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Abstract
Background  Crop phenotype extraction devices based on multiband narrowband spectral images can effectively 
detect the physiological and biochemical parameters of crops, which plays a positive role in guiding the development 
of precision agriculture. Although the narrowband spectral image canopy extraction method is a fundamental 
algorithm for the development of crop phenotype extraction devices, developing a highly real-time and embedded 
integrated narrowband spectral image canopy extraction method remains challenging owing to the small difference 
between the narrowband spectral image canopy and background.

Methods  This study identified and validated the skewed distribution of leaf color gradation in narrowband 
spectral images. By introducing kurtosis and skewness feature parameters, a canopy extraction method based 
on a superpixel skewed color gradation distribution was proposed for narrowband spectral images. In addition, 
different types of parameter combinations were input to construct two classifier models, and the contribution of the 
skewed distribution feature parameters to the proposed canopy extraction method was evaluated to confirm the 
effectiveness of introducing skewed leaf color skewed distribution features.

Results  Leaf color gradient skewness verification was conducted on 4200 superpixels of different sizes, and 4190 
superpixels conformed to the skewness distribution. The intersection over union (IoU) between the soil background 
and canopy of the expanded leaf color skewed distribution feature parameters was 90.41%, whereas that of the 
traditional Otsu segmentation algorithm was 77.95%. The canopy extraction method used in this study performed 
significantly better than the traditional threshold segmentation method, using the same training set, Y1 (without 
skewed parameters) and Y2 (with skewed parameters) Bayesian classifier models were constructed. After evaluating 
the segmentation effect of introducing skewed parameters, the average classification accuracies Acc_Y1 of the 
Y1 model and Acc_Y2 of the Y2 model were 72.02% and 91.76%, respectively, under the same test conditions. This 
indicates that introducing leaf color gradient skewed parameters can significantly improve the accuracy of Bayesian 
classifiers for narrowband spectral images of the canopy and soil background.
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Background
In modern agriculture, researchers have developed vari-
ous types of crop phenotype extraction devices using 
qualitative and quantitative relationships between crop 
physiological and biochemical parameters and specific 
narrowband spectral images [1–3]. The most commonly 
used devices are multispectral drones (such as the DJI 
Multispectral serial products), which have several built-
in narrowband spectral cameras that can obtain real-
time narrowband spectral phenotypes of crops in the 
field [4, 5]. Researchers can monitor the physiological 
and biochemical status of crops using these phenotypes 
as a basis for precision agricultural management [6, 7].

The analysis accuracy of narrowband spectral images 
in specific bands may be affected by background impu-
rities such as soil and straw. In particular, when the 
crop canopy coverage is low, soil background interfer-
ence has a significant impact. If the necessary soil and 
canopy signal separation processing is not performed, 
the soil background will seriously affect the accuracy of 
crop phenotype extraction [8, 9]. However, narrowband 
spectral images differ from conventional RGB images in 
that the difference between the canopy and background 
is small, making it difficult to apply existing RGB image 
background segmentation denoising methods (such as 
traditional threshold segmentation [10] and color seg-
mentation GMR [11]) for accurate separation. Scholars 
have explored this using RGB cameras arranged side by 
side and binocular matching algorithms to perform inter-
section detection on narrowband spectral camera chan-
nel image data, achieving foreground and background 
separation of the narrowband spectral images [12]. 
Although the separation accuracy has been improved, 
this method has a complex technical implementation 
and high equipment costs, and is not universal, making 
it unsuitable for practical production. Therefore, the pre-
cise extraction of the crop canopy based on narrowband 
spectral images remains challenging.

With the rapid development of artificial intelligence, 
machine learning has been widely used to separate and 
extract target objects in RGB digital images. Feature 
parameter decision-making and convolutional neural 
networks are two common technical methods of machine 
learning [13, 14]. Owing to the large number of training 
samples required for convolutional neural network seg-
mentation, high hardware requirements during training, 

and the overfitting phenomenon, especially in the face of 
complex and variable lighting environments in the field, 
the generalization and adaptability of such models are 
poor [15, 16]. Therefore, in the field of RGB image phe-
notype separation and extraction, researchers often use 
feature parameter decision-making methods with small 
training volumes and high processing speeds. However, 
this method is limited by the dimensions of the feature 
parameters of the image to be detected; in cases where 
the parameter dimension is small, the separation and 
extraction accuracy cannot meet the application require-
ments [17].

