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Abstract [ Objectives ] To explore a rapid detection method of sweet cherry fruits in natural environment. [ Methods] The cutting-edge

YOLOv4 deep learning model was used. The YOLOv4 detection model was built on the CSP Darknet5 framework. A mosaic data enhancement

method was used to expand the image dataset, and the model was processed to facilitate the detection of three different occlusion situations; no

occlusion, branch and leaf occlusion, and fruit overlap occlusion, and the detection of sweet cherry fruits with different fruit numbers.
[Results ] In the three occlusion cases, the mean average precision (mAP) of the YOLOv4 algorithm was 95.40% , 95.23% , and 92.73% ,
respectively. Different numbers of sweet cherry fruits were detected and identified, and the average value of mAP was 81.00% . To verify the
detection performance of the YOLOv4 model for sweet cherry fruits, the model was compared with YOLOv3, SSD, and Faster-RCNN. The mAP
of the YOLOv4 model was 90.89% and the detection speed was 22.86 {/s. The mAP was 0.66% , 1.97% , and 12.46% higher than those of
the other three algorithms. The detection speed met the actual production needs. [ Conclusions ] The YOLOv4 model is valuable for picking

and identifying sweet cherry fruits.

Key words YOLOv4, Deep learning, Target detection, Sweet cherry

1 Introduction

With constant increase of China’s agricultural production in
scale, intensification, and precision, the demand for intelligent and
automated agricultural smart equipment is also increasing rapidlym .
However, major fruit harvesting methods still depend on manual
picking, which is costly and labor intensive. Sweet cherries, also
known as cherries, or big cherries, are favored by consumers be-
cause of their taste. According to the Food and Agriculture Organi-
zation, China’s sweet cherry cultivation area in 2019 was about 268
800 ha, with an annual output of 2. 196 million t, which brought

considerable economic benefit to China>™*'.

However, due to the
short maturity period of sweet cherry fruits, a large amount of labor
is required for picking. With the acceleration of urban development
in China, the number of people engaged in agriculture is decrea-
sing, and the harvesting of sweet cherries is facing problems such as
labor shortages and increasing picking costs. Automated picking can
effectively solve these problems. Target detection is a key challenge
for automated picking. Therefore, a fast and efficient target detec-
tion method can effectively improve the efficiency of automated cher-
ry picking, and it is in line with the automation of China’s agricul-
tural production. This technology could address the development
need for intelligent agricultural equipment.

The fast and accurate detection of sweet cherry fruits in a natu-
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ral environment is the key to automatic cherry picking. The recogni-
tion of cherry fruits against a complex background of fruit trees is af-
fected by many factors; overlap and occlusion between fruits, occlu-
sion by leaves, and complex natural light and environment changes.
At present, there are two main types of automated target detection
methods ; traditional method and deep learning method" .

The traditional target detection method combines image pro-
cessing and machine learning. It generally involves the following
steps: (i) the image is pre-processed, (ii) the target feature is ex-
tracted, and (iii) the feature training classifier is used to achieve
target detection. Extensive studies have been carried out about tra-
ditional approaches to the target detection of crops, including ap-
ples, citrus fruits, kiwis, lychees, tomatoes, and strawberries ® ™,
Cui Yongjie et al. "* used the canny operator to extract edges, and
the Hough transform to identify kiwis, achieving a recognition rate
of 96.9% . Xiong Juntao et al. ' used fuzzy C-means clustering to
identify lychees, with a recognition rate of 95.5%. Si Yongsheng

) [11]

et a used genetic algorithms to identify apples with a recogni-

tion rate of 97%. An apple detection system' showed that this
system could enable robotic apple picking. Fu Longsheng et al. "
used RGB-D (Red, Green, Blue-Depth Map) sensors to detect and
locate fruits to improve the positioning accuracy of robotic picking.
However, traditional target detection has a strong dependence on
human subjectivity, and its universality and robustness in natural
environments are poor.

Deep learning technology has been proposed for target detec-
tion in recent years. The application of deep learning technology has
improved the key technologies relevant to automatic fruit harvesting,

and has greatly improved fruit recognition®’

. Using deep learning,
these methods first mark the target image and train an image model.

