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Abstract: In this paper, UAV (unmanned aerial vehicle, DJI Phantom4RTK) and YOLOv4 (You Only
Look Once) target detection deep neural network methods were employed to collected mature rice
images and detect rice ears to produce a rice density prescription map. The YOLOv4 model was used
for rice ear quick detection of rice images captured by a UAV. The Kriging interpolation algorithm
was used in ArcGIS to make rice density prescription maps. Mature rice images collected by a UAV
were marked manually and used to build the training and testing datasets. The resolution of the
images was 300× 300 pixels. The batch size was 2, and the initial learning rate was 0.01, and the mean
average precision (mAP) of the best trained model was 98.84%. Exceptionally, the network ability
to detect rice in different health states was also studied with a mAP of 95.42% in the no infection
rice images set, 98.84% in the mild infection rice images set, 94.35% in the moderate infection rice
images set, and 93.36% in the severe infection rice images set. According to the severity of rice sheath
blight, which can cause rice leaves to wither and turn yellow, the blighted grain percentage increased
and the thousand-grain weight decreased, the rice images were divided into these four infection
levels. The ability of the network model (R2 = 0.844) was compared with traditional image processing
segmentation methods (R2 = 0.396) based on color and morphology features and machine learning
image segmentation method (Support Vector Machine, SVM R2 = 0.0817, and K-means R2 = 0.1949)
for rice ear counting. The results highlight that the CNN has excellent robustness, and can generate a
wide range of rice density prescription maps.

Keywords: unmanned aerial vehicle; rice ear; density; deep convolutional neural network;
prescription map

1. Introduction

In the United Nations 2030 Agenda for Sustainable Development [1], the goals are to
eradicate hunger, achieve food security, improve nutritional status, and promote sustainable
development. As one of the three major food crops in the world [2], the rice-planted area is
second only to wheat. Rice is the staple food of about half of the world’s population, of
which nearly 90% is produced in Asia [3]. Currently, the world’s rice planting area is about
155 million hectares, and China’s rice planting area is 30,189 thousand hectares in 2018,
accounting for about 20% of the world’s planting area. Ensuring stable rice production and
increasing production are of great significance for eradicating hunger and protecting human
rights. Studies have shown that only an average annual growth rate of rice output of about
1% can meet the consumption demand [4]. Rice planting density [5] and the application of
nitrogen fertilizer are the main techniques used in the production management process,
which play a decisive role in the yield of rice. Larger density differences have a greater
impact on the rice population productivity and grain yield. One of the most important
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aspects is the differences in the utilization of temperature and light resources by groups
under different planting methods [6]; a too high or too low cultivation density will affect
its yield. It is difficult to increase food production to meet the growth rate of the human
population. The phenomenon of excessive grain loss from harvester operation in the field
is at odds to the current situation of increasing world food shortages [7–9]. One of the main
reasons for this problem is when harvesting high-density rice, the operating parameters
of the main working parts, such as threshing drum speed, cannot be adjusted in time
to adapt to the changes in the feed amount, which can lead to unclean grains and even
blockages. These will cause increased grain loss. Therefore, crop density prediction that can
allow enough time for harvester adjustment is of great significance for reducing grain loss
during harvesting [10–12]. The harvesting efficiency of the rice combine harvester mainly
depends on the feeding amount [13]. Under the condition of stable harvester cutting width,
the feeding amount is mainly determined by the harvester forward speed and the crop
density [14–18]. Normally, adjusting the forward speed mainly depends on the operator’s
experience of judging the density of crops, which is susceptible to subjective factors, and the
quality of work cannot be guaranteed. When the forward speed of the harvester is too fast,
the instantaneous feeding amount may exceed the load of the machine, which will cause
the harvester to block and fail [19]; if the forward speed is too low, the harvester operates
at a low load, resulting in decreased harvesting efficiency. Therefore, knowing the rice
density before harvesting, generating a density prescription map, and attaining a suitable
operating speed to ensure the stability of the feeding amount are of great significance for
improving the quality of the operation.

