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Abstract: The monitoring of vegetation via remote sensing has been widely applied in various fields,
such as crop diseases and pests, forest coverage and vegetation growth status, but such monitoring
activities were mainly carried out in the daytime, resulting in limitations in sensing the status of
vegetation at night. In this article, with the aim of monitoring the health status of outdoor plants at
night by remote sensing, a polarized multispectral low-illumination-level imaging system (PMSIS)
was established, and a fusion algorithm was proposed to detect vegetation by sensing the spectrum
and polarization characteristics of the diffuse and specular reflection of vegetation. The normalized
vegetation index (NDVI), degree of linear polarization (DoLP) and angle of polarization (AOP)
are all calculated in the fusion algorithm to better detect the health status of plants in the night
environment. Based on NDVI, DoLP and AOP fusion images (NDAI), a new index of night plant
state detection (NPSDI) was proposed. A correlation analysis was made for the chlorophyll content
(SPAD), nitrogen content (NC), NDVI and NPSDI to understand their capabilities to detect plants
under stress. The scatter plot of NPSDI shows a good distinction between vegetation with different
health levels, which can be seen from the high specificity and sensitivity values. It can be seen that
NPSDI has a good correlation with NDVI (coefficient of determination R2 = 0.968), PSAD (R2 = 0.882)
and NC (R2 = 0.916), which highlights the potential of NPSDI in the identification of plant health
status. The results clearly show that the proposed fusion algorithm can enhance the contrast effect
and the generated fusion image will carry richer vegetation information, thereby monitoring the
health status of plants at night more effectively. This algorithm has a great potential in using remote
sensing platform to monitor the health of vegetation and crops.

Keywords: vegetation health monitoring; remote sensing; NDVI; polarization; image fusion

1. Introduction

Vegetation plays an important role in the global ecosystem [1], but natural disasters
such as drought, pests and diseases affect their growth of greatly, even leading to their
death. In the past 30 years, monitoring the health status of vegetation via remote sensing
has been applied in many areas successfully, such as the analysis of crop diseases and
pests, monitoring forest coverage and vegetation growth status, etc. However, such remote
sensing-based activities are mainly carried out during the daytime, with limitations in
sensing the vegetation status at night. Crop diseases and pests are important factors for
analyzing crop yields. For example, Spodoptera frugiperda, as one kind of nocturnal animal,
spreads extremely fast and seriously threatens human food security [2]. Thus, it is necessary
to monitor them efficiently with state-of-the-art techniques. Therefore, it is essential and
important to develop an effective and accurate method to monitor the health status of
vegetation in the night environment.

With the development of remote sensing technologies based on multiple platforms
(space, air and ground), various remote sensing-based methods are used to monitor plant
health [3–11]. For the optical remote sensing methods, the visible and near-infrared wave
bands are mainly used for analysis of plant diseases and insect pests [12–21]. As the
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vegetation of different healthy status have different absorption and reflection characteristics
at different wavelengths, various vegetation indices (VIS) with visible and near-infrared
wave bands have been developed to monitor vegetation growth and health [22], such as
the normalized vegetation index (NDVI, Rouse et al. 1973) [23], soil-adjusted vegetation
index (SAVI, Huete 1988) [24], modified soil-adjusted vegetation index (MSAVI, Qi et al.
1994) [25] and normalized difference water index (NDWI, Gao 1996) [26]. More and more
indices are being developed to study and analyze the crop damage caused by pests with
remote sensing.

For the ground-based remote sensing technologies, typically, handheld instruments
are widely used monitoring crop diseases [27], and tower-based platforms [28–30] and other
huge near-ground platforms are used to obtain crop spectral information under different
disease states at the leaf and canopy scales. For example, Graeff et al. (2006) [31] used a
digital imager (Leica S1 Pro, Leica, Wetzlar, Germany) to analyze the spectrum of wheat
leaves infected with powdery mildew and take-all disease, finding this disease resulted in
strong spectral response at 490 nm, 510 nm, 516 nm, 540 nm, 780 nm and 1300 nm. Yang
et al. (2009) [32] used a hand-held Cropscan radiometer and found that it was feasible to
use the ratio vegetation index (400/450 nm and 950 nm/450 nm) to identify and distinguish
plants infested by green aphids and Russian wheat aphids. Liu et al. (2010) [33] used
a portable spectrophotometer (Field Spec Full Range, ASD Inc., Boulder, CO, USA) to
analyze the spectral characteristics of Rice Panicles and found that there was a correlation
between the reflectance change in the 450–850-nm band and rice glume blight disease.
In addition, Prabhakar et al. (2011) [34] found that the spectral reflectance of healthy
plants was significantly different from the plants infested by leafhoppers in the visible
and near-infrared bands with a Hi-Res spectroradiometer (ASD Inc., Boulder, CO, USA;
spectral range: 350–2500 nm), and the new leaf hopper index (LHI) was applied to monitor
the severity of leafhopper. Prabhakar et al. (2013) [35] used a Hi-Res spectroradiometer
(ASD Inc., Boulder, CO, USA; spectral range: 350–2500 nm) for the experiment and found
that the most sensitive bands to cotton mealybug infestation were concentrated at 492 nm,
550 nm, 674 nm, 768 nm and 1454 nm, and a new cotton mealybug Stress Index (MSI)
was developed.