Then, they recognize and detect unmarked images. There have been
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extensive studies about the use of deep learning methods to detect

apples, citrus fruits, grapefruits, dragon fruits, tomatoes, kiwis,
(17-3]

. To find a new cherry grading method to replace
L

and mangoes
the traditional method, Liu Fang et a

YOLOV3 model to identify strawberries in complex environments;

used an improved

the mAP (mean average precision) was 87.51% , and the recogni-
tion speed was about 34.99 ms/frame™’. Chen Yan et al. ' im-
proved the YOLOv3 model to recognize lychees. The mAP was
0.94% , and the average detection speed reached 22. 11 frames/s.
Xiong Juntao et al. " used the Faster-RCNN model to identify
green citrus, and achieved an mAP of 85.49% , and a recognition
speed of 0.4 s/frame. Momeny M et al. ™' used a convolutional
neural network (CNN) to detect the appearance of cherries to fa-
cilitate their classification and improve their exportability. Com-
pared with traditional target detection, deep learning technology
can better obtain target identification features and has good univer-
sality and robustness, thus improving sweet cherry fruit detection.

The You Only Look Once (YOLO) network is a general one-
stage target detection algorithm. Using a single convolutional neu-
ral network for processing images, it can classify and identify the
position coordinates of multiple targets. It is fast running, and of-
fers real-time detection™ ™. The most widely used YOLO mod-
els are YOLOv3 and YOLOv4. The YOLO model has not been ex-
tensively applied to fruit recognition. Compared with the YOLOv3
algorithm, the improved YOLOV3 is better for tomato detec-
tion"”). The work of Kuznetsova et al. **' passed the test of robot
detection time by using pre-processing and post-processing to ena-
ble the YOLOv3 algorithm to be used in apple detection, greatly
improving the convenience of robot harvesting. Experiments also
showed that the algorithm could reduce the average detection time,
and the error rate was low. The emergence of the YOLOv4 model
improved the accuracy of the recognition of occluded objects'™" .
The YOLOv4 model performs better then Faster R-CNN,
YOLOv2, YOLOv3, and other algorithms, and can achieve accu-

rate and real-time detection of apple flowers.

In the process of cherry identification, issues such as sweet
cherry occlusion of the fruit by foliage and other fruit, and the
presence of multiple fruits results in relatively low accuracy of rec-
ognition. To address this issue, we used the YOLOv4 model to de-
tect sweet cherry fruits in a natural environment, and to provide
technical support for the picking of high-quality cherries. The per-
formance of three deep learning algorithms ( YOLOv3, SSD (Sin-
gle Shot MultiBox Detector) , and Faster-RCNN) were compared
with that of the YOLOv4 model to explore the practicality of the

YOLOv4 model for use in the natural environment.

2 Materials and methods

2.1 Image acquisition We captured images of sweet cherries
of "Hongdeng" variety on May 9, 2021 and May 11, 2021 at a
sweet cherry plantation in Qingxi Town, Ya’an City, Sichuan
Province, using a Meizu mobile phone. The images were saved as
3000 x4 000 pixel RGB images. The images were taken under
sunny, cloudy, and rainy conditions, from many different angles,
including horizontally, upwards, and overhead. The pictures cov-
ered various complicated situations such as occlusion resulting
from branches and leaves, overlapping fruits, and multiple fruits.
After discarding blurry and overexposed images, 740 experimental
images were retained, of which 500 images were used as a training
set and 240 images were used as a test set.

2.2 Image enhancement To enrich the background of the tar-
get object and obtain enough training images, we randomly select-
ed the images in the training set for data enhancement, and the fi-
nal training set was increased to 800 images. The enhancement
methods included mirroring, rotation, contrast enhancement, color
enhancement, brightness change, and random transformation of
color, as shown in Fig. 1. To prevent overfitting and ensure the re-
liability of the training results, we used some sample images from

the training set as the verification set. Ultimately, we divided the

800 images into verification and training sets at a ratio of 1:9.