At present, feature parameter decision-making meth-
ods mostlyprimarily deal with superpixels, which con-
sider the adjacency of pixels and divide the image into 
several sub regionssubregions with semantic significance. 
This is more conducive to the extraction of local features 
and the expression of structural information, greatly 
reducing the computational complexity of the subse-
quent processing [18, 19]. Therefore, some scholars have 
used this technology to improve the segmentation accu-
racy of feature parameter decision- making methods. For 
example, Lu et al. [20] fused the simple linear iterative 
clustering (SLIC) method to generate superpixels, and 
imported the mean color scale of the superpixels into a 
neural network population model. Corn ears were seg-
mented by distinguishing the types of superpixels. Yang 
et al. [21] used the SILC algorithm to generate citrus can-
opy superpixels and constructed a BPNN classifier based 
on the color and texture parameters of the superpixels 
to extract mature citrus fruits. However, the above stud-
ies treated the color distribution of superpixels as a nor-
mal distribution or an approximate normal distribution 
[22], which results in these methods obtaining only one 
phenotype feature parameter, the mean of each chan-
nel, and less information. This can only be used as a basis 
and HSV, LAB, and other parameters can be combined 
to form a composite parameter system to describe crop 
canopy color features, thereby greatly limiting the feature 
expression of superpixels and the classification accuracy 
of the constructed classifier [23].

With in-depth research on the RGB color space of crop 
canopies, researchers have demonstrated the existence of 
a skewed distribution of canopy color gradation in vari-
ous crops, such as soybeans, cabbage, chili peppers, pur-
ple-backed sky sunflowers, and tobacco [24–26]. On this 

Conclusions  The introduction of kurtosis and skewness as leaf color skewness feature parameters can expand 
the expression of leaf color information in narrowband spectral images. The narrowband spectral image canopy 
extraction method based on superpixel color skewness distribution features can effectively segment the canopy and 
soil background in narrowband spectral images, thereby providing a new solution for crop canopy phenotype feature 
extraction.
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basis, 20 commonly used RGB model skewness param-
eters, including the mean, median, mode, skewness, and 
kurtosis, have been obtained, expanding the RGB color 
feature parameter system and obtaining a more effec-
tive multiclass feature parameter decision model. Taking 
inspiration from the above, this study focuses on narrow-
band wheat spectral images in the 770  nm wavelength 
range with different illuminances. The extraction and 
application of superpixel skewness distribution param-
eters are used as innovative means, and the superpixel 
skewness distribution parameters of the narrowband 
spectral images are used as inputs to construct a Bayes-
ian classifier for the canopy and soil background of the 
narrowband spectral images. In this study, the problem 
of narrowband spectral image canopy segmentation and 
extraction is transformed into the problem of superpixel 
classification, and the performance of this method is 
compared with that of the traditional threshold segmen-
tation method to clarify its progressiveness and univer-
sality. In addition, we compare the classification accuracy 
of Bayesian models under different parameter systems to 
elucidate the role and significance of skewed distribution 
parameters in this method further.

Materials and methods
Test conditions and image acquisition
The experimental site is located at the Baima Base of 
Nanjing Agricultural University, Nanjing, Jiangsu Prov-
ince, China. Different wheat varieties were planted in 
experimental plots, with a single plot area of approxi-
mately 1 m × 0.8 m. Four rows of wheat were planted with 

a row spacing of 25 cm. The experimental setup for the 
test locations is shown in Fig. 1. The narrowband spectral 
camera was fixed to a movable bracket at a height of 2 m. 
The narrowband spectral camera model was a full-band 
spectral WP-UC600 industrial camera for imaging with 
a built-in narrowband filter center wavelength of 770 nm 
and bandwidth of 20 nm. The narrowband spectral image 
pixels were 3072 × 2048 with a frame rate of 30 fps. The 
field-of-view angle of the camera was 57.6° × 49.3° × 71.2° 
and the camera exposure time was fixed at 30 ms. Each 
wheat plot image was captured at a fixed point using a 
movable bracket.

In general, data were collected during the unsealed 
stage of wheat, with 12 varieties and 24 unit images. The 
specific collection dates were February 21, 2021, and 
March 2, 2021, with a total of 48 images collected. The 
sampling time interval for the experiment was from 08:00 
to 16:00, and the range of the collected solar irradiance 
variation was approximately 5000 lx to 10 0000 lx. Mean-
while, all obtained images were uniformly adjusted in 
Python 3.8 to generate JPG format files, following which 
feature parameter extraction and canopy extraction were 
performed on the images using Python 3.8. An NVIDIA 
Jetson TX2 processor was used.