Besides ground-based remote sensing technologies, various air and space-based re-
mote sensing technologies have been developed and widely applied to the monitoring of
plant diseases and insect pests, with the advantages of good temporal, spatial and spectral
resolutions. In general, the airborne platform used for monitoring crop diseases can be
integrated with different sensors, such as an imaging camera, multispectral/hyperspectral
spectrometer, infrared camera, lidar and other detection systems [36,37]. For example,
Yang et al. (2010) [38] used high-resolution multispectral and hyperspectral aerial image
data to extract the occurrence range of cotton root rot and indicated that multispectral data
was promising for large-scale disease monitoring. Calder ó n et al. (2013) [39] used UAV
with the multispectral camera and thermal infrared camera to diagnose the verticillium
wilt of olive trees. Sanches et al. (2014) [40] calculated a new Plant Stress Detection In-
dex (PSDI) from the chlorophyll characteristic center (680 nm) and green edge (560 nm
and 575 nm) with an airborne imaging spectrometer (ProSpecTIR-VS) and the continuum
division method, showing this index could be used for an analysis of the canopy status
successfully. Lehmann et al. (2015) [41] analyzed the UAV multi-spectral images with
object-based image processing methods to monitor the pests of oak trees. For the cases of
space-based remote sensing applications, Yuan et al. (2016) [42] proposed a monitoring
method with the help of SPOT-6 images to analyze the occurrence of Wheat Powdery
Mildew in the Guanzhong area of Shaanxi Province, with an accuracy of 78%. Chen et al.
(2018) [43] applied high-resolution multi-spectral satellite images to monitor wheat rust,
with a classification accuracy of 90%. Zheng et al. (2018) [44] used the Sentinel-2 Multispec-
tral Instrument (MSI) to distinguish the severity of yellow rust infection in the winter and
proposed the Red Edge Disease Stress Index (REDSI) to detect yellow rust infections of
different severities. Meiforth et al. (2020) [45] used the WorldView-2 (WV2) satellite and
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LiDAR data to detect the stress of kauri canopies in New Zealand. The results showed that
this method can be used to monitor kauri canopies economically and efficiently in a large
area. Li et al. (2021) [46] developed a machine learning model to analyze the vegetation
growth by retrieving NDVI from the satellite sensor.

It is clear that vegetation indices based on different remote sensing platforms play
an important role in monitoring the status of crops. When the polarization information
is supplemented, more complex and accurate indices and models can be developed, and
the polarization shows directional characteristics when light interacts with the vegeta-
tion [47,48]. Polarization has attracted many researchers to study remote sensing together
with polarization information. For example, Vanderbilt et al. pointed out that polarization
was affected by vegetation canopy morphology and leaf surface characteristics [49,50].
Since vegetation canopy morphology and leaf surface characteristics are affected by stress,
activity and the growth stage, polarization-based parameters, such as the degree of linear
polarization (DoLP) of vegetation, can reflect such information well [51]. Compared to
traditional remote sensing methods without polarization information, polarization-based
remote sensing can provide vegetation canopy information, such as the structure of leaf
layers [52] and the emergence of panicles above canopies [53]. Theoretical and practical
research indicates the possibility of detecting the geometry of vegetation canopies with po-
larization [54,55]. Besides, many researchers have measured various leaves in an extensive
way [56–60]. Hu et al. studied polarization imaging in low-light environments [61]. For
the above-mentioned research, it is worth noting that the researchers are still in the phase
of ground experiments in studying remote sensing technologies.

It is shown that the health of vegetation can be monitored successfully with different
remote sensing technologies, and various methods have been carried out during the
daytime. However, limited efforts have been done in monitoring the health of vegetation
at night, which requires high-sensitivity imaging equipment but is quite important and
necessary. In this paper, a ground-based remote sensing system is developed and used for
monitoring the health of vegetation at night. Since polarization information can supplement
traditional spectral imaging to develop more complex and accurate models for vegetation
monitoring, in this paper, we developed a polarized multispectral low-illumination-level
imaging system, which is used to record the spectral images of vegetation at 680 nm and
760 nm during the night, as well as the polarization images at 0◦, 60◦ and 120◦. Moreover,
a fusion algorithm is proposed to improve the contrast of vegetation detection by fusing
polarization images and spectral images of vegetation. The vegetation index (NDVI),
degree of linear polarization (DoLP) and angle of polarization (AOP) are all calculated in
the fusion algorithm for better detection of the health status of plants at night. In addition,
a new index, the night plant status detection index (NPSDI), was calculated based on
the fusion images of NDVI, DoLP and AOP. The index was compared with physiological
parameters of plants, such as nitrogen content (NC) and SPAD, to assess the applicability
of the fusion algorithm for the remote sensing of vegetation. Moreover, based on our novel
ground-based remote sensing research, it is promising to transform the platform into air
and space-based ones for large-scale remote sensing applications in the future.

