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Abstract
Rice grain size, grain length and grain width, are very important traits directly related to rice yield. The accurate
measurement of these parameters is quite significant in research such as breeding, yield evaluation and variety
improvement for rice. Traditional measurement methods still mainly rely on manual labor, which is time-consuming,
labor-intensive, and error-prone. In this study, a novel method, dubbed “GSM-Method”, based on convolutional neural
network and traditional image processing technology was developed for efficient and precise measurement of rice
grain size parameters on rice panicle structure. Firstly, primary branch images of rice panicles were collected at the
same height to build image database. Then, the grain detection model using convolutional neural network was
established for grain recognition and localization. Subsequently, the calibration value was obtained through traditional
image processing technology. Finally, the “GSM-Method” integrated with grain detection model and calibration value
was developed for automatic measurement of grain size. The performance of the developed GS-Method was evaluated
through testing 60 primary branch images. The test results showed that the root mean square error (RMSE) of grain
length for two rice varieties (Huahang15 and Qingyang) were respectively 0.26 mm and 0.30 mm, while the
corresponding RMSE of grain width was 0.27mm and 0.31mm, respectively. The proposed algorithm can provide an
effective, convenient and low-cost tool for yield evaluation and breeding research.

1. Introduction
Grain size is one of the main components for rice yield, as well as being a key agronomic trait for rice breeding (Singh,
2000; Li et al., 2018). Grain size is also a very important trait in determining rice quality (Armstrong et al., 2005; Fan et
al., 2006). Also, grain size is mainly under the polygenic control of grain length and grain width (Murthy and
Govindaswamy, 1967). Therefore, the information on grain length and grain width is of great significance (Mahale and
Korde, 2014).

The traditional method of measuring grain size mainly relies on manual labor, such as using calipers or micrometers
(Santos et al., 2019), but this method is time-consuming, labor-intensive, error-prone, and low in accuracy (Yin et al.,
2015; Li et al., 2019; Hu and Zhang, 2021). Therefore, it is imperative to develop a novel method for efficient and precise
measurement of grain length and grain width.

Existing researches on seed size measurement based on traditional image processing methods have made great
progress, for example, the ImageJ (Rasband, 2011), SmartGrain (Tanabata et al., 2012), GrainScan (Whan et al., 2014),
Museed (Gao et al., 2017), and GridFree (Hu and Zhang, 2021). Moreover, researchers (Feng et al., 2023) used blacklight
image processing technology for rice grain size measurement and filled/unfilled grain detection. Although these
methods have been developed for seed/grain size measurement with reasonable accuracies, they need to be threshed
before measurement. Also, seeds will be damaged during threshing process, thereby reducing the measurement
accuracy. Direct measuring grain size on the panicle branch before threshing can avoid those deficiencies. However,
little research has been done in this regard.

Advances in computing power and the availability of large amounts of labeled images have promoted convolutional
neural network (CNN)-based machine learning methods in the field of computer vision (Hinton and Salakhutdinov, 2006;
LeCun et al., 2015). CNNs currently achieve impressive performance in image detection task (Krizhevsky et al., 2012;
Singh et al., 2016). Therefore, some methods using CNNs have been explored to measure object size. Wang et al.
utilized stereo camera system and deep learning (VGG) method to detect fire region and accurately measure flame
height (Wang et al., 2023). Zhang et al. proposed a particle detection and size measurement algorithm using deep
learning with a CNN (Zhang et al., 2021). Park et al. proposed a structural crack detection and quantification method
using a deep learning and structured light (Park et al., 2020). Zhang et al. proposed a CNN-based algorithm for
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measuring the size distribution of microfluid droplets (Zhang et al., 2022). The aforementioned studies demonstrate
that CNN-based image analysis holds great promises for accurately and efficiently detecting and measuring rice grain
size. However, none of the above studies are aimed at measuring grain size of rice panicle. There is an urgent need in
developing an intelligent system for automatic measurement of rice grain size based on panicle structure.

The main objectives of this research were to (a) establish the grain detection model using convolutional neural network,
(b) measure pixel sizes per mm under the fixed shooting height using traditional image process technology, (c) develop
the grain size measurement method through integrating the grain detection model and pixel value per mm, and (d)
evaluate the measurement stability and accuracy of the proposed method.

