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Abstract: Solving the problem of the stem contour extraction of maize is difficult under open field 

conditions, as the stem diameter cannot be measured quickly and nondestructively. In this paper, 

maize at the small and large bell stages was the object of study. An adaptive threshold segmentation 

algorithm based on the color space model was proposed to obtain the stem contour and stem diam-

eter of maize in the field. Firstly, 2D images of the maize stem in the field were captured with an 

RGB-D camera. Then, the images were processed by hue saturation value (HSV) color space. Next, 

the stem contour of the maize was extracted by maximum between-class variance (Otsu). Finally, 

the reference method was used to obtain the stem diameter of the maize. Scatter plots and Dice 

coefficients were used to compare the contour extraction effects of the HSV + fixed threshold algo-

rithm, the HSV + Otsu algorithm, and the HSV + K-means algorithm. The results showed that the 

HSV + Otsu algorithm is the optimal choice for extracting the maize stem contour. The mean abso-

lute error, mean absolute percentage error (MAPE), and root mean square error (RMSE) of the maize 

stem diameter at the small bell stage were 4.30 mm, 10.76%, and 5.29 mm, respectively. The mean 

absolute error, MAPE, and RMSE of the stem diameter of the maize at the large bell stage were 4.78 

mm, 12.82%, and 5.48 mm, respectively. The MAPE was within 10–20%. The results showed that 

the HSV + Otsu algorithm could meet the requirements for stem diameter measurement and pro-

vide a reference for the acquisition of maize phenotypic parameters in the field. In the meantime, 

the acquisition of maize phenotypic parameters under open field conditions provides technical and 

data support for precision farming and plant breeding. 
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1. Introduction 

Maize is an important food crop. Optimal varieties of maize are bred to increase their 

yield. Genetic and phenotypic analyses are the basis of maize breeding research [1–3]. 

Current genetic technology is developing rapidly, but the relative lag of phenotype mon-

itoring technology is gradually leading to a bottleneck in crop breeding development 

[4,5]. The acquisition of maize phenotypic parameters can provide data support for 

germplasm screening and research on monitoring field maize growth [6–8]. In traditional 

phenotype monitoring technology, rulers were used to measure the phenotypic parame-

ters of maize. The accuracy of measurement was high, but manual labor was heavily re-

quired. In addition, the efficiency was low and contact measurements destroyed the maize 

plants [9,10]. In modern phenotype monitoring techniques, phenotypic parameters of 

maize were measured by laser and image sensors. These sensors included LiDAR, color 

cameras, and depth cameras. This is a non-contact measurement method. Maize plants 

were measured nondestructively by this method. The method has improved the efficiency 
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of measuring maize phenotypic parameters. Farmers no longer use vernier calipers to 

manually measure maize phenotypic parameters, reducing farmers’ labor intensity. The 

development of maize phenotype monitoring technology was promoted. 

Among the phenotypic parameters of maize, stem diameter is one of the important 

agronomic traits. It can predict lodging resistance and yield [11–13]. Rapid and nonde-

structive measurement of maize stem diameter has been the focus of maize phenotype 

research. Miao et al. [14] used ground-based LiDAR to obtain 3D point cloud data of 

maize. Maize plant height and stem diameter were measured quickly and automatically. 

The sensor was less affected by light, but it required high-quality point cloud data, and 

the computational effort required was large. Moreover, image data cannot be acquired 

through this sensor. In addition to laser sensors, image sensors have also been used to 

obtain crop phenotype parameters. Bao et al. [15] studied a robotic system. Time-of-flight 

(TOF) cameras were mounted on a mobile robot to obtain 3D point cloud data of maize. 

An algorithm was developed to extract maize plant height, leaf angle, and stem diameter. 

The mean absolute error values of plant height before and after flowering were 0.15 m 

and 0.054 m, respectively. The mean absolute error value of the leaf inclination angle was 

2.8°. Except for the stem diameter, the system was robust and accurate. Atefi et al. [16] 

developed a robotic system to measure the stem diameter of maize. A TOF camera was 

used as the sensor for this system. Deep learning algorithms were used to detect the stems 

in the images. Image processing techniques were used to find the grasping points on the 

stems. The stem diameter of the maize was measured by a linear potentiometer (LP) sen-

sor. The relative error between the automatic and manual measurements was 4.97%. Alt-

hough TOF cameras are lower-priced sensors, their camera resolution is insufficient and 

sensitive to natural light. Therefore, the extraction accuracy of maize stem diameter is lim-

ited under open field conditions. In recent years, RGB-D cameras have attracted the atten-

tion of scholars. They can acquire color images, depth images, and 3D point clouds of 

crops at low price and high resolution. Among many RGB-D cameras, the Intel RealSense 