The current combine harvester forward speed control method is mainly based on the
working parameters of the main harvester components monitored by the loaded monitoring
system, such as header losses of combine harvesters [20–22], drum speed [23], etc., which
establish speed prediction equations to achieve speed control. The method of monitoring
the grain loss of the combine harvester to adjust the forward speed is when the grain loss
increases, the vehicle speed is automatically reduced by the control system or the driver
reduces the vehicle speed according to the grain loss value displayed on the on-board
screen [20]. Alternatively, the vehicle speed should be increased appropriately. To adjust
the forward speed by monitoring the drum speed of the combine harvester, when the
drum speed decreases (too large a feed volume causes the drum to overload and reduce
the drum speed), the vehicle speed is automatically reduced by the control system or the
driver reduces the vehicle speed according to the drum speed value displayed on the
onboard screen [23]. Alternatively, the vehicle speed should be increased appropriately. In
both methods, the operating speed of the harvester is adjusted only after the loss of grain
is too large or the rotation speed of the drum is reduced. Therefore, there is hysteresis.
This is likely to cause a decrease in work efficiency and even the risk of damage to the
machine. Therefore, predicting the crop density in front of the operation generating rice
density prescription map with geographical coordinate information can provide strong
data support for the combine harvester to operate at a reasonable operating speed.

Computer vision is currently the main technical means for rice ear recognition and
counting. Visible light images of rice contain the characteristics of rice ear color [24,25],
texture [26], and shape. Machine learning builds a target classifier by learning these
characteristics to realize rice ear target detection. Although these methods have allowed
certain achievements, the extraction of manual image features is needed, which is not
suitable for the uneven illumination environment and complex background in the field,
which results in poor algorithm robustness and difficulty in expanding applications. Some
researchers have proposed ways to reduce these effects. For example, researchers designed
an unsupervised Bayesian method based on the Lab color space of field rice UAV images
and a segmentation algorithm for the extraction of rice pixel regions in the late tiller stage
to reduce uneven illumination [27]. Wheat image RGB-gray image, Lab-L, HSV-V color
space, and the combined morphological characteristics of wheat ears were used to extract
wheat ear targets [28]. Although these methods reduce the impact of uneven illumination
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to a certain extent, the robustness of the algorithm still does not meet the actual application
conditions under complex field environments.

A fully deep convolutional neural network is currently the most effective image recog-
nition technology [29,30], and has a wide range of uses in agricultural fields [31–33], such
as plant identification and classification [34,35], plant disease detection [36–41], pest identi-
fication and classification [42–44], plant organ count [45,46], weed identification [47–49],
and land cover classification [50]. Based on more than 40 studies on the application of
deep learning in agriculture, KAMILARIS has concluded that deep learning has higher
accuracy in image recognition than existing commonly used image processing technologies,
such as SVM, K-means, and random forest [51]. Xiong proposed a visual detection method
to detect green mangoes by a UAV [30]. Jing Zhou used unmanned aerial vehicle-based
soybean imagery and a convolutional neural network to achieve yield estimation [52]. Zhou
prosed a rice disease rapid detection method with FCM-KM and Faster R-CNN fusion [53].
Xiong proposed a Panicle-SEG segmentation algorithm based on simple linear iterative
clustering (SLIC) super-pixel segmentation, which is trained by constructing a CNN model
and combined with entropy rate super pixel optimization to realize the identification of
rice ears in the field environment [47]. Yu prosed an integrated rice panicle phenotyping
method with a Faster-R-CNN method on X-ray and RGB scanning images [54]. In addition
to only using deep learning to solve problems, such as prediction and recognition in the
agricultural field, some scholars have also combined machine learning and deep learning
methods for applied research [55]. CNN has been widely used in the agricultural field, but
there are few reports on the research for the production of rice density prescription maps
using a deep learning method during the maturation period.

To our knowledge, there is no former study that generates rice density prescription
maps with CNNs using UAV-based remote sensing data. There are two novelties of this
present study.

