
seawater transparency, ocean depth, ocean currents, seafloor features, underwater dan-
gerous objects, and oil leaks) to provide reference for naval offshore operations. The
United States has proposed digital earth research, aiming to establish a database of the
global surface at the square meter level, and they involved various parameters, including
target and background characteristic spectra. After the database is established, military
targets anywhere in the world will be monitored and susceptible to attack;

e Identifying camouflage target

In terms of military target reconnaissance and camouflage identification, hyperspec-
tral RS can detect military equipment according to the different spectral characteristics of
the background and camouflage targets. Through the spectral characteristic curve, the
composition of the target can be inverted to reveal the target and its camouflage that are
different from the background environment. An important method for detecting green
camouflage materials is to use the red-edge effect of vegetation, as the reflectivity of veg-
etation increases sharply at 680-720 nm. The type and status of vegetation can be identi-
fied by detecting the characteristics of its position and slope [75]. The spectral curve of the
existing green camouflage materials can generally match with the vegetation and can meet
the camouflage requirements under multi-spectral reconnaissance conditions. However,
the camouflaged target cannot be hidden under the fine resolution of hyperspectra;

e Detecting and calculating the target’s true temperature and emissivity

In the current thermal infrared detection, Planck’s law is used to combine the two
unknown parameters of emissivity and temperature into one parameter [76], which is
called hypothetical temperature or radiation temperature in radiation thermometry. It is
assumed that temperature is the coupling between the real temperature and spectral emis-
sivity and does not reflect the real temperature of the measured target. Thermal infrared
camouflage of military targets mainly uses low-emissivity barriers to reduce the target’s
radiation energy. If the coupling temperature between the target and the background is
close to that of the target, the thermal infrared detector may not be able to detect or iden-
tify it. However, if hyperspectral detection is used and linear assumptions are used to
construct equations in the thermal infrared band, the true temperature and emissivity of
the target surface can be calculated. Hyperspectra break through the limitations of hypo-
thetical temperature measurement and make the measuring solution closer to the real
temperature of the object surface. This enables more effective identification of camou-
flaged targets and backgrounds.

4. Research Advances of Plant-Mimicking Camouflage Materials

Green plants are one of the typical ground backgrounds. To achieve hyperspectral
camoulflage in the plant background, it is necessary to develop bionic materials that can
simulate the solar spectrum reflection characteristics of leaves. Conventional camouflage
materials (e.g., camouflage coatings and camouflage nets developed based on the color
characteristics of vegetation) can only achieve the same color as the vegetation, but they
cannot achieve the same spectrum and are easily recognized by hyperspectral imaging.
While hyperspectral imaging technology is developing rapidly, there is a need for ad-
vancements in the development of camouflage materials specifically designed for vegeta-
tion backgrounds. The following will introduce the research status of bionic materials
based on leaves.
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4.1. Bionic Camouflage

Bionic camouflage refers to the camouflage patterns and patches designed based on
the color characteristics of natural scenery for the purpose of deceiving the enemy’s brain
and visual system, especially before high-tech detection methods became widely used.
Optical camouflage is the most basic and widely used camouflage and a typical example
of bionic camouflage. Humans have a long history of using camouflage in military opera-
tions. According to historical records, hussars in ancient Rome were issued with uniforms
made of animal fur to confuse their enemy. The modern camouflage uniform was devel-
oped by Germans in the 1930s. In fact, Americans made a similar attempt as early as 1918
when female nurses on the battlefield were issued with hooded smocks printed with pat-
terns such as stones and tree trunks. These experimental smocks can be considered the
earliest camouflage uniforms based on deformed camouflage. After World War I, many
countries tried to develop practical camouflage uniforms but never succeeded. During
World War II, Soviet entomologist Schwanvich, based on people’s lack of understanding
of camouflage at that time, realized that the colors of butterflies were undetectable among
flowers and covered military facilities with butterfly-pattern camouflage. Based on bionic
technology, a number of classic camouflage patterns have been developed for actual com-
bat, such as the tiger-stripe camouflage of the US military (Figure 3A), the leaf camouflage
of Germany and former Soviet Union (Figure 3B), and the frog-shaped camouflage of the
US miilitary (Figure 3C). After the 1990s, digital camouflage technology began to be used.
Compared with traditional camouflage, digital camouflage can blend more easily into the
background and has better camouflage performance. However, bionic camouflage can
only imitate the color of vegetation and cannot resist hyperspectral detection, and it also
cannot effectively resist hyperspectral detection without achieving the same color and
spectrum as leaves.