2. Material and methods
The grain detection and size measurement method, dubbed Grain Size Measurement Method (GSM-Method), proposed
in this study is shown in Fig. 1. The improved Faster R-CNN (Ren et al., 2017) object detection network and traditional
image processing algorithm were used as the main framework to achieve accurate measurement of grain size under
the lighting box environment. The main process is as follows. Firstly, the improved Faster R-CNN network was used to
recognize and locate the grains on the panicle branch structure. Subsequently, the traditional image processing method
was taken to calculate the pixel size per millimeter of the image at the same height. Finally, based on the obtained grain
position information, the actual size of grain was calculated using the pixel size per millimeter.

2.1 Materials and dataset

2.1.1 Description of image collecting equipment
To automatically measure rice grain size on the panicle branches using deep learning method, a lighting box embedded
with an industrial camera and LED lens was used to collect the images of rice panicle branches under a fixed height.
The image collecting equipment used in this study is shown in Fig. 2. Since the details of image collection equipment
can be seen in our previously published article (Deng et al., 2022), only the image collection steps and the parameter
settings during image collection process were described here. The image collection process can be divided into 5
steps. Firstly, the assembly line workbench and lighting box controller were started. Subsequently, the panicle branches
were removed from rice panicle and placed on the sample presentation board, which will be placed at the entrance of
conveyor belt. When the sample presentation board was transferred to below of industrial camera, it would be lifted to a
pre-set height by the linear slider and stopped. Next, the startup software of industrial camera in the computer
workstation was enabled to collect the image of rice panicle branch. Finally, the sample presentation board was
lowered by the linear slider and then transferred to the outlet by conveyor belt. Among them, the lifting height of lifting
mechanism is 330 mm, the residence time of lifting plate is 6 second, the conveying speed of conveyor belt is first gear,
and the brightness of digital controller is 186. The finally collected images of rice panicle branches in the lighting box is
shown in Fig. 3.

2.1.2 Image set
Rice panicle branch samples were harvested in a paddy field, located at the Institute of Agricultural Sciences in
Jiangmen, Guangdong province, China (22° 34' 49.404'' N, 113° 4' 48.036'' E). A total of 478 panicle branch images were
collected, including two rice varieties, Qingyang and Huahang 15. These two rice varieties were chosen because of the
obvious differences in morphological characteristics of their grains. The grain shape of Huahang 15 is slender (Fig. 3a),
while that of Qingyang is relatively shorter and oval (Fig. 3b). Among them, the image numbers of Qingyang and
Huahang panicle branches were 252 and 226, respectively. Moreover, to test the accuracy of GS-Method, another 30
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images of rice panicle branches for Huahang 15 and Qingyang rice varieties were collected for experiment. The
resolution of panicle branch images was 2688 pixels × 2000 pixels.

2.2 Grain size measurement method

2.2.1 Image preprocessing
The grain detection task based on deep learning relies on labeled data, so it is necessary to label the precise area
containing grains in the collected panicle branch images. As shown in Fig. 4, the LabelImg Open-Source software
(Darrenl, 2017) was used to label the bounding box around grain, and the labeling format is PASCAL VOC. The PASCAL
VOC annotation format consists of four values: the abscissa and ordinate of the upper-left and lower-right corners of
bounding box. After the annotation was completed, the coordinates of the upper-left and lower-right corners of
bounding box and grain label would be stored in the XML format document.

To improve the accuracy of GS-Method for automatically measuring rice grain size, the grains in special cases were not
annotated in this study. Special cases include grain in slanted position (Fig. 5a), grain with narrow side up (Fig. 5b), and
grain that is mostly shaded at one end (Fig. 5c). When the grain length direction deviates too much from the abscissa
direction of the image, the measured grain length will be smaller than the actual value. The grain width with wide side
up is the true grain width. So, when the narrow side of grain faces up, the measured grain width will be less than the true
value. Also, when most of the area at one end of the grain is shaded too much, the grain length will be smaller than the
actual grain length. Finally, the collected 478 images were randomly separated into the training, validation and testing
sub-sets with the ratio to the total images of 0.56, 0.24, and 0.2, respectively.

2.2.2 Grain detection with Faster R-CNN
The object detection algorithm based on deep learning can be divided into two types: single-stage and multi-stage
object detection algorithm according to the generation of candidate frames. The single-stage object detection network
represented by YOLO (Joseph Redmon, 2018), and SSD (Liu et al., 2016), etc. is characterized by fast detection speed,
but slightly lower detection accuracy. Faster R-CNN belongs to the representative of multi-stage object detection
network, which is characterized by low recognition error rate and low miss recognition rate. In this study, the detection
accuracy of grains is required to be high, so it is reasonable to choose Faster R-CNN network model to realize the
recognition and location of grains.