2. Materials and Methods
2.1. Plant Materials and Experimental Design

The spectral and polarization data analyzed in the study are from the leaves of plants
on the campus of Shanghai University: spotted laurel (Aucuba japonica), money plant
(Epipremnum aureum) and Malabar chestnut (Pachira aquatica). Figure 1a is a potted money
plant in the laboratory, and Figure 1a1,a2 are the regions of interest for collecting vegetation
index and polarization data, respectively. Figure 1b shows the leaves of spotted laurel,
money plant and Malabar chestnut, and Figure 1b1–b5 shows the regions of interest
collected by time series experiment at 3-day intervals. Figure 1c is a spotted laurel on the
campus of Shanghai University, and Figure 1c1–c4 is defined as the healthy leaf region,
level-2 stress leaf region, level-1 stress leaf region and withered leaf region, respectively.
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Figure 1. Plant materials. (a) Money plant: (a1,a2) are the regions of interest for the NDVI and po-
larization data collection, respectively. (b) The leaves of a spotted laurel, money plant and Malabar 
chestnut: (b1–b5) are the images of the changes of a money plant leaf every 3 days. (c) A spotted 
laurel at Shanghai University: (c1–c4) are the healthy leaf region, the level-2 stress leaf region, the 
level-1 stress leaf region and the withered leaf region, respectively. 

2.2. Polarized Multispectral for Low-Illumination-Level Imaging System 
The polarized multispectral for low-illumination-level imaging system (PMSIS) de-

veloped for outdoor plant imaging at night consists of a scientific CMOS (SCMOS) 
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coupled to a Nikon MF 50-mm (1:1.8) fixed focus camera lens, narrow band interference 
filters fitted on a rotating filter mount and a linear polarizer fitted on a rotating polarizer 
mount (Figure 2). Blue (FF02-482/18-25) and green (FF02-520/28-25) band filters of Sem-

Figure 1. Plant materials. (a) Money plant: (a1,a2) are the regions of interest for the NDVI and
polarization data collection, respectively. (b) The leaves of a spotted laurel, money plant and Malabar
chestnut: (b1–b5) are the images of the changes of a money plant leaf every 3 days. (c) A spotted
laurel at Shanghai University: (c1–c4) are the healthy leaf region, the level-2 stress leaf region, the
level-1 stress leaf region and the withered leaf region, respectively.

Three experiments were designed in this paper, including: (1) an experiment was
carried out under different illuminances of 0.01, 0.1, 0.5, 1 and 5 lux on a pot of money plant
in a dark laboratory room, and the LED light group and LED controller were used to control
the illumination of the dark room. The illumination was measured with a high-precision
illuminometer (model: tes1330A, Taishi). (2) In the dark laboratory room, a time series
experiment was carried out to collect data on the leaves of spotted laurel, money plant
and Malabar chestnut every three days. Vegetation leaves were pasted on a display board
printed at Shanghai University and placed in a dark room. The LED light group and LED
controller were used to control the illumination of the dark room, and a high-precision
illumination meter (model: tes1330A, Taishi) was used to measure the illumination. (3) An
outdoor experiment was conducted on a spotted laurel on campus at night.

2.2. Polarized Multispectral for Low-Illumination-Level Imaging System

The polarized multispectral for low-illumination-level imaging system (PMSIS) devel-
oped for outdoor plant imaging at night consists of a scientific CMOS (SCMOS) monochrome
camera with 2048 pixels × 2048 pixels (model: PCO. edge 4.2, PCO, GER), coupled to
a Nikon MF 50-mm (1:1.8) fixed focus camera lens, narrow band interference filters fit-
ted on a rotating filter mount and a linear polarizer fitted on a rotating polarizer mount
(Figure 2). Blue (FF02-482/18-25) and green (FF02-520/28-25) band filters of Semrock and
red (FB680-10) and near-infrared band (FB760-10) filters of Thorlabs were used. The camera
was connected to a desktop computer, and the control and data acquisition were carried
out through a Cameralink port.
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Figure 2. (a) Indoor polarized multispectral for a low-illumination-level imaging system. (b) Outdoor
polarized multispectral for a low-illumination-level imaging system.