Figure 3. | Classic camouflage pattern. (A) The tiger-stripe camouflage of US military, (B) the leaf
camouflage of Germany and former Soviet Union, and (C) the frog-shaped camouflage of US mili-
tary.

4.2. Bionic Materials Simulating Solar Reflection Characteristics of Leaves

Achieving hyperspectral consistency with leaves is a crucial requirement for modern
camouflage materials to combat hyperspectral reconnaissance [3,77]. In nature, rod-like
insects can spectrally simulate leaves [78,79] by taking in carotenoids and chlorophyll
from their plant-based diet and sequestering these pigments in their exoskeleton, forming
a pattern consistent with leaves [80]. They complete camouflage by adapting their colors
and spectra to match the leaves of tree species at their growth stage, season, and habitats.
Therefore, many scholars have considered that pigments are the key influencing factors
of the solar reflection characteristics of plant leaves and have developed dyed fabrics using
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dyes with similar spectral characteristics as green leaves [12,81-85]. Two types of commer-
cial inorganic green pigments, viz. Cr20s and CoCr20s, are widely used in camouflage
applications, but their spectra still differ from those of leaf surfaces. Ye et al. used polyvi-
nyl alcohol (PVA, a hydrophilic polymer) as the film-forming main body and green pig-
ment Cr20s and strong hygroscopic agent LiCl as additives, and they prepared biomimetic
materials using a solution casting method (Figure 4) [11,15,86]. Yuan et al. used a hydro-
thermal method to successfully insert organic pigment anions acid green (AG) and acid
yellow (AY) into the layers of magnesium and aluminum layered double hydroxides
(LDHs) and thereby prepared optical materials with the visible light and near-infrared
characteristics of natural green plants, a color closely related to the spectral reflectance in
visible light wavebands, and colors that change with the peak position and reflectance of
the visible light spectrum (Figure 5) [14], and the materials were combined with film-
forming resin to prepare a bionic coating, and the colored pigment Cr0s was also used.
The reflectivity of Cr203 shows a peak at 540 nm and an additional peak around 400 nm,
although this can be compensated for by doping [87]. However, the slope of reflectance
increase in the red-edge region is much smaller, which limits its spectral similarity with
leaves. The slope of CoCr20s4 in this region is close to the red edge, but its blue shading
and strong absorption of tetrahedrally coordinated cobalt in the near-infrared region are
undesirable [88]. In addition, several commercial vat dyes and disperse dyes were applied
to match with leaf reflectance [12,89]. However, the spectral differences between these
dyes and in vivo pigments may be amplified by the environmental influence of the dye
molecules, making it difficult to simultaneously achieve high spectral similarity, precise
red-edge reflectance, and controllable color difference. Moreover, fabricating these dyes
is challenging. Although bionic camouflage based on inorganic dyes can achieve the same
color, the key dyes used cannot completely have the same spectrum as green vegetation.

I ——
i e
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Solution Casting Film
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> & o0 o
o o © o
» o o0

=)

— Verification Material
PVA solution Adding LiCl Adding TiOz Particles

Figure 4. | Schematic diagram of the preparation processes of the biomimetic materials [11].
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Figure 5. | VIS-NIR diffuse reflectance spectrum of samples and AG pigment. (A) Different concen-
trations of acid green (B,C) different ratios of acid green and acid yellow [14].