D435 camera shows low sensitivity to lighting conditions. It is suitable for extracting crop 

phenotypic parameters under open field conditions [17]. Qiao et al. [18] used an Intel Re-

alSense D435i camera to capture images of red jujube tree trunks, and the improved 

PSPNet model was used to segment the tree trunks. Image processing techniques and the 

Euclidean distance formula were used to measure the tree trunks’ diameter. Compared 

with the original network, the average relative error of the algorithm was reduced by 

9.92%. However, the trunk was marked point by point, and the workload was large. Fan 

et al. [19] proposed an in situ measurement method of the stem diameter of maize based 

on high-throughput phenotyping robots. An Intel RealSense D435i camera was used to 

obtain 3D point cloud data of maize. The stem diameter was calculated by the planar pro-

jection of the convex hull and point cloud. The results showed that the R2 and root mean 

square error (RMSE) of the stem diameter measurement were 0.72 and 2.95 mm, respec-

tively, with high measurement accuracy. 

In conclusion, the study of crop phenotypic monitoring technologies is moving in the 

direction of high accuracy, high robustness, and multiple scenarios. In this paper, maize 

was the object of study. An Intel RealSense D435i camera was used to obtain color images 

of maize in the field. The stem contour of the maize was extracted by hue saturation value 

(HSV) color space and the adaptive threshold segmentation algorithm. The stem diameter 

of the maize was measured by the reference method. This study combined contour extrac-

tion and stem diameter measurement based on image processing techniques. It provides 

more complete and diverse phenotype data for agronomists and a basis for subsequent 

studies combined with 3D point clouds. 
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2. Materials and Methods 

2.1. Data Collection 

The experimental site was the teaching and research base of Jilin Agricultural Uni-

versity, Changchun, Jilin Province. The maize variety was Ji nong yu 218. A planting area 

of 36 × 30 m2 was selected as the experimental field. The planting density was 67,000/hm2. 

The planting row spacing was 50 cm, and the plant spacing was 40 cm. Images were col-

lected from 11:00 to 15:00 in July 2021 and July 2022.The data can be divided into two 

periods: the small-bell stage, with 10 leaves, and the large-bell stage, with 14 leaves. The 

plants have little overlapping cover in the pre-growth period, and the crown density is 

negligible. The main instruments used in this study were an Intel RealSense D435i camera, 

a shooting platform, a Vernier caliper, a checkerboard grid, and a laptop. The checker-

board grid consisted of black and white squares. The dimensions of each square were 15 

× 15 mm. The Intel RealSense D435i camera rotated 40° from the vertical plane toward the 

maize plant to capture color images of maize in the field. The distance between the camera 

and the ground was 50 cm, and the camera was 60 cm from the bottom of the stem. The 

information collection device is shown in Figure 1. Intel RealSense SDK 2.0 was installed 

on a Windows 10 operating system. Color images of the maize were stored in the data 

collection terminal. Four rows of maize were randomly selected in the experimental field 

for image acquisition. The camera takes two sets of images of the same maize plant in the 

same attitude: one with a checkerboard and one without a checkerboard. A Vernier caliper 

was used to measure the true value of the maize stem diameter. The maize stem collection 

information is shown in Figure 2. According to the guidance of agronomists, the second 

stem node of the maize was set as the area of interest [20]. Three sets of stem diameters 

were measured randomly in the area. The average of the three groups of stem diameters 

was taken as the true diameter. 

 

Figure 1. Image acquisition device. 

 

Figure 2. Maize stem information collection: (a) field maize image; (b) field maize image with a 

checkerboard grid; (c) digital display Vernier caliper measurement. 
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2.2. Color Image Processing 

The stem contour of the maize was extracted by image processing techniques. The 

overall process included color space selection and image segmentation. 

2.2.1. Color Space Selection 

The variation in light intensity in the field affected the shooting effect, and the field 

color image contained maize plants and soil, which have significant color differences. 

Therefore, it is beneficial for image segmentation to choose a color space model in which 

the luminance and chrominance components are independent and retain color infor-

mation. 