As shown in Figure 2a, an indoor polarized multispectral for low-illumination-level
imaging system was established. In order to simulate a night environment, the system
was placed in a dark room made of optical shading material, and the shading rate of the
dark room was greater than 99%. During the experiment, the illuminance of the dark room
was controlled at 0.01, 0.1, 0.5, 1 and 5 lux, respectively (Note: dark night: 0.001–0.02 lux,
moonlit night: 0.02–0.3 lux and cloudy indoor: 5–50 lux). The illuminance of the dark room
was controlled by the LED lamp set and LED controller to carry out the experiment of
monitoring the vegetation health status with different illuminances at night.

As shown in Figure 2b, an outdoor polarized multispectral for a low-illumination-
level imaging system was built to conduct an outdoor night monitoring experiment on a
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spotted laurel. The time selected was from 8:00 at night. The ambient light included an
atmospheric glow, starlight, moonlight and city light. The outdoor experiment location
was on the campus of Shanghai University, Baoshan District, Shanghai (Season: Winter
(Longitude: 121◦24′1.95”, Latitude: 31◦19′10.57”)), and the illuminance of 0.22 lux was
actually measured with an illuminance meter.

2.3. Measurement of Chlorophyll and Nitrogen Content

The chlorophyll and nitrogen contents of plant leaves were measured with a handheld
chlorophyll analyzer (Medium Kelvin, Model: TYS-4N). The chlorophyll analyzer can
measure the relative chlorophyll (SPAD) and nitrogen contents (mg/g), leaf moisture
(RH%) and temperature of plants instantly. In the test, two LED light sources emit light
in two wavebands, one with a red light (center wavelength: 650 nm), the other with an
infrared light (center wavelength: 940 nm). After penetrating the blade, the light is received
and processed by the receiver, and finally, the SPAD value is calculated and displayed on
the screen.

2.4. Image Acquisition and Analysis

Highly sensitive sCMOS cameras and filters with central bands of 482, 520, 680 and
760 nm were used to obtain the spectral data images of vegetation. Linear polarizers were
used to obtain the polarization data images of vegetation with 0, 60 and 120 degrees. In
this study, the spectral analysis focused on the absorption characteristics of chlorophyll
in the central band near 680 nm and the reflection characteristics of chlorophyll in the
central band near 760 nm, and the NDVI was used to retrieve the vegetation health status.
The DoLP and AOP of vegetation were calculated using 0, 60 and 120-degree polarization
images. Finally, the NDVI, DoLP and AOP were fused with the proposed fusion algorithm
of night plant detection.

2.4.1. The Normalized Vegetation Index

The analysis based on the vegetation index has become a main way for scholars
to study and practice the remote sensing detection of pests and diseases. So far, many
different types of vegetation indices have been proposed one after another. With certain
biological or physical and chemical significance, these vegetation indices are an important
application form of the plant spectrum. At present, many studies have tried to establish
the relationship between remote sensing information and the occurrence and degree of
diseases and pests through various vegetation indices. In this study, the spectral image
data of 680 nm and 760 nm in the central band were used to calculate the NDVI, of which
the formula is as follows:

NDVI =
R(760 nm)− R(680 nm)

R(760 nm) + R(680 nm)
(1)

2.4.2. Polarization of Vegetation

When light is reflected from the leaf surface, its spectral characteristics will be affected
by the element composition of the leaf surface, and its polarization characteristics will be
affected by the characteristics of the leaf surface [62]. Polarization [63] and multispectral
imaging can provide complementary information for vegetation detection. However, few
people currently propose to fuse the information of polarization and spectral imaging to
obtain better vegetation detection results. Therefore, this paper introduces polarization into
vegetation detection and integrates it with the vegetation index to improve the detection of
the vegetation health status.
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Intensity of radiation: S0 is obtained by passing light waves through linear polarizers
oriented at 0 degrees, S1 is obtained by passing light waves through linear polarizers
oriented at 60 degrees, and S2 is obtained by passing light waves through linear polarizers
oriented at 120 degrees.

The method for measuring linear Stokes parameters is shown in Figure 3 [64]. It
should be noted that, in remote sensing measurements, the degree of circular polarization
is usually very small, so we only describe the linear polarization state of the beam.
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Fessenkovs method was used to measure the Stokes parameters in the paper.
Degree of Linear Polarization (DoLP):

DoLP =

√
S1

2 + S2
2

S0
(3)

Angle of Polarization (AOP):

AOP =
1
2

tan−1
(

S2

S1

)
(4)

2.4.3. Fusion Algorithm for Nighttime Plant Detection

In view of the different polarization and spectral characteristics of healthy and stressed
vegetation, in this paper, we propose a fusion algorithm to detect the vegetation with the
spectral and polarization characteristics of diffuse and specular reflections of vegetation.
The NDVI, DoLP and AOP are all calculated in the fusion algorithm to better detect the
health status of plants in the night environment.