Since a single grain occupies a small size of the entire image, the grain recognition by Faster R-CNN belongs to small
object detection. After multiple pooling of feature extraction, the feature information of grains will be significantly
weakened. Therefore, the Feature Pyramid Network (FPN) (Lin et al., 2017) was introduced, as shown in Fig. 6. Through
the fusion of multi-layer feature information of feature layers of different scales, FPN provides the possibility for the
generation of candidate frames, the classification and regression of detection frames, and thus effectively improves the
detection accuracy of the Faster R-CNN model.

When there is no overlap between the predicted box and the real box, the value of IoU is 0, resulting in the gradient of
optimization loss function being 0, which means that it cannot be optimized. Also, even if the IoU is the same, the
predicted bounding box and ground truth bounding box will coincide in different ways, resulting in different detection
results. Generalized Intersection over Union (GIoU) (Rezatofighi et al., 2019) is optimized for the problem that IoU
cannot reflect the distance between two non-overlapping frames and the alignment of overlapping frames, thereby
improving the detection accuracy. The grains on the rice panicle branch may overlap, so the GIoU algorithm was
introduced to improve the detection accuracy of the grain model.
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The above two methods were used to optimize the Faster R-CNN network structure and reasoning process. The ResNet
50 was used as the feature extraction network, and the structure of grain detection model was shown in Fig. 7.

2.3 Calculation of unit pixel size based on traditional image
processing

2.3.1 Image acquisition of grain reference object
Since the grain actual size was measured based on panicle-branch structure using deep learning, the pixel value of the
unit size of grain image at the same height needed to be calculated first. In doing so, a single grain was selected as a
reference object, where the actual length and width were manually measured by electronic vernier calipers in advance.
The image of the single grain (Fig. 8a) was captured using the equipment described in Section 2.1.1.

2.3.2 Measurement of pixel size for grain reference object
The process of measuring pixel size of grain reference object using traditional image processing methods was shown
in Fig. 9. The programming language used was Python, and the main algorithms used were Opencv, Numpy, Scipy, and
Imutils. The specific measurement process (Fig. 9) was as follows. Firstly, the RGB image of grain reference object was
read by the program and converted into a grayscale image. The Canny operator was used to perform edge detection on
the grayscale image. Then, dilation and erosion were performed to close and refine the contours in the edge map.
Subsequently, the coordinate points of the contour were sorted from left to right. The contours were looped individually.
If the contour area was large enough, the minimum bounding rectangle of contour was computed, otherwise, the
previous step was returned to continue. The coordinate points of the minimum bounding rectangle were computed and
sorted in the order of upper left, upper right, lower right and lower left. The minimum bounding rectangle of the contour
was draw in the image. The midpoint between the upper-left and upper-right coordinates of the minimum bounding
rectangle and the midpoint between the lower-left and lower-right coordinates of the minimum bounding rectangle were
calculated. The midpoint between the upper-left and lower-left coordinates of the minimum bounding rectangle and the
midpoint between the upper-right and lower-right coordinates of the minimum bounding rectangle were calculated. The
midpoints and the lines between midpoints were respectively plotted on the image (Fig. 8b). Finally, the Euclidean
distances between the midpoints were calculated.

The calculated pixel size of grain reference object was shown in Fig. 8b. Figure 8b showed that the yellow grain was
surrounded by a green rectangular frame, which was essentially the minimum bounding rectangle of the grain. Also, the
four red points in the figure were the coordinate points of minimum bounding rectangle. The four blue points were the
midpoints of the four sides of the minimum bounding rectangle. The Euclidean distance between the purple lines
connecting the upper and lower midpoints in Fig. 8b was the grain width. Similarly, the Euclidean distance between the
purple lines connecting the left and right midpoints was the grain length. Therefore, the finally obtained grain length and
grain width were 422.6 pixels and 107.0 pixels, respectively.

2.3.3 Measurement of actual size for grain reference object
In this study, the digital caliper was used to measure the actual size of grain reference object. The measurement
procedure was as follows. The grain length was obtained by clamping the left and right endpoints of grain with digital
caliper. Similarly, the grain width was obtained by clamping the middle part of the widest surface of grain with digital
caliper. Finally, the actual grain length and grain width were 9.60 mm and 2.43 mm, respectively. Therefore, by
combining the grain pixel size measured through traditional image processing method in Section 2.3, the image unit
size under the fixed shooting height of the lighting box can be calculated to be 44.03 pixels/mm.