In order to select the color space model most suitable for this paper, three color space 

models were considered. The RGB model consists of red (R), green (G), and blue (B) and 

is the most common model of color space. However, the RGB model is usually used to 

process grayscale images; as such, it is liable to lose color information and is sensitive to 

brightness information. Therefore, it is not applicable to the study in this paper. Y denotes 

the brightness information in Ycrcb. Cb denotes the difference between blue composition 

and brightness. Cr denotes the difference between red composition and brightness. In this 

paper, the green target will be extracted. Therefore, this method also is not applicable. The 

HSV color space model is created on the basis of the intuitive characteristics of colors. This 

model matches the human visual characteristic. Therefore, it is commonly used in the re-

search of the acquisition of plant phenotypic information, shadow elimination, and deer 

body segmentation [21–23]. In the HSV model, H is hue, S is saturation, and V is chroma. 

Hue can reflect the plant color information well and separate the target from the back-

ground [24,25]. Therefore, the HSV color space model is the best choice for image pro-

cessing in this paper. The formula for converting RGB into HSV is shown below. 
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2.2.2. Image Segmentation 

Image segmentation is an essential step in feature extraction. Threshold segmenta-

tion algorithms and image segmentation algorithms based on clustering are commonly 

used to process agricultural images [26–28]. In order to select the image segmentation al-

gorithm most suitable for this paper, three image segmentation algorithms were com-

pared. The fixed threshold algorithm determines the optimal threshold on the basis of 

prior knowledge. The threshold value is selected manually. However, images with differ-

ent degrees of lightness and darkness cannot be processed well by this algorithm. The K-

means algorithm is an unsupervised clustering algorithm. Firstly, the K initial cluster 

centers are randomly selected．Moreover, the distance is used as a similarity index to 

divide the remaining objects into the nearest cluster center．Then, the center points of 

each cluster are recalculated to obtain the new cluster center points. The calculation is 

carried out iteratively until the clustering objective function converges．However, the 

choice of K values is difficult. The maximum between-class variance (Otsu) is an adaptive 

thresholding segmentation algorithm. This algorithm divides images into background 
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and target pixels. The optimal threshold value is selected by maximizing the between-

class variance. The algorithm is not affected by image brightness and contrast. Further-

more, the threshold value is selected automatically. Therefore, the Otsu algorithm is the 

best choice for threshold segmentation. The formula of Otsu is shown below. 

0 0 1 1
= + u u u  (3) 

( ) ( )
2 22

0 0 1 1
= − + −  u u u u  (4) 

Here, ω0 and ω1 represent the ratio of target and background pixels to the image pixels, 

respectively. u0 and u1 represent the mean grayscale value of the target and background 

pixels, respectively. u represents the mean grayscale value of the whole image. σ2 repre-

sents the between-class variance. 
Two groups of field maize images from 60 samples in two periods were randomly 

selected for the experiments. The field maize images, images based on the HSV, and im-

ages based on HSV + Otsu are shown in Figures 3 and 4. 

 

Figure 3. Image processing of maize at the small bell stage: (a) field maize image; (b) hue saturation 

value (HSV) color space image; (c) HSV + maximum between-class variance (Otsu) image. 

 

Figure 4. Image processing of maize at the large bell stage: (a) field maize image; (b) HSV color 

space image; (c) HSV + Otsu image. 

2.3. Measurement Method of the Stem Diameter of Maize 

The stem contour of the maize was extracted from the complex field environment by 

using the HSV + Otsu algorithm. The reference method was used to relate the 3D experi-

mental scenes with the 2D images. The flow chart of stem diameter measurement is shown 

in Figure 5. 
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Figure 5. Flow chart of measurement of the stem diameter. 

In Python, the coordinates were extracted semiautomatically by library functions in 

the OpenCV library. The console can output coordinate results. In this paper, the reference 

method was used to extract the stem diameter parameters. The principle of the reference 

method is pinhole imaging. A checkerboard grid was used as reference object. The reso-

lution of the original image was 1280 × 720 and the resolution of the processed image was 

still 1280 × 720, so the stem diameters were calculated by using the checkerboard grid of 

the original image instead of the checkerboard grid of the image after processing. This 

avoids the influence of an incomplete checkerboard after image processing on the experi-

ment. The side length of each square in the checkerboard grid is n. The average pixel width 

of the three squares is w. Three groups of contour points were randomly selected within 

the second stem node of the maize. The average pixel width of the three sets of contour 

points is l. L is the measuring diameter of the maize stem. The process of measuring the 

stem diameter of the maize is shown in Figure 6. L can be calculated according to Formula (5): 

= 
n

L l
w

 (5) 

 

Figure 6. The process of measuring the stem diameter of maize: (a) pixel width of the square and 

(b) pixel width of maize stem. 

2.4. Experimental Platform 

The Python programming language and the OpenCV image library were used in this 

experiment. The experimental environment and parameter settings are shown in Table 1. 
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Table 1. Experimental environment. 