First, by using machine learning SVM, K-means, and manual segmentation results of
rice ear image to perform the regression of the number of rice ears, we found that it is not
feasible to use image segmentation algorithms for rice density statistics or yield estimation
in a field environment. Second, for the first time, the recognition results of deep neural
networks are applied to the production of prescription maps. The objectives of this paper
are to (1) examine the capability of yolov4 in estimating mature rice density using UAV
rice RGB images in an end-to-end way, (2) improve the density estimation accuracy by
integrating multi-scale features and investigate the spatial range for density forecasting,
(3) verify that it is not feasible to predict the ear density by the method of rice ear region
segmentation in the image, and (4) provide powerful data support for the automatic control
of the rice combine harvester working parameters, especially the adjustment of the forward
speed, because the forward speed and the density of rice in front of the harvester affect the
feed volume of the harvester. Moreover, if the density of the rice in front of the operation
is known in advance, the harvester will operate at a reasonable forward speed to ensure
the best feed volume, which is very significant for ensuring combine harvester operation
quality.

2. Materials and Methods
2.1. Study Area

The experimental site (31◦1′52′ ′N, 120◦31′5′ ′E) was located at Wujiang City, Jiangsu
province, China, as shown in Figure 1. The area belongs to the subtropical monsoon oceanic
climate, which has four distinct seasons and abundant rainfall. The average annual rainfall
is 1100 mm, the average annual temperature is 15.7 ◦C, and the soil type is of paddy
soil. The rice variety in the test plot was Nanjing Jinggu, which is a new generation of
high-yielding japonica rice varieties developed by the excellent taste breeding team of the
Institute of Food Crops, Jiangsu Academy of Agricultural Sciences.
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Figure 1. Rice density experiment at Jiangsu Wujiang Modern Agricultural Industrial Park, 2020.
(a) Study area. (b) Sampling frame.

2.2. Images Acquisition

A multi-rotor UAV (DJI Phantom 4RTK) was employed to collect mature rice images
in this study between 8 November 2020 and 12 November 2020, which is equipped with a
GPS sensor, inertial navigation, and 15.2 V/5870 mAh lithium battery, which can ensure
that the UAV flies automatically for about 28 min on the planning route at an altitude level
of 25 m above ground. The ground speed of the UAV was set at approximately 4 m/s. An
RGB digital camera was mounted on the UAV to take rice images. The RGB sensor had
4864 × 3648 pixels. The short exposure time was faster than 1/8000 s, small aperture was
f/2.8–f/11, and auto focus(1m-∞), which were set for cameras to avoid the blurred images.

Five flights for collecting RGB mature rice images were carried out on 8 November,
9 November, 10 November, 11 November, and 12 November (Table 1). During each flight,
mature rice images were collected with side overlap of 70% and trajectory overlap of 80%
to assure the high quality of mature rice orthoimage maps. The information about flight
altitude and ground resolution during each flight is given in Table 1.

Table 1. Details of remote sensing data acquisition.

Date Sensor Number of Images Altitude (m) Ground Resolution (mm)

08 November 2020 RGB 102 5 2.3
09 November 2020 RGB 112 5 2.3
10 November 2020 RGB 103 5 2.3
11 November 2020 RGB 107 5 2.3
12 November 2020 RGB 111 5 2.3

2.3. Mature Rice Image Processing

The first processing of raw mature rice image data includes two steps: (1) mature rice
orthoimage map generation; (2) map geographic coordinate extraction and clipping for
target area. Traditional image processing for rice ear counting is described in Section 3.2.
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2.3.1. Mature Rice Orthoimage Map

PhotoScan Pro can generate high-resolution orthoimages with real coordinates and
DEM models with detailed color textures. We import the images collected by the drone into
this software for orthoimage generation. In the work process, according to the software
prompts, we proceed to the generation of orthophotos of rice. Generating mature rice
orthoimage maps has four steps: (1) raw mature rice image alignment and mosaicking;
(2) sparse point cloud and mesh generation; (3) dense point cloud; and (4) orthoimage rice
map export. Steps 1–4 were implemented in Agisoft Photoscan Pro software, as shown in
Figure 2, which was based on the structure from motion (SfM) algorithm [56].

Figure 2. Generating mature rice orthoimage. Agisoft Photoscan processing workflow and export for
orthomosaic; four-step semi-automated processing workflow.