Note: a. original image, b. brightness enhancement, c. color enhancement, d. contrast enhancement, e. horizontal mirroring, f. random color change, and

g. image rotation.
Fig.1 Image enhancement
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2.3 Test set division The cherry growth environment and their
different presentations during picking are challenges for automatic
identification. To test the target detection ability of the YOLOv4
model, we divided the 240 pictures in the test set according to
Table 1 shows the results of the

grouping. First, 150 pictures were classed as the occlusion group,

their different characteristics.

including 50 unoccluded images, 50 occluded images featuring
branches and leaves, and 50 overlapped occluded images of fruits.

Table 1 Division of the test set

These images were used to test the model’s ability to recognize
blocked targets. The remaining 90 pictures were classified as the
number group. Thirty of the images had 1 —2 fruits, 30 images had
3 —4 fruits, and 30 images had 5 —6 fruits. These images were used
to test the model’s ability to recognize different numbers of fruits. Fi-
nally, to test the comprehensive recognition ability of the different
models for sweet cherry fruits, the comprehensive group involved a
sample of 200 images randomly selected from the test set.

Group Occlusion group

Number group Comprehensive group

Image type No occlusion Branches and leaves occlusion

Quantity 50 50

Fruit overlap occlusion 1-2 3-4 4-5

Randomly selected
30 30 30 200

3 Methodology

3.1 YOLOv4 model YOLOv4 is an improved version of
YOLOv3 (Fig.2). To enhance the model’s detection ability, the
backbone feature extraction network, darknet-net53, was modified
to CSP darknet-net53, based on the YOLOv3 model. Simultane-
ously, the enhanced feature extraction network was replaced with a
feature pyramid network ( FPN) with spatial pyramid pooling
(SPP) and a path aggregation network (PANet).

In this study, the sweet cherry fruit detection and recognition
model is based on the YOLOv4 algorithm and consists of the fol-
lowing four modules. (i) The center and scale prediction ( CSP)
module divides the original stack of residual blocks into two parts
one continues to stack the residual blocks, and the other is con-
nected to the output after only a small amount of processing, an
approach which can improve the leaming ability of the network.
(ii) The convolution, batch normalization, and Mish ( CBM)
module is used to extract input image features, and includes con-
volution, normalization, and Mish activation function processing.
(iii) The convolution, batch normalization, and Leaky-RelL.U
(CBL) module is also used to extract image features. Unlike the
CBM module, the activation function of this module is Leaky-
ReLU. (iv) The SPP module uses the maximum pooling of differ-
ent scales to pool the input feature layers and then stack them,
which can greatly increase the receptive field.

3.1.1
has two main improvements over darknet-net53. The activation
function of the convolution block (CBL) is modified from Leaky-
ReLU to Mish, to generate a new convolution block (CBM) ; it
uses the cross stage partial network (CSPNet) structure to correct

Backbone feature extraction network. CSP darknet-net53

the residual. The residual module Resblock-body structure has
been improved, as shown in Fig. 3, and the two together enhance
the feature extraction capability of the backbone feature extraction
network.

3.1.2 Enhanced feature extraction network. The enhanced fea-
ture extraction network of the YOLOv3 model uses the FPN struc-
ture (Fig.4). Compared with this structure, the YOLOv4 model
performs a convolution operation on the 13 x 13 feature layer, in-
puts the feature layer to SPPNet, and then convolves the processed
13 x 13 feature layer again before passing it to PANet to repeatedly

extract features.

In SPP, the incoming feature layer is subjected to the maxi-
mum pooling operation with core sizes of 13 x 13, 9 x9, 5 x5,
and 1 x 1, and then, the pooling results are stacked to deliver a
new 13 x 13 feature layer. In PANet, the target feature is extracted
from the bottom up, and then the feature is extracted from the top
down. After repeatedly acquiring feature information, the network
sends stronger information, with core sizes of 13 x 13, 26 x26,
and 52 x 52 features. The application of SSP and PANet in the
YOLOv4 deep learning model expands the field of view of the mod-
el, reduces the loss of information in the feature extraction
process, and further enhances the feature extraction ability of the

model.
3.2 Model training
3.2.1 Experimental operation platform. To train the detection

model , a computer with an Intel Core (TM) i7-10750H processor,
a main frequency of 2. 60 GHz, 16 GB of memory, and an NVIDIA
RTX2060 GPU was used. The computer system used Windows 10,
the CUDA version was 10. 0, the cuDNN version was 7.4. 1.5,
Anaconda 3 was used to configure the virtual environment, and
Visual Studio Code was used as the editor. We also used Python
3.6.13, the compilation script was PyCharm, PyTorch 1.2.0, and
Torchvision 0.4. 0.