Canopy extraction method for narrowband spectral 
images based on superpixel color gradation skewness 
distribution features
Extraction process
The entire processing flow of the narrowband spectral 
image canopy extraction method, based on the skewed 

Fig. 1  General image of test site
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distribution characteristics of the superpixel color gra-
dation, is shown in Fig.  2. Step 2 (superpixel decompo-
sition) mainly functions to decompose the narrowband 
spectral image into superpixels for classification, and the 
number of superpixel decompositions K and the tight-
ness L need to be specified. Step 3 (narrowband spectral 
image feature parameter extraction) is the core of this 
study, in which a system of skewed distribution param-
eters is introduced for superpixel scale narrowband spec-
tral images. Step 4 (training and prediction of Bayesian 
classifier) takes the input as the feature parameters of 
Step 3 and constructs a Bayesian classifier model on this 
basis to achieve the classification of narrowband spec-
tral image canopy and soil background superpixels. Step 
5 (canopy superpixel stitching and denoising) refines the 
extracted canopy boundaries to improve the separation 
quality. These steps are described in detail in the follow-
ing sections.

Superpixel decomposition
The currently widely used and effective superpixel algo-
rithm is SLIC [27, 28]. This algorithm iteratively clusters 
image pixels based on the color similarity and spatial dis-
tance relationships. The SLIC algorithm constructs a five-
dimensional feature vector K (where K represents the 
total number of image pixels), consisting of three color 
components of image pixels in the Lab color space and 
the two-dimensional position coordinates of each pixel 
in the Cartesian coordinate system. Then, the distance 
metric of the five-dimensional vector is constructed to 
cluster superpixels iteratively. To achieve better separa-
tion performance and balance the running time of the 
algorithm, it is also necessary to determine the number 
of split superpixels K and compactness L.

The optimal number of split superpixels K is generally 
determined based on the actual separation accuracy. In 
this study, the value of K also needs to be determined in 
conjunction with whether the superpixel skewness infor-
mation couldcan be effectively expressed. The underseg-
mentation error (Ue) was selected as the evaluation index 
for separation accuracy. Ue describes the proportion of 
pixels that exceed the true data boundary [29], and the 
specific formula is as follows:

	
Ue =

∑
i

(
∑

Sj |Sj∩Gi>B

|Sj|) − N

N
� (1)

,where S1…Sn indicates N superpixel blocks generated by 
the superpixel algorithm; G is the reference area; B con-
trols the percentage threshold of superpixels generated 
by the superpixel segmentation algorithm that overlaps 
with the reference segmentation area, with a value of 5%; 
i is the sequence number of the benchmark segmentation 
area; and j is the serial number of the superpixel region.

The tightness L of superpixel clustering, which ranges 
from 0 to 40, is another important parameter of SLIC. 
The smaller the tightness value, the finer the boundary 
between superpixels. In this study, the value is 1.

Extraction of skewness parameters in narrowband spectral 
images
After discovering the skewed distribution of superpixel 
color gradation in narrowband spectral images, this study 
introduces the RGB color model skewed distribution 
mode to expand the superpixel feature parameters of nar-
rowband spectral images. This study specifically referred 
to the method of Chen et al. [24] and used the corre-
sponding Python library functions to extract skewed dis-
tribution parameters from narrowband spectral canopy 
images. A total of 20 skewed leaf color parameters were 
obtained, including the mean (RMean), median (RMedian), 
mode (RMode), skewness (RSkewness), and kurtosis (RKurtosis) 
of the R-channel color scale, the mean (GMean), median 
(GMedian), mode (GMode), skewness (GSkewness), and kur-
tosis (GKurtosis) of the G-channel color scale, and the 
mean (BMean), median (BMedian), mode (BMode), skewness 
(BSkewness), and kurtosis (BKurtosis) of the B-channel color 
scale, as well as the mean (YMean), median (YMedian), mode 
(YMode), skewness (YSkewness), and kurtosis (YKurtosis) of the 
Y-image color scale.