Configuration Parameter 

Operating system Windows 10 

CPU Intel(R) Core(TM) i5-8250U  

Graphic card NVIDIA GeForce MX150 

Development environment PyCharm Community Edition 2021.3.1 

2.5. Evaluation Indicators 

2.5.1. Image Evaluation for Contour Extraction 

The images were evaluated by using a combination of subjective and objective meth-

ods. The 3D scatter plot was used to intuitively evaluate the impact of ambient noise on 

the segmentation target. The Dice coefficient was used to calculate the similarity of the 

two samples [29,30]. The values of the Dice coefficient ranged from 0 to 1, indicating no 

similarity to complete consistency. The formula for the Dice coefficient is as follows: 

2
=

+

A B
Dice

A B
 (6) 

Here, A represents the number of pixels of the predicted image and B represents the 

number of pixels of the manually segmented image. 

2.5.2. Evaluation Metrics for Stem Diameter Error 

Absolute error, mean absolute percentage error (MAPE), and root mean square error 

(RMSE) were used to assess the accuracy of the stem diameter measurement. Absolute 

error is the difference between the true diameter and the measuring diameter. The formu-

las for MAPE and RMSE are as follows: 

0

1

=

−
= 
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i i

i i

L S
MAPE

m S
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( )
2

0

1
=
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m

i ii
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m
 (8) 

Here, m represents the number of maize plant samples, Si represents the true diame-

ter, and Li represents the measuring diameter. 

3. Results 

3.1. Comparison of Different Contour Extraction Methods 

Take the first group of maize images in the field as an example. Photoshop was used 

to obtain the manually segmented image. Scatter plots were used to compare the contour 

extraction effects of the HSV + K-means algorithm, the HSV + fixed threshold algorithm, 

and the HSV + Otsu algorithm. The results are shown in Figures 7–9. The manually seg-

mented image and scatter plot are shown in Figure 10. The values of the Dice coefficient 

of the three algorithms are shown in Figure 11. 
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Figure 7. Processing result of the HSV + K-means algorithm. 

 

Figure 8. Processing result of the HSV + fixed threshold algorithm. 

 

Figure 9. Processing result of the HSV + Otsu algorithm. 

 

Figure 10. Processing result of the manually segmented image. 
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Figure 11. Histogram of the values of the Dice coefficient. 

Figures 7–10 show that the processing result of the HSV + Otsu algorithm was closest 

to that of the manual segmentation effect. Figure 11 shows that the values of the Dice 

coefficient of the HSV + Otsu algorithm, the HSV + K-means algorithm, and the HSV + 

fixed threshold algorithm were 78.06%, 35.82%, and 52.03%, respectively. The results 

show that the HSV + Otsu algorithm is the optimal choice to extract the stem contour of 

maize. 

3.2. Error Analysis of Stem Diameter Measurement 

In order to verify the accuracy of the HSV + Otsu algorithm, a total of 60 groups of 

maize images in the field during two periods were selected for comparison experiments. 

The comparison results between the true diameter and measuring diameter of the maize 

stem are shown in Table 2. 

Table 2. Comparison between the true diameter and measuring diameter of the maize stem. 

Number 

Small Bell Stage Large Bell Stage 

True  

Diameter/mm 

Measuring Di-

ameter/mm 

Absolute  

Error/mm 

True  

Diameter/mm 

Measuring Di-

ameter/mm 

Absolute  

Error/mm 

1 41.97 42.08 0.11 43.80 40.26 3.54 

2 43.18 47.65 4.47 39.62 32.14 7.48 

3 40.46 42.19 1.73 38.16 36.14 2.02 

4 47.57 48.28 0.71 36.46 39.55 3.09 

5 41.06 45.00 3.94 32.87 39.13 6.26 

6 33.06 34.17 1.11 36.10 32.86 3.24 

7 39.23 39.75 0.52 39.61 33.89 5.72 

8 40.23 42.86 2.63 40.86 42.50 1.64 

9 34.36 38.44 4.08 39.05 38.40 0.65 

10 43.18 47.65 4.47 36.48 36.60 0.12 

11 34.83 41.76 6.93 32.98 31.67 1.31 

12 40.51 36.15 4.36 38.31 30.54 7.77 

13 41.28 33.55 7.73 36.55 28.45 8.10 

14 45.74 41.89 3.85 36.32 40.63 4.31 

15 39.18 44.03 4.85 41.92 49.57 7.65 

16 47.20 41.05 6.15 34.98 38.75 3.77 

17 41.39 49.84 8.45 33.90 40.34 6.44 
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18 36.09 41.50 5.41 39.67 48.68 9.01 