The schematic diagram of our method is shown in Figure 4. This algorithm can be
summarized as follows: (1) Spectral and polarized images are preprocessed (normalization
and filtering) and then co-registered together. (2) The NDVI was calculated with a F680-nm
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red spectral image and F760-nm infrared spectral image (Equation (1)). (3) The DoLP
(Equation (3)) and AOP (Equation (4)) were calculated with 0, 60 and 120◦ polarized
images. (4) The NDVI, DoLP and AOP images were fused, and the fused images were
converted into HSV with RGB color mapping.
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The images are combined following the conversion from HSV to RGB color maps:

∑ HSV→ RGB{NDVI, DoLP, AOP} (5)

Based on the fusion image (NDAI) of the NDVI, DoLP and AOP, a new index, the
night plant state detection index (NPSDI), was proposed.

The NPSDI formula (Equation (1)) is as follows:

NPSDI =
(R(AOP) + G(NDAI) + B(DoLP)

3× 255

)
(6)

R(AOP), G(NDAI) and B(DoLP) represent the intensity values of the R, G and B channels
of the fused image, respectively.

3. Results
3.1. Experiments on Different Illumination of Vegetation

Five groups of illuminance experiments were carried out: 0.01, 0.1, 0.5, 1 and 5 lux,
and spectral data were collected to calculate the NDVI. Figure 5 shows the NDVI under
different illuminances. The corresponding illuminances are 0.01 (Figure 5a), 0.1 (Figure 5b),
0.5 (Figure 5c), 1.0 (Figure 5d) and 5.0 lux (Figure 5e).
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Figure 5. The NDVI under different illuminations. (a,a1) Color image of a money plant and illumination of the NDVI: (b)
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As shown in Figure 5f1, some regions of interest in Figure 5b–f were selected. Fifty-one
pixels were selected from the black and white regions, respectively, averaged and then
divided. Then, as shown in Figure 6, the NDVI changes with the illumination. It can be
clearly seen from Figure 6 that the NDVI changes significantly with the increase of the
illumination. Therefore, the NDVI is greatly affected by the illuminance of the experimental
environment, so it is not reliable to use the NDVI to monitor the vegetation state at night,
and it should be supplemented and corrected with other information.
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Figure 6. Histogram of the NDVI with different illuminations.

Figure 7a–e is the calculated linear polarization (DoLP) images under illuminations
of 0.01, 0.1, 0.5, 1.0 and 5.0 lux, respectively. Some regions of interest in Figure 7a–e are
selected, as shown in Figure 7e1, and 51 pixels are selected for the black and white regions
in Figure 7e1, averaged and then divided. Then, as shown in Figure 8, the image of the
DoLP changes with the illumination. It can be clearly seen from Figure 8 that the DoLP
of vegetation does not change significantly with the increase of illumination. Thus, the
DoLP was almost insensitive to ambient illumination. It can be seen from Figure 7 that the
polarization imaging shows detailed information of the foliage, so the use of the DoLP for
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monitoring the nighttime vegetation state can be used to supplement the information for
NDVI monitoring.
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Figure 9a–e is the fusion images (NDAI) calculated by the NDVI, DoLP and AOP, and
the illuminance is 0.01, 0.1, 0.5, 1.0 and 5.0 lux, respectively. The results show that healthy
and nonhealthy vegetation can be well-distinguished from each other. The fusion images
(NDAI) highlight more detailed information of the leaf surface than the NDVI image, and
the contrast by target monitoring is enhanced.
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3.2. Time Series Experiment of Vegetation

During the experiments, measurements were made once every 3 days, and five groups
of experiments were carried out, respectively. Spectral data of the leaves were collected to
calculate the NDVI. Figure 10 shows the NDVI time series picture, in which the red arrow
refers to the corresponding color picture, and the illumination is 0.5 lux.
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Figure 11a–e is a fusion image (NDAI) calculated from the NDVI, DoLP and AOP.
It can be seen that the fusion image can track the information of the changes in the leaf
health status.
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3.3. Outdoor Experiment at Night

The developed polarized multispectral for a low-illumination-level imaging system
was used in outdoor experiments, and as measured by the illuminator, the ambient illumi-
nation was 0.22 lux. As shown in the figure below, Figure 12a is the NDVI image calculated
by Formula (1), Figure 12b the AOP image by Formula (4), Figure 12c the DoLP image
by Formula (3), Figure 12d the NDAI image by Formula (5) and Figure 12e the gray-scale
image. Figure 12e1–e4 are four different health state regions of plants, respectively.
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The spectral image, polarization image and fusion image (NDAI) were obtained
through PMSIS. Four regions: healthy leaf region (Figure 12e1), level-2 stress leaf region
(Figure 12e2), level-1 stress leaf region (Figure 12e3) and withered leaf region (Figure 12e4)
were selected to draw the scatter graph of the discriminant function.