This study used the corresponding Python library 
functions to extract Lab color model parameters and 
HSV color model parameters from narrowband spec-
tral images, resulting in a total of 26 superpixel feature 
parameters in three categories (Table 1). In the process of 
extracting superpixel feature parameters, Python librar-
ies such as cv2, dnumpy, Scipy, and skimage.feature were 

Fig. 2  Narrowband spectral image canopy extraction process
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mainly used in the process of extracting superpixel image 
parameters.

Construction of bayesian classifier based on skewed feature 
parameters
The classification principle of the Bayesian classifier is 
to calculate the posterior probability of an object using 
a Bayesian formula based on its prior probability; that 
is, the probability that the object belongs to a certain 
class. The class with the highest posterior probability is 
selected as the class to which the object belongs. In other 
words, Bayesian classifiers are optimized in terms of the 
minimum error rate. Currently, four types of Bayesian 
classifiers have been studied extensively: Naive Bayes, 
TAN, BAN, and GBN. In this study, the Naive Bayes 
type was selected [30, 31]. The advantage of Bayesian 
classifiers is that the prediction process is simple and 
fast, which makes them suitable for the development of 
embedded systems. They are also effective for multiclas-
sification problems, and the complexity does not increase 
significantly.

Construction of bayesian classification model  To 
ensure that the constructed Bayesian classifier had good 
light intensity adaptability, six images with different illu-
mination conditions from the 48 collected images were 
selected as the training set, and the remaining 42 images 
were assigned into the test set. The training set images 
were split according to the optimal K value obtained as 
described in Sect. 2.2.2 of this study, and 100 typical can-
opy layers and 100 typical soil superpixels were selected 
from each image. A total of 600 canopy layers and 600 
soil narrowband spectral image superpixels were selected 
for the entire training set, and 26 feature parameters 
were calculated for each superpixel in the training set (as 
shown in Table 1) as the input for the training model. The 
classifier used the canopy and background as two-class 
outputs, and was trained using the Python programming 

language and an NVIDIA Jetson TX2 processor to quickly 
construct a Bayesian classifier model quickly.

Canopy superpixel stitching and denoising
The original image to be tested is subjected to superpixel 
decomposition (the best K value obtained in Sect. 2.2.2), 
and 26 feature parameters are extracted sequentially 
according to the index position of the superpixels in 
the original image. Then, they are input into the trained 
Bayesian classification model. If they are judged as a can-
opy, they enter the superpixel stitching step. This cycle 
continues until all superpixels in an image are predicted.

After the narrowband spectral image superpixels are 
identified using a Bayesian classifier, all canopy super-
pixels can be concatenated to generate canopy extrac-
tion images with rough boundaries. The boundary of 
the image extracted from the canopy may contain a mis-
classified soil background. Therefore, it is necessary to 
denoise the concatenated image. The denoising algorithm 
for the canopy mosaic images uses the rgb2gray function 
to convert the mosaic images into grayscale images. The 
Otsu method is used to determine the thresholds and 
binarize the grayscale images. In addition, the label func-
tion is used to label all connected regions and the region-
props method is used to calculate the size of each region. 
After removing connected regions of less than 2200 
pixels, a masked image without small areas is obtained, 
and the original image is intersected with the mask to 
obtain an optimized canopy image that removes noise 
interference.

Evaluation of canopy extraction performance in 
narrowband spectral images based on superpixel color 
gradation skewness distribution features
Test set source
The remaining 42 narrowband spectral images were 
obtained as described in Sect.  2.2.4 as the test set, and 
four narrowband spectral images under different illumi-
nation conditions were selected for manual and accurate 
labeling (as shown in Fig. 3). This study used the manu-
ally labeled results as a reference to facilitate the display 
and evaluation of the effectiveness of canopy extrac-
tion. The relevant evaluation indicators are described 
in Sect. 2.3.2. In addition, the test set of classifiers with 
different parameters in Sect.  2.4 is based on these four 
images.

Evaluation indicators for canopy extraction
The image segmentation effect can be evaluated by the 
intersection over union (IoU) [32], and the calculation 
method is shown in formula (2). The IoU value reflects 
the degree of consistency between the segmentation 
result and true value, with a value between 0 and 1. The 
higher the IoU value, the better the segmentation effect.