2.3.2. Geographic Coordinate Extraction and Clipping

First, import the orthoimage maps file into ArcGIS 10.5; then, use the resampling
method to adjust the raster cell size to the same size as the sub-image size (300 pixels ×
300 pixels), and finally, output a text file with latitude and longitude coordinates.

Using Visual Studio2017 and OpenCV (open source image processing library), we
wrote a script to crop the generated orthoimage maps into multiple sub-images of the size
300 pixels × 300 pixels. Two hundred sub-images were selected geographically far apart as
the training set, valid set, and testing set for building the target detection model.

2.4. Traditional Image Processing Technology

In this study, we used a script file written by Visual Studio with traditional image
processing methods based on color, histogram equalization, Gaussian blur, and morpho-
logical characteristics to segment the ears of rice; the ear head counting was achieved by
calculating the number, area, and perimeter of connected domains of the segmented image
in Figure 3. As the most prevailing characteristic, color has been widely used to segment
crop organ targets, such as leaves, flowers, and fruits [57]. However, the color characteristic
fails to consider the influence of light noise. Many new methods were proposed to avoid
the above issues. For instance, color space conversion in which the HSV color space was
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converted from RGB color space was employed to mitigate the influence of uneven light-
ing [58]. Gaussian blur was employed to mitigate the light noise by using data smoothing
techniques on images. However, the results of these methods were not satisfactory.

Figure 3. The rice ear segmentation processing flow in RGB and HSV color spaces.

2.5. CNN Architecture Design

Considering the phenomenon that the ears of rice at maturity are occluded by each
other, the YOLOv4 [59] target detection network was employed to realize the target detec-
tion and quantity statistics of high-density rice ears.

2.5.1. YOLOv4 Network Structure

The input mature rice image data of size 300 × 300 × N was sent to the YOLOv4
network, with N = 3 the number of channels for input rice images. The architecture
of the YOLOv4 used in this paper is shown in Figure 4. The network is made of three
modules: backbone, neck, and prediction. The backbone contains 72 convolutional layers
that contributes to CBM and CSPX. The convolutional layers extract features by filters of
the size of 1 × 1 and 3 × 3. The number of filters in backbone modules was 12,606, which
was inspired by Darknet53 network. The neck part adopted a classic PANet structure,
which won the first place in the COCO 2017 challenge instance segmentation task and the
second place in the target detection task [60]. In addition, it had an SPP that used filters
with a size of 1 × 1, 5 × 5, 9 × 9, and 13 × 13. Instead of average pooling, the function used
in the network pooling layers was the max pooling that adopted padding operation. After
that, ‘Concat’ operation was made on feature maps, which increased the receiving range
of backbone features effectively, and significantly separated the most important context
features. The prediction part adopts CIOU_LOSS function (Equation (1)) that considered
three important geometric factors: the overlap area, the center point distance and aspect
ratio, which can solve the problem of missed detection caused by overlap, which is highly



Remote Sens. 2022, 14, 46 7 of 21

suited for the target detection of rice ears at the rice maturation stage. The three kinds of
feature maps for prediction were 76 × 76, 38 × 38, and 19 × 19.

CIOU_LOSS = 1− CIOU = 1− (IOU − ρ2(b, bgt)

c2 + αν) (1)

ν =
4

π2

(
arctan

ωgt

hgt − arctan
ωp

hp

)2

(2)

where IOU is intersection over union, c is the diagonal distance of the smallest closure
area that can contain both the prediction box and the ground truth box, ρ2(b, bgt) means
Euclidean distance between the center point of the prediction box and the ground truth
box, wgt, hgt are the height and width of the ground truth box and wp and hp are the height
and width of the prediction box.

Figure 4. The architecture of YOLOv4 (a); the CBM architecture (b); the CBL architecture (c); the SPP
architecture (d); the CSPX architecture (e); the Res unit X architecture (f).