Figure 13a shows the 3D scatter plot of the NDVI image obtained from the F680 nm
and F760 nm bands of the selected location points in a specific region, in which the X-axis
stands for the health status level of vegetation, the Y-axis the number of groups and the Z-
axis the NDVI value. The change trend of vegetation health can be seen intuitively through
the change of color and trend of the curved surface. The curved surface is projected on the
XY plane and the YZ plane. The cut-off lines are drawn from the arithmetic mean value
of the status grades of adjacent vegetation on the YZ plane. For example, a cut-off line
with a value of 0.196 distinguished a withered leaf from a level-2 stressed leaf, one with a
value of 0.494 distinguished a level-1 stressed leaf from a level-2 stressed leaf and one with
a value of 0.773 of distinguished a healthy leaf from a level-1 stressed leaf. According to
the misclassification rate of the adjacent plant states, the sensitivity and specificity of the
classification of different plant health states were determined, and the positive predictive
value (PPV) and negative predictive value (NPV) of the classification are shown in Table 1.

Table 1. Discrimination accuracy between different grades of the plant health states obtained with
the NDVI, NPSDI, nitrogen content (NC) and PSAD.

Level of Vegetation Health Status

Withered Leaf-Level-2
Stress Leaf

Level-2 Stress
Leaf-Level-1 Stress Leaf

Level-1 Stress
Leaf-Healthy Leaf

Se Sp PPV NPV Se Sp PPV NPV Se Sp PPV NPV

NPSDI 1 0.91 0.93 1 0.91 0.87 0.88 0.91 0.89 0.92 0.91 0.90
NDVI 1 0.96 0.96 1 0.9 0.88 0.88 0.9 0.98 1 1 0.98
NC 1 1 1 1 0.98 0.96 0.96 0.98 0.96 1 1 0.96
SPAD 1 0.98 0.98 1 0.98 0.96 0.96 0.98 0.96 1 1 0.96

Notes: Se (Sensitivity) = true positive/(true positive + false negative), Sp (Specificity) = true negative/(true
negative + false positive), PPV (positive predictive value) = true positive/(true positive + false positive) and NPV
(negative predictive value) = true negative/(true negative + false negative).

According to the NDVI, DoLP and AOP image data, the image fusion was carried
out, and the 3D scatter plot of the NPSDI was made in the selected four feature regions;
the X-axis stands for the health status level of vegetation, the Y-axis the number of groups
and the Z-axis the NPSDI value, as shown in Figure 13b. In the YZ plane, the cut-off line
between a withered leaf and level-2 stressed leaf laid at 0.153 and that between a level-1
stressed leaf and level-2 stressed leaf and that between a healthy leaf and level-1 stressed
leaf laid at 0.399 and 0.574, respectively. Table 1 also contains the sensitivity and specificity
for classifying different levels of the plant health status according to the scatter plot shown
in Figure 13b, as well as the corresponding PPV and NPV.

In the four plant health state regions, 51 pixels were selected and averaged to draw
the NDVI, NPSDI and DoLP histogram of the four regions. As shown in Figure 14, the
NDVI values show an increasing trend with the improvement of the plant health status,
and the NPSDI values show the same trend. This also indicates that there is a correlation
between the NDVI and NPSDI.
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The reason for the higher value of the DoLP in the level-1 stress leaf region may lie
in that it is also the leaf shadow region. Since the target was inversely proportional to
the DoLP and surface reflectance [65], the DoLP of the shadow area is higher, which is
helpful for monitoring the shadow area. The value of the DoLP in the withered leaf region
was higher than that in the healthy leaf region. The reason may lie in that the completely
withered leaves with more diffuse reflections lead to a higher DoLP value. Under low night
illumination, the healthy leaves are smooth, but the mirror reflection is low, so the DoLP
value is lower.

The NC and SPAD were measured for spotted laurel with leaves at varying levels of
health status. It was observed that the NC of healthy leaves was above 16.8 mg/g, and
it decreased to a value between 10.61 and 16.8 mg/g for level-1 stress leaves. The NC of
level-2 stress leaves was in the range of 3.53–10.61 mg/g and that of withered leaves was
below 3.53 mg/g. In comparison, the SPAD content of healthy leaves was above 44.71, that
of level-1 stress leaves in the range of 25.22–44.71, that of level-2 stress leaves in the range
of 7.01–25.22 and that of withered leaves below 7.01. The three-dimensional scatter plots of
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the NC and SPAD contents in the leaves of different health states are shown in Figure 15a,b.
The sensitivity and specificity of using the NC and SPAD to distinguish different levels of
the plant health status, as well as the respective PPV and NPV values, are shown in Table 1.
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Figure 14. The NDVI, NPSDI and DoLP histograms of the plant in the four health status regions. 
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The NDVI image obtained through PMSIS system imaging and the calculated fu-
sion image (NDAI) have a significant positive linear correlation with the NC and SPAD,
and so do the NDVI and NPSDI (Figures 16a,b and 17a,b). The results of the different
health states showed that the correlation coefficient between the NC and NDVI was the
highest (R2 = 0.931) and that of the SPAD under the same NDVI was 0.911. In compar-
ison, the R2 values of the NPSDI with the SPAD and NC of the plant leaves were 0.882
and 0.916, respectively.