To accurately simulate the spectral characteristics of green vegetation, one of the sim-
plest and most effective ways is to directly use chlorophyll, which is the exact same color-
ing dye as that found in green leaves. Therefore, researchers have proposed another tech-
nical approach to bionic camouflage materials, which is to simulate the color of green veg-
etation by extracting chlorophyll from green leaves [13,90,91]. The multi-layer bionic cam-
ouflage material designed by Yang et al. encapsulates chlorophyll in PVA films (Figure 6),
and the encapsulated chlorophyll is also prone to degradation, causing changes in the
reflection curve of the bionic leaves [92]. Qin et al. developed urea formaldehyde polymer
microcapsules coated with chlorophyll and water through encapsulation, which simu-
lated the spectral characteristics of leaves (Figure 7) [13]. The chlorophyll encapsulated in
the microcapsule was also prone to degradation, making it impossible to achieve precise
simulation. After chlorophyll leaves the leaf, it will decompose within 1 day under light
and has poor stability, which limit its application in the field of camouflage. Liu et al.
proposed a biomimetic material by using trans-polyurethane foam, super absorbent resin
particles, and oil-soluble chlorophyll to simulate the mesophyll, water, and chloroplasts
of green leaves, respectively (Figure 8) [90]. Hu et al. developed a polyurethane-based
biomimetic material-bionic porous spectrum simulation material (BPSSM) embedded
with water and vat dyes (or organic pigments) (Figure 9) [93]. However, the development
of these materials and technologies lags far behind the developing speed of hyperspectral
reconnaissance and detection technology, and the gap is increasingly wider.

Chlorophyll Film

Water
Loose Structure

P

Base Materia]

Figure 6. | Structure of bionic composite material [92].
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Figure 9. | (A) Three-dimensional profile of the BPSSM, (B) three-dimensional profile of the cross-
section of the BPSSM, (C) structure diagram of leaves [93].



Appl. Sci. 2024, 14, 4404

14 of 21

In modern high-tech warfare, troop operations often feature large combat areas,
rapid maneuvers, seasonal changes, and large background changes. Facing battlefield en-
vironments with diverse and differentiated environmental backgrounds, the existing bi-
onic camouflage materials that only simulate green vegetation backgrounds do not have
adaptive camouflage capability. The traditional stealth technology is easily ineffective and
difficult to maneuver. How to make camouflaged targets better adapt to complex back-
ground environments has become the focus of research in recent years. Bionic materials
in previous studies only presented static colors [16,17,94]. In nature, however, leaves are
not always green, and their colors change in time and space (Figure 10) [95-97]. For exam-
ple, the colors of leaves in autumn change in a latitude-dependent way, showing obvious
changes from high to low latitudes [98]. Xie et al. developed a microencapsulated colorant
with a chloroplast-like structure and chlorophyll-like absorptivity and designed a univer-
sal double-layer coating to provide changing high spectral similarity with leaves at differ-
ent growth stages and seasons, as well as leaves of different species [99]. Moreover, this
colorant was superior to the state-of-the-art spectral modeling materials. Huang et al.
studied tree-leaf discoloration and developed a color-changing bionic material (CCBM)
[100]. CCBM is very similar to the ultraviolet-visible-near-infrared and thermal infrared
characteristics of both green and yellow leaves (Figure 11), and it can be used as a camou-
flage net in bionic camouflage.

: " 7 1
1HOUR TURF1 10 MAY 13 12:00FM 1HOUR TURF1 18 JUL 13 03:00PM

1HOUR TURF1 02 OCT 13 04:00PM TURF1 21 OCT 13 02:00PM

Figure 10. | Four photographs show the seasonal changes of tree canopies throughout the growing
season from spring to autumn. (A,B) show the time-lapse camera and temperature data logger un-
der the radiation shield. (C) 10 May. (D) 18 July. (E) 2 October. (F) 21 October. 1: red maple, 2: sugar
maple, 3: white ash, 4: pignut hickory [97].
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Figure 11. | Color-change model and visible images of the CCBM. Micrographs of the slices of (A)
green and (B) yellow E. aureum foliage. (C) Schematic diagram of the color-change model. Micro-
graphs of the slices of the CCBM in (D) green and (E) yellow. (F) Visible images of potted plants
obtained by cutting the CCBM in green and yellow colors [100].