19 34.11 34.80 0.69 38.69 39.55 0.86 

20 36.69 46.18 9.49 37.23 39.75 2.52 

21 27.53 27.54 0.01 37.18 36.60 0.58 

22 34.76 42.17 7.41 38.64 43.57 4.93 

23 38.20 37.16 1.04 39.85 35.77 4.08 

24 39.43 49.29 9.86 38.87 48.25 9.38 

25 34.54 43.48 8.94 39.99 48.00 8.01 

26 35.08 39.76 4.68 34.57 41.05 6.48 

27 39.24 48.74 9.50 33.26 39.55 6.29 

28 30.73 31.31 0.58 35.18 41.59 6.41 

29 37.11 38.71 1.60 33.47 39.38 5.91 

30 39.04 42.65 3.61 38.75 44.64 5.89 

Average  

value 
38.57 41.32 4.30 37.44 39.26 4.78 

The results show that the mean absolute error, MAPE, and RMSE of the stem diam-

eter of the maize at the small-bell stage were 4.30 mm, 10.76%, and 5.29 mm, respectively. 

The mean absolute error, MAPE, and RMSE of the stem diameters of the maize at the large 

bell stage were 4.78 mm, 12.82%, and 5.48 mm, respectively. The MAPE was within 10–

20%. In summary, the HSV + Otsu algorithm can accurately measure the stem diameter of 

maize in the small- and large-bell stages. 

4. Discussion 

To focus on the need for extraction of crop phenotypic parameters under open field 

conditions, an Intel RealSense D435i camera was used to obtain color images of the maize 

at different growing stages. Image processing techniques were used to extract the stem 

contour. The reference method was used to obtain the stem diameter of the maize. The 

experimental results showed that the HSV + Otsu algorithm was feasible to obtain the 

stem contour and diameter. 

However, some limitations in the proposed method remain to be addressed. Firstly, 

although using the HSV + Otsu algorithm made it possible to obtain maize stem contours 

under sunny conditions, the robustness of the HSV + Otsu algorithm under different 

weather conditions was not verified. In addition, to reduce interference from the ground 

and adjacent plants, the camera angle was set to tilt 40° from the vertical plane toward the 

maize plant. To reduce the distortion of the checkerboard grid image, the checkerboard 

grid was kept parallel to the image plane of the camera by tilting it backward. However, 

the backward tilt caused an error in calculating the stem diameter. The error in the vertical 

direction was greater than the error in the horizontal direction. The stem diameter was 

calculated through the data in the horizontal direction. The mean absolute percentage er-

ror（MAPE）was within 10–20%. 

In the future, the combination of 2D coordinates and 3D point cloud data will be the 

focus of follow-up research, as well as the measurement of other phenotypic parameters 

such as plant height, leaf width, and leaf inclination angle through image processing tech-

niques. Moreover, phenotypic parameters of maize in other growth stages besides the 

small and large bell stages will also be a focus for future research. This will provide ideas 

for maize phenotypic monitoring techniques and more comprehensive data support for 

agronomists. 

5. Conclusions 

An adaptive threshold segmentation algorithm based on HSV + Otsu was proposed 

to extract the stem contour of maize in the field. The HSV + Otsu algorithm was compared 

with the HSV + fixed threshold algorithm and the HSV + k-means algorithm, and the 
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results show that the HSV + Otsu algorithm was the optimal choice for extracting maize 

stem contour. The reference method was used to obtain the stem diameter of the maize. 

The mean absolute error, MAPE, and RMSE of the stem diameter of the maize at the small- 

bell stage were 4.30 mm, 10.76%, and 5.29 mm, respectively. The mean absolute error, 

MAPE, and RMSE of the stem diameter of the maize at the large-bell stage were 4.78 mm, 

12.82%, and 5.48 mm, respectively. The error range of the MAPE was within 10–20%. The 

results show that the HSV + Otsu algorithm can meet the demand of stem diameter meas-

urement. It can provide a reference for the acquisition of the phenotypic parameters of 

maize. It is significant for predicting the lodging resistance, yield, and growth control time 

of maize to carry out field experiments during two rapid growth periods. At the same 

time, the accurate acquisition of phenotypic parameters of maize across multiple periods 

also provides essential data support for genetic breeding. The measurement of multiple 

crop phenotypic parameters during multiple growth periods will also provide a new im-

petus for solving the maize yield crisis. 
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