2.5.2. Training and Testing

The training process is based on the stochastic gradient descent algorithm with mo-
mentum acceleration [61]. Prepare the initial weight file, label the file, and modify the
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configuration file for training detection model. According to the requirements of the model,
put the data set under the specified path. After the training starts, the model automatically
divides 90% of the data into the training set (180 images), 10% of the data as the valid
set (20 images). We found another 20 new images that the model had not seen before
to test the model. In the development phase, the network was trained with the training
dataset and evaluated with test and valid datasets to adjust the hyperparameters for better
performance. In the training process, the images dataset was divided into the mini-batches
to feed into the networks. The mature rice images batch size was 1 and the model initial
learning rate was 0.01 with ‘torch.optim’ package. The training was stopped when the
training progress reached the upper number of iterations and the change in loss value of
the deep convolutional neural network, as shown in Figure 5.

Figure 5. The change in network loss value: (a) the network total loss; (b) the network valid loss.

The final predicted result of density was calculated by calculate the number prediction
boxes. The training and testing progress were conducted in NVIDIA GTX1650SUPER with
16GB memory using the torch deep learning toolbox.

2.6. Result Evaluation

In this study, PyCharm Community Edition 64 was used for the statistical analysis.
The performance of different models was evaluated by the determination coefficient (R2,
Equation (3)), mean absolute percentage error (MAPE, Equation (4)), and root mean square
error (RMSE, Equation (5))

R2 = 1−∑n
i=1 (ŷi − yi)

2
/∑n

i=1 (yi − y) (3)

MAPE =
100
N

n

∑
i=1

∣∣∣∣ ŷi − yi
yi

∣∣∣∣ (4)

RMSE =

√
n

∑
i=1

(ŷi − yi)
2/n (5)

where n is the total samples in the testing set, y is the average value of the measured density
of the ground-truth density of rice ears, which is the number of rice ears counted artificially
on the image, and ŷi is the predicted rice ear density.

3. Results
3.1. Statistical Analysis of Density Data

In total, mature rice density data for 200 sites were collected from the area of the
study. The collected rice density ranged from 100/m2 to 350/m2, with an average of
209/m2 in the experimental area. To ensure the robustness of the target detection algorithm,
we deliberately selected sampling points with obvious differences in rice growth; that is,
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sampling plots with large differences in density. Area with very low density suffered from
pets and diseases because of poor management. All plots were divided into four groups
according to the disease severity level (rice sheath blight) for assessing the impact of the
disease severity level on yield. The four groups were healthy (no infection), mild infection,
moderate infection, and severe infection. The level of disease was determined through
on-site investigation by plant protection experts. Figure 6 showed that the healthy plots
account for the majority of all plots. The plots with severe infection had the lowest average
density, of 100/m2. The healthy plots had the highest average density, of 229/m2. The
figure showed the significant influence of disease severity level on rice density. The results
indicate that maintaining a healthy state of rice is a prerequisite for ensuring a stable rice
density level. Severe diseases will cause the death of rice, reduce the density, and ultimately
reduce the yield of rice.

Figure 6. Relationship between the density statistics and the plots. All plots are divided into four
groups by disease stress (no infection, mild infection, moderate infection, severe infection).

3.2. Regression Analysis between Connected Domain and Mature Rice Density

The linear and quadratic regression analysis between the connected domain and rice
density at the ripening stage are introduced in Table 2 by R2, RMSE, and MAPE. Overall,
the connected domain had inferior forecasting capabilities in estimating mature rice density
for light noise and severe overlap. That is to say, the ears of rice and the yellowed leaves
were difficult to divide due to the influence of light and severe overlap of rice ears.

Table 2. Coefficient of determination (R2), root mean square error (RMSE), and mean absolute
percentage (MAPE) for regression between mature rice density and connected domain.