2.4 Evaluation metrics
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To verify the performance of GS-Method, the coefficient of determination (R2), the root mean square error (RMSE), the
relative RMSE (rRMSE), the Bias (BIAS), and the mean absolute error (MAE) were used to evaluate the consistency
between the GS-Method measurement result and the manual measurement standard value. Also, the absolute error and
the relative error were used to evaluate the accuracy of GS-Method. The above indicators were calculated using the
equations (1)-(7), respectively.
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(Fig. 10a). The loss function values of GSM-Method were generally lower than that of another method. After
approximately 8 epochs in training, the loss function of GSM-Method fluctuated less and less. After 33 epochs, the loss
function converged. The accuracy curves showed that GSM-Method had better accuracy consistently over the epoch
range of 0 to 225 (Fig. 10b). Considering all these performance indicators, the GSM-Method was used for grain size
measurement in this study.

3.2 Measurement results of GSM-Method
The GSM-Method was tested on the RGB images of the testing set. Figure 11 showed some examples of the measured
grain size with green detection frame and red number. The green rectangular frame tightly wrapped each grain on the
panicle branch image, and the position of the rectangular frame was almost the same as the position of the smallest
circumscribed rectangle of the grain. These results demonstrated that the proposed method could almost accurately
detect and measure all grains at relative levels on the panicle branch image. Among them, the red number on the long
side and short side represented the grain length and grain width, respectively. Due to the differences in the shape of rice
varieties, the grain length of Huahang 15 (Fig. 11a) was mostly larger than that of Qingyang (Fig. 11b), while the
opposite was true for grain width. Typically, measuring grain size using traditional image processing methods requires
threshing first, and it is difficult to accurately measure grain size since contacting grains can easily be mistaken for
connected area. However, the grain size measured in our proposed method was not affected by inter-grain contact or
the connection between grains and panicle branches. The above results showed the feasibility of the proposed method
to directly measure the grain size on the rice panicle.

Moreover, since grains in special situations (see Section 2.2.1 for details) were not labelled during image
preprocessing, the GSM-Method can automatically filter the grains in special situations without measurement.
Figure 12(a) showed that although the shape feature of second grain from left to right was obvious, GSM-Method can
still correctly filter the grains in this situation. That was because the grain length direction deviated significantly from
the abscissa direction of image, and was not in a relatively horizontal position. A similar situation can also be observed
in Fig. 12b. The above results showed that GSM-Method developed in this paper can intelligently and accurately filter
grains under special situations and only measure grain sizes at relatively horizontal positions.

3.3 Measurement accuracy of GSM-Method
To verify the accuracy of GSM-Method for measuring grain size on rice panicle branch, another set of panicle branch
images were tested. Since grain morphology varies with rice variety, images taken for experiment were Huahang 15 and
Qingyang, respectively. The corresponding numbers of images taken were 30, and 30, totaling to 60 images. Among
them, the length and width of 122 grains for Huahang 15 were measured, while those of 140 grains for Qingyang were
measured. Meanwhile, the corresponding grain length and grain width were manually measured with a digital caliper for
comparison (Fig. 13). The grain length of Huahang 15 was between 8.0 and 10.5 mm (Fig. 13a), and the grain width
was between 2.0 and 3.0 mm (Fig. 13b). The grain length of Qingyang was between 7.0 and 8.5 mm (Fig. 13c), and the
grain width was between 2.5 and 3.5 mm (Fig. 13d).

No matter which rice variety it was, the measurement accuracy of grain length was slightly better than that of grain
width. The reason for being slightly better can be attributed to the following points. Since the grains on panicle branch
structure were all connected to the panicle branches, the wide surface position of grains was restricted by panicle
branches and other grains. It was not easy to get the wide surface of each grain on the rice panicle branch pointing
straight up. Therefore, the width of some grains in panicle branch image was slightly smaller than the actual value.
However, the overall results showed that the measurement accuracy of grain length and grain width was relatively
consistent. That was, the above deficiencies had little impact on the measurement accuracy of GSM-Method and can
be ignored. Moreover, the root mean square errors of grain length and grain width for Huahang 15 were respectively



Page 8/19

0.26 mm and 0.27 mm, while those of Qingyang were respectively 0.30 mm and 0.31 mm, indicating that the
measurement effect of GSM-Method on Huahang 15 was better than that of Qingyang. But overall, the measurement
error of the GSM-Method was relatively small, which proved that GSM-Method had good stability in measuring grain
size.