By reviewing the research, development, and technical improvement of hyperspec-
tral camouflage materials that simulate vegetation backgrounds, we find no major inno-
vations, as the traditional ideas of bionic camouflage have continued being researched.
Therefore, it is urgent to use new bionic camouflage technology to fill in the gaps in hy-
perspectral imaging detection technology.

Hyperspectral and thermal infrared detectors are often combined in modern battle-
fields, but multi-band camouflage using both the solar spectrum and the infrared spec-
trum is challenging. To address this challenge, Xu et al. developed a bionic metamaterial
inspired from natural leaves [101]. This metamaterial exhibits a similar solar reflectance
properties and low infrared emissivity as natural tree leaves, and it is capable of hyper-
spectral and infrared detection against a vegetation background. The material consists of
a three-layer structure (Figure 12). Of note, the middle layer is a hyperspectral camouflage
layer that mainly contains polyvinyl alcohol (PVA), Cr20s nanoparticles, and LiCl. The
bottom layer is the base of a porous array designed with inspiration from the stomata
distribution characteristics of natural leaves. The top layer is an infrared camouflage layer,
which requires high transmittance in the solar spectrum and low emissivity in the infrared
region.
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Figure 12. | Three-ayer structured metamaterials inspired by the spectral characteristics of natural
leaves in the solar and infrared bands [101].

5. Discussion and Prospects

Recently, significant progress has been made regarding hyperspectral camouflage
materials and technologies. Through vigorous research, a theoretical system of hyperspec-
tral camouflage has been gradually formed, which has greatly improved the effectiveness
of military camouflage. The future development trends of vegetation-imitating hyper-
spectral camouflage materials and technologies are shown below:

e Improving the bionic camouflage technology

The inorganic or organic pigments used in traditional camouflage materials are com-
pletely different from the biological pigments in green vegetation, and they can be easily
identified by hyperspectral detection. Thus, to improve the camouflage performance of
the target, we must solve the shortcomings of the existing traditional bionic camouflage
technology. For example, pigments can be compounded, doped, or added with chloro-
phyll-like spectral fillers (e.g., phthalocyanine compounds) to accurately simulate im-
portant spectral features, such as green reflection peaks and red edges. In addition, the
reflection characteristics of green vegetation are closely related to their water content.
However, the existing camouflage materials contain little to no water, making it difficult
to accurately simulate the moisture characteristic absorption peak of the vegetation back-
ground. Therefore, the design and preparation of bionic camouflage materials must be
focused on studying their moisture absorption and water-retention mechanism. In this
way, these materials can have a water-retention effect similar to plants, and they can show
spectral characteristics that are basically consistent with the vegetation background,
achieving effective resistance against hyperspectral detection;

e Improving the performances of leaf-simulating camouflage materials

At the technical level of hyperspectral camouflage, the biggest challenge is how to
design a suitable material system that can achieve the camouflage function of hyperspec-
tral camouflage materials. First, to achieve the hyperspectral camouflage effect, the pri-
mary problem is to design and prepare a bionic material that can be preserved for a long
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time. Second, achieving the hyperspectral camouflage performance of materials is another
key issue. At the application level of hyperspectral camouflage, leaf bionic camouflage
materials must not only meet the performance requirements of hyperspectral camouflage
but also account for the comprehensive performance under service conditions and meet
certain use performance indicators. At the current stage, the above issue is mainly reflected
in how to improve the usability and reliability of materials in actual service environments
and develop a material system with excellent hyperspectral camouflage performance and
comprehensive capabilities.
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