Method Heathy Rice Rice with Disease Infection

connected
domain (RGB)

connected
domain (HSV)

Line Quadratic Line Quadratic

R2 RMSE MAPE R2 RMSE MAPE R2 RMSE MAPE R2 RMSE MAPE

Number 0.101 1.212 0.137 0.171 1.692 0.182 0.001 1.683 0.180 0.154 1.116 0.138
Area 0.172 1.104 0.123 0.150 2.019 0.179 0.006 1.678 0.179 0.000 0.436 0.126

Perimeter 0.201 0.983 0.107 0.035 1.654 0.181 0.002 1.683 0.182 0.000 1.362 0.131
Number 0.396 1.602 0.171 0.207 1.500 0.153 0.140 0.984 0.133 0.301 0.684 0.098

Area 0.275 1.434 0.144 0.236 1.338 0.133 0.062 1.175 0.138 0.000 2.234 0.280
Perimeter 0.207 1.500 0.154 0.115 1.585 0.146 0.176 1.101 0.132 0.000 2.012 0.248

From Table 2, a relatively higher accuracy (R2 ranging from 0.207 to 0.396 in healthy rice
with the HSV color space) can be received for number, area, and perimeter, whereas lower
accuracy was detected by using connected domain features with disease infection rice in
the RGB color space. The results indicate that the connected domain in the HSV color space
performs better in mature rice density prediction. However, even the connected domain
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numbers with the best accuracy only led to a maximum R2 of 0.396 for the healthy status.
At the stage of rice maturity, due to the increase in grain maturity and dry matter quality of
rice ears, the ears droop, and there is a cross-overlap phenomenon between rice ears. After
image segmentation, the regression model of the connected domain characteristics with
the number of rice ears becomes complicated and the accuracy rate is severely reduced. In
particular, rice disease increases the yellow area of rice leaves at the mature stage. Coupled
with the influence of light, it becomes more difficult to divide the rice ears.

Except from the traditional image processing technology (Gaussian blur, OTSU), we
adopt machine learning method (Support Vector Machine, SVM, and K-means) to achieve
rice era segmentation as Figure 7. Manual segmentation of mature rice ear in Photoshop
software was regarded as the ground-truth rice ear area. We randomly selected 83 images
in the image database to verify the segmentation accuracy of these two methods. The two
method accuracies are shown in Figure 8. In order to verify whether the number of ears
can be predicted by the rice ear area, linear regression analysis was performed on the rice
ear area pixel counts obtained by the three methods and the actual number of rice ears.
The R2 values, 0.0817, 0.1949, and 0.2541, are shown in Table 3 and Figure 9. Although the
prediction results improved with the improvement of the segmentation algorithm accuracy,
the prediction ability of the ear numbers only reached 0.2541 with the absolutely correct
manual segmentation method. This experimental result shows that the image segmentation
algorithm is not feasible for the prediction of the number of ears by the area of rice ears.
In other words, under the same field management conditions, we can assume that there
will be no big differences in the volume of the ears, and the main determinant of rice yield
is rice planting density. Therefore, the method of estimating rice yield through an image
segmentation algorithm is not valid.

Figure 7. Segmentation result of the rice images: (a) SVM segmentation method; (b) K-means
segmentation method; (c) manual segmentation in Photoshop.

Table 3. Rice ear segmentation accuracy and coefficient of determination (R2) for regression between
mature rice density and rice ear segmentation area pixels.

Method Rice Ear Segmentation Accuracy Rice Ears Number Predicting Accuracy

SVM 0.5183 0.0817
K-means 0.7109 0.1949

Manual segmentation 1 0.2541
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Figure 8. Segmentation accuracy of rice ear region: (a) SVM segmentation method; (b) K-means
segmentation method.

Figure 9. Cont.
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Figure 9. Prediction accuracy of the rice ears number with its total pixel value: (a) SVM segmentation
method; (b) K-means segmentation method; (c) manual segmentation in Photoshop.

3.3. Estimation of Rice Density Using CNN

Unlike the connected domain characteristics regression model, the performance of the
deep convolutional neural network for density estimation of the healthy rice or rice with
disease in ripening stage was much better and steadier. Compared with traditional image
processing methods, the ability of the convolutional neural network trained for rice density
estimations significantly improved with mAP 95.42% in the no infection rice images set,
98.84% in the mild infection rice images set, 94.35% in the moderate infection rice images
set, and 93.36% in the severe infection rice images set (Figure 10). Notably, YOLOv4 models
can effectively predict mature rice density, even though the ears and leaves of diseased rice
have no obvious difference in appearance. In contrast, even the most capable characteristics
of connected domains of rice panicles (number) performs poorly and without stability
under various health conditions of rice, and the R2 dropped to zero in diseased rice.
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Figure 10. The recall rate and AP of the model on the test set, with no infection rice images (a); mild
infection rice images set (b); moderate infection rice images set (c); and severe infection rice images (d).