To more intuitively showed the difference in measurement results between GSM-Method and manual method, the
average values were also calculated for comparison (Table 1). In addition, the average absolute error and average
relative error of GSM-Method in measuring rice grain size were calculated. The average grain length of Huahang 15 and
Qingyang measured manually were respectively 9.38 mm and 7.79 mm, while that of the two rice varieties measured by
GSM-Method were 9.42 mm and 7.85 mm, respectively. The absolute errors of GSM-Method in measuring grain length
of Huahang 15 and Qingyang were 0.14 mm and 0.19 mm, while the relative errors were 1.56% and 2.39%. The above
results revealed that GSM-Method had smaller measurement errors and high accuracy for measuring the grain length of
two rice varieties, Huahang 15 and Qingyang.

Table 1
Comparison of measurement results of GSM-Method and manual method for the

average rice grain length
Rice variety GSM-Method Manual method Absolute error Relative error

Huahang 15 9.42 mm 9.38 mm 0.14 mm 1.56%

Qingyang 7.85 mm 7.79 mm 0.19 mm 2.39%

Similarly, Table 2 indicated that the average grain widths of Huahang 15 and Qingyang measured manually were
respectively 2.72 mm and 3.15 mm, while that of the two rice varieties measured by GSM-Method were respectively
2.63 mm and 3.16 mm. The absolute errors of GSM-Method in measuring grain width of Huahang 15 and Qingyang
were 0.18 mm and 0.20 mm, while the relative errors were 7.18% and 6.40%. The above results showed that GSM-
Method had smaller measurement errors and high accuracy in the grain width of two rice varieties, Huahang 15 and
Qingyang.

Table 2
Comparison of measurement results of GSM-Method and manual method for the

average rice grain width
Rice variety GSM-Method Manual method Absolute error Relative error

Huahang 15 2.63 mm 2.72 mm 0.18 mm 7.18%

Qingyang 3.16 mm 3.15 mm 0.20 mm 6.40%

The above results showed that no matter which rice variety it was, the GSM-Method had a slightly smaller error in
measuring rice grain length than grain width. Since the structure of rice panicle branch cannot make the wide surface of
each grain vertically upward. However, the overall error of GSM-Method was relatively small, which proved the feasibility
of GSM-Method.

4. Conclusion
In this study, a high-precision and high-efficiency method, dubbed “GSM-Method”, was proposed based on deep
learning convolutional neural network (CNN) model and traditional image processing method for automatically
measuring rice grain length and grain width. The following conclusion was drawn. The CNN-based GSM-Method was
capable of measuring grain length and grain width based on rice panicle branch. When compared to manual
measurement results, the root mean square error (RMSE) of the grain length of two rice varieties (Huahang15 and
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Qingyang) were respectively 0.26 mm and 0.30 mm, while the corresponding RMSE of grain width was 0.27mm and
0.31mm, respectively. The accuracy of the GSM-Method was not affected by inter-grain contact, the connection
between grains and panicle branches and rice variety. The GSM-Method shows great promises as a robust tool for
computer-aided measurement of rice grain length and grain width, which will help rice breeders collect large amounts
of data, and help agricultural researchers predict crop yield potentials. However, more tests may be required to further
verify the GSM-Method.
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Figure 1

Illustration of GSM-Method
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Figure 2

Illustration of the equipment for collecting rice panicle branch images

Figure 3

Samples of rice panicle branch: (a) Huahang 15 rice variety; Qingyang rice variety.

Figure 4

Grain annotation using LabelImg software
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Figure 5

Grains in special circumstances: (1) grain in slanted position; (b) grain with narrow side up; (c) grain that is mostly
shaded at one end.

Figure 6

FPN structure
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Figure 7

Structure of grain detection model

Figure 8

Single grain reference object: (a) origin image; (b) pixel size of single grain



Page 16/19

Figure 9

Flowchart for calculating pixel size per millimeter for grain reference object
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Figure 10

Comparison of training result between GSM-Method and Deng et al.(Deng et al., 2021)method: (a) loss curve; (b)
accuracy curve.

Figure 11
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Measurement results of grain size based on GSM-Method: (a) Huahang 15 rice variety; (b) Qingyang rice variety.

Figure 12

Schematic diagram of automatic filtering of grains in special situations by the model in this chapter
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Figure 13

Measurement accuracy of GSM-Method: (a) grain length of Huahang 15; (b) grain width of Huahang 15; (c) grain length
of Qingyang; (d) grain width of Qingyang.