The relationship between the NDVI and NPSDI obtained using PMSIS was studied
under different health states of plants, separately. As seen from Figure 18, there is a positive
linear relationship between the NDVI and NPSDI (R2 = 0.968), which can be used to
evaluate stress-induced changes in plants.
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4. Discussion

A polarized multispectral for low-illumination-level imaging system was developed to
monitor the plant status at night and evaluate stress-induced plant changes. The reflectance
images of leaves on 680-nm and 760-nm narrow spectral lines were recorded by spectral
technology, and the 0◦, 60◦ and 120◦ polarization images of vegetation were recorded by
polarization technology. The NDVI, DoLP and AOP images of vegetation were calculated
by Formulas (1), (3) and (4), respectively. Then, the NDVI, DoLP and AOP images were
fused by Formula (5). For example, a DOLP image can reflect the smoothness and rich
texture information of the leaf surface, an AOP image can reflect the smoothness of the leaf
surface and a NDVI image contains the pathological information of vegetation. Therefore,
if the NDVI, DOLP and AOP images are fused, the generated images will carry more
abundant vegetation information.

The research on remote sensing of the vegetation health status based on the vegetation
index has become a main research approach for scholars. However, for the study of
the health status of vegetation at night, the vegetation index is greatly affected by the
illumination [66–68]. As shown in Figure 6, the NDVI value decreases with the decrease
of the environmental illumination. Therefore, it is not reliable to only use the NDVI as an
indicator of the plant stress degree in a low illumination environment at night.

It can be seen clearly in Figure 8 that, with the increase of illumination, there is no
significant change in the DoLP of vegetation. Therefore, the DoLP is hardly affected by
the illumination of the experimental environment. In addition, polarized images have the
potential to provide additional information about the target’s shape, shadow, roughness
and surface characteristics [69,70]. There are relatively few studies on polarization technol-
ogy providing contrast enhancement information for the detection of vegetation health.
Therefore, in this paper, we proposed the fusion of the vegetation index (NDVI), DoLP
and AOP to better detect the physiological state of plants in a nighttime environment. As
shown in Figures 9, 11 and 12d, different health states of plants correspond to different
colors, so the proposed enhancement algorithm for nighttime plant detection has the effect
of enhancing the contrast.

Under stress, the decrease of the NDVI ratio was related to the decrease of the SPAD
content, and this proportional relationship could be explained by the optical characteristics
of leaves. Compared with healthy leaves, those under stress had lower chlorophyll con-
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tents [71], and the reduced chlorophyll content led to a decreased chlorophyll absorption
and enhanced reflectance at F680 nm. Moreover, the reflectance at F760 nm was reduced.
According to Formula (1), the NDVI ratio was bound to decrease. In the NDVI images, the
NDVI ratio of the stressed leaves was low (Figure 12a). Due to the fusion of polarization,
the contrast of the fused images was enhanced, and leaf lesions could be identified more
clearly (Figure 12d). It can be pointed out that the increase of the stress degree will lead to
a lower vegetation index and leaf chlorosis [72,73].

Three-dimensional scatter plots (Figure 13a,b) were drawn using NDVI and NPSDI
data obtained from the polarized multispectral low-light-level imaging monitoring system
to classify different health status levels of plants. The classification discrimination accuracy
is shown in Table 1. It can be seen from Table 1 that the sensitivity and specificity of the
fusion image for the classification of different plant health conditions are generally close to
the NDVI image data. It is important that the fusion image shows a color contrast, and the
fusion image carries richer object information, so it is excellent to use the proposed fusion
image algorithm to monitor the health of plants. In addition, the sensitivity and specificity
of the fusion image (NDAI) to classify healthy leaves from stress level-1 were 89% and
92%, which was significant, as they demonstrate the potential of the fusion algorithm for
detecting early symptoms of stressed plants at night.