3.4. Robustness of CNN

In order to verify the robustness of the model, we used the model to predict the
no infection, mild infection, moderate infection, and severe infection rice images. The
prediction results of rice images in four health states are shown in Figures 11 and 12. The
mAP, R2, RMSE, and MAPE evaluation parameters of the model were used to verify the
robustness of the model for the monitoring of rice density in different health states. The
analysis results of the model are shown in Table 4. It can be seen from the table that the
R2 of the deep neural network model for predicting rice density reaches 0.844, which is
significantly higher than the rice density prediction model established by traditional image
processing. Notably, the number of rice predictions on healthy rice images was more likely
to be larger than the true value. In addition, the number of predictions on diseased rice
images was generally lower than the true value in Figure 12, and the performance of the
model in detecting diseased rice was slightly reduced, but overall the detection accuracy
remained relatively accurate and stable. The detection accuracy on healthy rice images
was slightly lower than that of mildly infected rice. After observing healthy rice images
and testing results, the reason may be that the thousand-grain weight of healthy rice is
larger than that of diseased rice, which results in ear head bifurcation due to the grain
weight, which the model mistakenly regarded as multiple ear heads rather than a single
ear (Figure 11a). The performance of the model in the image of diseased rice was slightly
worse. The reason may be that the diseased rice ears are more likely to overlap, and the
rice ears could easily appear as a disjointed phenomenon, which makes the model prone to
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misdetection. These also explains the reason that when the model predicted the number of
healthy rice ears, the predicted value was often greater than the true value; when predicting
diseased rice, the predicted value was often less than the true value.

Figure 11. The model test results for no infection rice images set (a); mild infection (b); moderate
infection (c); and severe infection (d).

Table 4. The analysis results of the model.

Test Data Type Model

mAP (%) R2 RMSE MAPE

No infection rice images 95.42 0.841 0.837 0.055
Mild infection rice images 98.84 0.844 1.001 0.107

Moderate infection rice images 94.35 0.735 2.387 0.188
Severe infection rice images 93.36 0.712 1.414 0.154
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Figure 12. The observed rice ear number vs. predicted rice ear number for no infection rice (a); mild
infection (b); moderate infection (c); and severe infection (d) diseased rice images.

3.5. Density Prescription Map Generation

The orthomosaic map of the mature stage of rice was divided into sub-images using
a script file written inVisual Studio; the size of the sub-image was the same as the image
for the model training. The model was used to detect the ears of rice in the sub-images for
getting the number of rice ears in each image and outputting it to an Excel file for storage.
We used ArcGIS software to extract the region of interest from the rice orthomosatic image,
resample (the resample size is the same as the size of the sub-image), convert the grid to
points, and output the latitude and longitude coordinates of each point to an Excel file.
The geographic coordinates of the image and the number of ears of rice had a one-to-one
correspondence, and were integrated into an Excel file. Finally, based on this file, ArcGIS
was used to generate a density prescription map, as shown in Figure 13.
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Figure 13. Rice Density Prescription Map.

4. Discussion

In this study, different methods have been tried to retrieve rice density based on UAV
visible light images. The experimental results obtained are discussed in detail below: the
rice ear segmentation method based on traditional image processing methods, the rice
image segmentation based on machine learning, the regression statistics of the segmented
rice ear area and rice ears number, and the rice ear target detection method based on deep
learning, and the method of generating rice density prescription map.