Table 1  Superpixel feature parameters of narrowband spectral 
images
Parameter system Parameter indicators Number of 

parameters
Color model skewness 
parameters of RGB

RMean, RMedian, RMode, RSkewness, 
RKurtosis;
GMean, GMedian, GMode, 
GSkewness, GKurtosis;
BMean, BMedian, BMode, BSkewness, 
BKurtosis;
YMean, YMedian, YMode, 
YSkewness,YKurtosis

20

Color model skewness 
parameters of Lab

L, a, b 3

Color model skewness 
parameters of HSV

H, S, V 3
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IoU =





n∑
i=0

m∑
j=0

(A(v)i,j ∩ B(v)i,j)

n∑
i=0

m∑
j=0

(A(v)i,j ∪ B(v)i,j)



 ∗100%� (2)

,where A(v) represents the set of pixel categories seg-
mented by the segmentation algorithm, including the 
background (v=0) and foreground (v=1); B(v) is the 
true label set corresponding to the pixel set, including 
the background (v=0) and foreground (v=1); i, j  are the 
pixel index; m is the height of the image; n is the width of 
the image; and vi,j  is the grayscale value of the pixel in 
the i-th column and j-th row.

Comparison of classification accuracy of narrowband 
spectral superpixel classifiers with different input 
parameters
Construction of narrowband spectral superpixel classifiers 
with different input parameters
To compare the Bayesian classification accuracy under 
different parameter systems and further clarify the role 

and significance of skewed distribution parameters in this 
study, the four images obtained in Sect. 2.3.1, were con-
sidered as processing objects, Bayesian classifier models 
Y1 and Y2 were constructed by inputting different types 
of parameter combinations, and the classification accu-
racy of Y1 and Y2 were evaluated using the same train-
ing and testing sets. The relevant parameters of the Y1 
and Y2 models are shown in Table  2, where Train-Data 
is the training set described inSection 2.2.4 (600 canopy 
layers and 600 soil narrowband spectral image superpix-
els); Test Data is the set of these four images under the 
optimal number of K (each image was split into 1000 
superpixels, with a total of 4000 superpixels for the four 
images).

Evaluation indicators for model classification accuracy
The classification accuracy index Acc of the Bayesian 
classifier is defined in formula (3).

	
Acc =

TP + TN

TN + FN + TP + FP
� (3)

Fig. 3  Canopy extraction effect of narrowband spectral images based on skewed distribution parameters
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,where TP is the number of superpixels with the true cat-
egory as the canopy and the predicted category as the 
canopy;

FN indicates that the true category of superpixels is the 
canopy and the predicted category is the number of soil 
backgrounds;

FP indicates that the true category of the superpixels 
is the soil background, and the predicted category is the 
number of canopy layers;

TN indicates that the true category of superpixels is the 
soil background and the predicted category is the num-
ber of soil backgrounds.

Results and analysis
Narrowband spectral image canopy leaf color skewness 
distribution
Leaf color skewness phenomenon in narrowband spectral 
images at canopy scale
This study analyzed the leaf color gradation of closed-row 
wheat canopy images collected using RGB color cameras 
and 770  nm narrowband spectral cameras. A skewed 
distribution of leaf color gradation was observed in the 

narrowband spectral images (Fig.  4). We conducted a 
skewed distribution check on the Lilliefors test of the R, 
G, B, and Gray channels of the two images, as shown in 
Fig. 4. This study found that the distribution of leaf color 
gradation in the four channels of the two images con-
formed to a skewed distribution and was significant, with 
an H value of 1 and P < 0.01, which rejects the hypothesis 
of a normal distribution.

Skewness test based on superpixel narrowband spectral 
images
In Sect.  3.1.1, it was found that a skewed distribution 
of leaf color gradation exists in narrowband spectral 
images. Therefore, this study aimed to further determine 
whether each superpixel in narrowband spectral images 
also exhibits a skewed distribution of leaf color gradation 
at the superpixel scale. Six 770 nm narrowband spectral 
images with a size of 3072 × 2048 pixels were selected 
and each image was split into 200, 400, 600, 800, 1000, 
and 1200 superpixels. Figure 5 shows the splitting effects 
of the six superpixels of different sizes representing the 
images.

Among the six images, 4200 superpixels of different 
sizes were subjected to the Lilliefors test for the R, G, B, 
and Gray channels individually. Out of the 4200 super-
pixels, 4190 conformed to the leaf color gradient and 
skewness distribution, which was significant, with an H 
value of 1 and P < 0.01, thereby negating the hypothesis 
of a normal distribution. The statistical results are pre-
sented in Table 3.