The decrease of the chlorophyll and nitrogen contents under stress was also consistent
with previous studies. We believe that the decrease of the chlorophyll content in stressed
leaves may be caused by the degradation of chloroplasts in stressed leaves [74,75]. The
scatter plots of the chlorophyll and nitrogen contents (Figure 15a,b) were similar to those
of the NDVI and NPSDI and tended to decrease with the increase of the leaf stress degree.
By drawing the distinguishing lines of different stress levels, the diagnostic accuracy of
different stress levels can be determined (Table 1). It can be seen that the NDVI and NPSDI
have similar diagnostic accuracies in distinguishing different levels of stress, while the
SPAD has a higher correlation with stress and higher diagnostic accuracy. Furthermore, the
NDVI determined through a spectra analysis follows a linear relationship with the SPAD
and NC (Figure 16a,b), and the NPSDI obtained through a fusion algorithm for nighttime
plant detection follows a linear relationship with the SPAD and NC (Figure 17a,b). There
was also a linear correlation between the NDVI and NPSDI (Figure 18), which shows the
potential of applying the fusion image determined by PMSIS in understanding the health
status of outdoor plants at night from proximal sensing platforms.

In contrast to point monitoring devices such as spectroradiometers and hand-held
chlorophyll analyzers, imaging devices provide spatial distribution information on the
properties of the objects being detected. The advantage of PMSIS imaging is that it is a
passive technology. It is a relatively inexpensive and compact instrument that can be easily
carried anywhere and deployed on platforms (such as cars and drones) to feel the effects of
various types of stress on farmlands and forests at night.

5. Conclusions

We built a polarized multispectral for a low-illumination-level imaging system and a
polarized multispectral low-light imaging system (PMSIS), incorporating a SCOMS camera,
rotating filter wheel and linear polarizer, for monitoring the health status of plants outdoors
at night. With a compact size, the developed system is portable, consisting of a minimum
number of moving parts, which makes it ideal for field measurements. We have done
some research on the potential of polarization technology to provide contrast enhancement
information for vegetation assessments. Polarization imaging and multispectral imaging
can provide complementary discrimination information for target monitoring and other
applications. However, few people have proposed to fuse the information of polarized
images and multispectral images to obtain better target monitoring results. Therefore, a
fusion algorithm based on the spectral and polarization characteristics of the diffuse and
specular reflection of vegetation is proposed to detect vegetation at night. The NDVI, DoLP
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and AOP were all computed within a fusion framework to better monitor the health status
of plants in a nighttime environment.

In order to evaluate the remote sensing power of the fusion algorithm in monitoring
the plant health status at night, the leaf regions of spotted laurel in different health states
were measured. The changes of the SPAD, NC, NDVI and NPSDI in different health levels
of plants were determined, and the health degrees of spotted laurel were classified. The
value of the NPSDI decreased with the decrease of the plant health status, and it was in a
positive linear correlation with the physiological parameters such as the SPAD and NC.
The correlation of the NPSDI with NC was 0.916, while, with the SPAD, it was 0.882. In
applying the fusion algorithm in classifying healthy leaves from level-1 stress leaves, the
sensitivity obtained was 89% and the specificity 92%, which suggests the effectiveness of
the method for the early detection of the health status in field-grown plants.

In this paper, the fusion of the NDVI, DoLP and AOP was proposed for the first
time. The proposed fusion algorithm enhanced the contrast effect, and the resultant image
carried more abundant information of the object; thus, monitoring the health status of
plants at night becomes more effective. The fusion algorithm makes up for the unreliability
of the NDVI in a low-illumination environment. Based on the polarimetric imaging system
that we developed, polarization information improved the monitoring accuracy at night
with traditional NDVI information. In the study of monitoring the plant health status at
night, we found that the NPSDI was excellent in tracking stress-induced plant changes.
The NPSDI scatter plots were used to study for classifying different grades of the health
state in spotted laurel, and the sensitivity and specificity were good, which indicated that
this technique was suitable for the classification of the outdoor plant health status and
various stresses. This study provided the basis for the promotion and use of PMSIS from
various remote sensing platforms (such as cars and drones) to assess the crop health status
by polarization spectral imaging at night. In the future, the system can be improved (a
three-camera real-time imaging system), so that it can be installed on vehicle and airborne
devices, enabling its application in a large area for monitoring the health of vegetation at
night. The system has the following applications: (1) the detection of the vegetation status
in low-illumination environments, (2) the detection of the vegetation status during the day,
(3) the detection of the polarization of vegetation leaves and (4) the detection of artificial
targets in vegetation environments.

We supplement a table at the end of paper. Acronyms are shown in Table 2.

Table 2. List of acronyms with their meanings.

Acronyms English Full Name

1 PMSIS Polarized multispectral low-illumination-level imaging system
2 NDVI Normalized vegetation index
3 DoLP Degree of linear polarization
4 AOP Angle of polarization
5 NDAI NDVI, DoLP and AOP fusion image
6 NPSDI Night plant state detection index
7 SPAD Chlorophyll content
8 NC Nitrogen content
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