When using traditional image processing methods for segmentation, in addition to
color features, many researchers have added many other features of the image, such as
texture features, to improve the segmentation accuracy of the algorithm. It can be seen that
the traditional image processing technology has poor robustness.
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The robustness of image segmentation methods based on traditional image processing
and machine learning is poor. The reason for this problem is that image segmentation
features are manually extracted, and this method cannot adapt to the complex field en-
vironment [24–27]. We used 125 images to analyze the accuracy of image segmentation
by the machine learning algorithm. In Figure 8, we can see that the segmentation effect
between images is very different. Therefore, our results are in line with this conclusion. The
regression result of the rice ear area and the number of rice ears obtained by the K-means
image segmentation method was R2 = 0.1949. In order to eliminate the doubt that the
poor accuracy of the regression model for the number of ears of rice may be caused by the
unsatisfactory results of the image segmentation of the machine learning algorithm, we
manually segmented 125 images as the real rice ear area, and performed regression analysis
with the actual number of rice ears. The result was R2 = 0.2541. Therefore, we concluded
that the method of image segmentation for rice density detection may be unreliable. Some
scholars have tried to use image segmentation to calculate the number of rice plants [62]
or predict the yield of rice [63]. Cao et al. [62] used the BP neural network algorithm to
extract rice ears from drone rice images and performed a regression analysis to show that
the image segmentation method can accurately extract the rice ears number between the
connected domains of segmenting the image and the rice ears number. We concluded that
she was able to draw this conclusion because the density of the collected rice images was
low, and there was almost no overlap between rice ears. However, under high-density rice
planting conditions, the probability of overlapping between rice ears greatly increased. The
regression statistics accuracy of the number of rice ears segmentation alone may also be
greatly decreased. In order to achieve high-accuracy rice density statistics, we recommend
that the object detection method is more suitable for density statistics under a variety of
rice planting conditions than image segmentation method. Similarly, Xiong [63] used a
digital camera to collect rice images, a deep neural network algorithm to segment rice ears,
and performed regression analysis of rice ear area and yield. The best fit of the model was
R2 = 0.57. The rice ears in the field will inevitably be cross-overlapped. We can assume an
extreme phenomenon that two ears of rice overlap completely; the rice ears area statistics
based on image segmentation can only calculate the area of one rice ear. However, the real
situation is two rice ears. The probability of this situation occurring in a real paddy field
is very small. However, through the regression analysis between the rice ear number and
area of the manually segmented image and this extreme phenomenon assumption in the
article, we recommend that using target detection to realize the statistics of rice density is
more reasonable.

The detection accuracy of rice ear target detection based on deep neural network was
significantly higher than that based on traditional image processing. The best result of
traditional image processing technology for the rice ear statistical model was R2 = 0.396.
The accuracy of the deep neural network regression model in the rice ear target detection
was R2 = 0.781. Especially for diseased rice, the detection accuracy of the model has been
greatly improved, with R2 increased from 0 to 0.844. However, in checking the monitoring
results of the neural network, we found that due to the grain weight of the rice ears at
maturity, ear head bifurcation happened, resulting in repeat detection. There was also a
phenomenon of missed identification in the serious overlapping rice ears. Under normal
circumstances, the difference between the rice density at the flowering stage and the mature
stage is not obvious, so we can collect the rice flowering stage images, train the network
model, and establish the density prescription map, which can further improve the accuracy
of the prescription map. YOLOv4 has the ability to detect both large and small targets in
an image [59]. By analyzing rice images, we found that there is not much difference in
the shape and size of the rice ears. In the task of rice ear target detection, the performance
of the YOLOv4 model may not be fully utilized. Considering the large amount of data
collected by drones and the shape characteristics of rice ears, our next step is to simplify
the YOLO model and improve the speed of target detection without sacrificing detection
accuracy.
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5. Conclusions

This paper proposed a new method for rice density estimation at the rice ripening
stage based on high resolution UAV images. To the best of our knowledge, this was the
first exploration of density map estimation by using a deep neural network. We used
an excellent target detection network, YOLO series, to improve the accuracy of rice ear
detection. It provided a steady rice ear counting method throughout the ripening stage,
where the traditional image processing technology has poor capability. Through operating
the SVM, K-means and manual segmentation in Photoshop segmentation methods to rice
ear target number regression, we found that image segmentation method was not valid for
rice density prescription map production.

This study illustrated the effectiveness of deep convolutional neural network technique
for rice density prescription map production using UAV-based imagery and offers a promis-
ing deep learning approach for mature paddy rice density prescription map production
method as RGB data at a very high spatial resolution become increasingly available.
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