After individually examining the remaining 10 super-
pixels that did not conform to a skewed distribution, the 
study found that there were two main reasons why super-
pixels exhibited non-skewed distributions. The first type 
of superpixel clustering failure occurred when the super-
pixels clustered the soil and canopy together, as shown 
in Fig. 6(a). The color distribution of the soil background 
and canopy presented a bimodal structure, and there was 
no boundary between them, making it impossible to set a 
threshold for segmentation. This situation was extremely 
rare, with only one case in 4200 superpixels. The second 
type, as shown in Fig.  6(b), was owing to the improper 
selection of the segmentation threshold for the soil back-
ground (the threshold was uniformly set to be greater 
than 35), resulting in incomplete removal of the color 
scale of the background interference and failure of the 
skewed distribution test. After resetting the threshold, 
all nine superpixels in Fig. 6(b) conformed to the skewed 
distribution. Therefore, preprocessing of superpixels 
(removing background interference) before skewed dis-
tribution verification is crucial. Overall, the criterion for 
the narrowband spectral image leaf color to conform to a 
skewed distribution is robust.

Table 2  Bayesian classifier modeling with different input 
parameters
Mode Train_Data Test_Data Input 

parameters
Number of 
input pa-
rameters

Y1 1200 4000 RMean; 
RMedian; 
RMode; GMean; 
GMedian; 
GMode
BMean; 
BMedian; 
BMode;,YMean; 
YMedian; YMode
L; a; b; H; S; V

18

Y2 1200 4000 RMean; 
RMedian; 
RMode; 
RSkewness; 
RKurtosis
GMean; 
GMedian; 
GMode; 
GSkewness; 
GKurtosis
BMean; 
BMedian; 
BMode; 
BSkewness; 
BKurtosis
YMean; 
YMedian; 
YMode; 
YSkewness; 
YKurtosis
L; a; b; H; S; V

26
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Determination of superpixel parameters
The determination K of the number of superpixel seg-
ments in the SLIC algorithm requires a comprehensive 
consideration of two factors. First, the K value needs to 
meet the segmentation accuracy requirements of Ue 
described in Sect.  2.2.2; second, it is also necessary to 
consider whether a large K value can effectively express 
skewed information, as a single superpixel contains less 
pixel information.

To express the skewed information of superpixels of dif-
ferent sizes, Fig. 7 shows the distribution of the leaf color 
gradient of superpixel R channels with different numbers 
of cracks in each image. The leaf color gradient showed 
a skewed distribution, and as the number of cracks 
increased, the number of burrs in the color scale distri-
bution increased. This is mainly owing to the increase in 
the number of cracks, which reduces the pixel informa-
tion contained in a single superpixel and increases the 
fluctuation of the color scale. Therefore, when perform-
ing superpixel decomposition, attention should be paid 
to the superpixel size to avoid losing skewed informa-
tion if it is too small. According to the data performance 

shown in Fig. 7, the K value of the number of superpixel 
segments in the narrowband spectral image canopy 
extraction algorithm should not exceed 1200.

To meet the segmentation accuracy of Ue, four 
770  nm narrowband spectral images with a resolution 
of 3072 × 2048 were selected and accurately labeled. The 
selected images were divided into 200, 400, 600, 800, 
1000, and 1200 sequences and the segmentation accuracy 
of Ue is shown in Fig. 8. The results indicate that when 
K was 1000, the average value of Ue was at a local mini-
mum; if the K value was too large, the segmentation of 
superpixels was prone to losing its meaning. Therefore, 
considering these two factors, the K value of the number 
of superpixel segments was set to 1000.

Segmentation performance of narrowband spectral image 
canopy extraction method based on superpixel color 
gradient skewed distribution characteristics
In Fig. 3, the number of superpixel splits K for the four 
images was 1000, the tightness was 1, and the Bayesian 
classification model was Y2. Following the narrowband 
spectral image canopy extraction process shown in Fig. 2, 

Fig. 4  The skewed distribution phenomenon of leaf color in narrowband spectral images
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the average IoU for the four images was 90.41% and the 
average IoU for Otsu was 77.97%. The actual canopy 
extraction performance of the four images was signifi-
cantly better than that of the traditional Otsu processing 
methods, and images captured in different light environ-
ments had good adaptability.

Performance comparison of narrowband spectral 
superpixel classifiers with different input parameters
As shown in Fig.  3, the four images generated 4000 
superpixels. The actual classification accuracies based on 
the Y1 and Y2 Bayesian classifiers are listed in Table  4. 
Acc_Y1 (the average classification accuracy of the Y1 
model) was 72.02% and Acc_Y2 (the average classifica-
tion accuracy of the Y2 model) was 91.76%. The perfor-
mance results of the Y1 and Y2 classifiers indicate that 
the leaf color gradient skewness parameter introduced 
in this study can significantly improve the classification 
accuracy of narrowband spectral images of the canopy 
and soil.

Discussion
This study investigated the skewed distribution of leaf 
color gradation in narrowband spectral images, intro-
duced RGB color space skewed distribution parameters, 
and proposed a narrowband spectral image canopy 
extraction method based on superpixel color gradation 
skewed distribution characteristics. The main contribu-
tions of this study are as follows:

(1) This study verified that narrowband spectral images 
and their superpixel color gradations conform to skewed 
distributions.

After testing the color distribution of narrowband 
wheat spectral canopy images, we found that narrowband 
spectral images and their split superpixel color distribu-
tions followed a skewed distribution. This characteristic 
was used to expand the superpixel feature parameters 
of the narrowband spectral images and introduce RGB 
color space skewed distribution parameters, as shown 
in Table 1. Because superpixels are commonly used pro-
cessing objects in feature parameter decision-making 
methods, this study further explored whether superpixels 

Fig. 5  Narrowband spectral image splitting by different superpixel sizes
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of different sizes also conformed to a skewed distribu-
tion, which is of great value for the practical application 
of narrowband spectral leaf color skewed distribution 
characteristics. The narrowband spectral images were 
split according to K values of 200, 400, 600, 800, 1000, 
and 1200, and the Lilliefors test skewness distribution 
verification was performed on the selected 4200 split 
superpixels individually. It was found that 4190 superpix-
els had leaf colors that matched the skewness distribu-
tion characteristics, whereas the remaining superpixels 
that did not match the skewness distribution character-
istics were mainly caused by soil background interfer-
ence. Therefore, the preprocessing of superpixels before 
skewness distribution verification (removing background 
interference) is also crucial. Overall, the criterion for the 
skewed distribution of leaf color in narrowband spectral 
images is robust.

(2) This study clarified the precautions for the applica-
tion of superpixel skewed distribution.

It was also noted that, as the number of cracks 
increased, the number of burrs in the color gradient dis-
tribution increased. This may be owing to the increase in 
the number of cracks, which reduced the pixel informa-
tion contained in a single superpixel and increased the 
fluctuation of the color scale. This phenomenon inspired 
us to pay attention to the superpixel size when perform-
ing superpixel decomposition to avoid losing skewed 
information when the superpixel size was too small. In 
the actual selection of superpixel K values, consider-
ation should be given to the accuracy requirements of the 
superpixel segmentation Ue as well as the expression of 
superpixel skewness information.

Based on the above two innovative points, this study 
explored the application rules of leaf color skewness dis-
tribution characteristics in narrowband spectral images, 
providing a theoretical basis for narrowband spectral 
image canopy extraction methods based on superpixel 
size color skewness distribution characteristics. In the 
actual narrowband spectral image canopy extraction 
process, the method based on superpixel size gradient 
skewness distribution features achieved a segmentation 
accuracy of 90.41%, which was significantly higher than 
that of the traditional Otsu processing method (77.97%), 
and this method had good adaptability to images cap-
tured in different light environments. At the application 
level of practical feature parameters, introducing leaf 
color gradient skewness parameters (skewness and kur-
tosis) can significantly improve the classification accu-
racy of narrowband spectral images of the canopy and 
soil.
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Fig. 7  Display of skewed distribution of different superpixel sizes

 

Fig. 6  Non-skewed distribution analysis of superpixels
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Conclusions
Narrowband spectral images and their decomposed 
superpixel leaf color scales follow a skewed distribution 
that expands the expression of leaf color information in 
narrowband spectral images. Compared with traditional 
threshold segmentation methods, the narrowband spec-
tral image canopy extraction method based on superpixel 

size gradient skewness distribution features has higher 
segmentation performance and light intensity adaptabil-
ity. The leaf color skewness feature parameters in this 
study are empirical and robust and can be used to con-
struct a classifier model with relatively simple hardware 
and fewer samples, which will greatly reduce the mod-
eling process and make it more suitable for embedded 
development in real-time field collection scenarios.
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