3.2.2 Training parameter settings. The training model used a
migration learning strategy with the Adam optimizer to train for a
total of 200 generations. The backbone feature extraction network
was frozen for the first 100 generations, and all parameters were
trained for the last 100 generations. The initial learning rate of
training was frozen at (learning rate) Ir = 107>, and the Co-
sineAnnealingl.R ( cosine annealing method ) was used to adjust
the learning rate, where T-max =5, eta-min = 10 and batch
size (training batch) =16. After unfreezing, the initial learning
rate was Ir =10 ", and CosineAnnealingLR was used to adjust the
learning rate, where T-max = 5, eta-min = 107", and batch
size =2.

3.2.3 Training results and evaluation. In this study, it took
about 5 h to train the YOLOv4 model. There were 200 training
generations using 800 images, and the changing trend of its loss
function (Loss) is shown in Fig. 5.



Ting LIU et al. Detection Method for Sweet Cherry Fruits Based on YOLOv4 in the Natural Environment 69

CSP-Darknet53

-» CBL UpSampling

» CBL

PANet

CBL5—» CBL UpSanpling i
CBLS—# CBL Conv—

M » CBL

I—le.

CBLS—> GBL m——»'

Lb CBL

CBLS—p CBL Conv—

3

Fig.2 YOLOW4 structure

M| -
N .

b

Note: a. Before improvement; b. After improvement.
Fig.3 Schematic diagram of CSPNet

wo s

13*13 ? » CBLS——>

Fig.4 The FPN in YOLOV3

The Loss of the model dropped rapidly in the first 20 training
generations, from 1 858 to 10, and then the decline slowed until
the Loss value stabilized at about seven before the thaw training.
After thaw training, the Loss value slowly decreased again. After

40 generations, the Loss value stabilized at around 3. 6 until the

end of the training. The cherry detection experiment used the
training results of the 193" generation, where Train Loss =

3.638 6, and Vail Loss =4.022 0.
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Fig.5 Curve of Loss value changes

Precision (accuracy) , recall, and mAP were used to evaluate
the model, with the mAP as the core evaluation index, and the
confidence was set to 0.5. The proportions of True positive (TP) ,
False positive ( FP) , and False negative (FN) results were evalu-
ated.

Precision = TP/ (TP + FP) (1)
Recall =TP/(TP + FN) (2)
mAP =1/C([,P(R)dR) (3)

where C is the number of categories.

4 Results and discussion

4.1 Overcoming occlusion problems There are many factors
which can interfere with the recognition of sweet cherry fruits in a
natural environment, include the occlusion of fruits by natural fea-
tures (Fig.6). The YOLOv4 model was used for the detection of
sweet cherry fruits under different occlusion conditions, and the ro-
bustness of the model was tested. The experimental results are

shown in Table 2.
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Note: a. Images with no occlusion; b. Images of branch and leaf occlu-

sion; c. Images of fruit overlap occlusion.
Fig.6 Recognition of sweet cherry fruits under different occlusion
conditions

Table 2 Results of fruit recognition by the YOLOv4 model in different

occlusion situations %
Occlusion category Precision Recall mAP
No occlusion 98.68 89.29 95.40
Branch and leaf occlusion 94.62 88.00 95.23
Fruit overlap occlusion 96. 40 87.01 92.73

The mAP values of the YOLOv4 model under the three condi-

tions of no occlusion, branch and leaf occlusion, and fruit overlap
occlusion were 95.40% , 95.23% , and 92.73% , respectively.
The mAP value was stable above 90% under different occlusion
conditions. Therefore, the model could effectively solve the prob-
lem of occlusion, and detect occluded sweet cherry fruits under
natural conditions.
4.2 Recognition of different numbers of fruits With the in-
crease in the number of sweet cherry fruits, phenomena such as
adjacent fruits and overlapping fruits will occur during detection.
This phenomenon can affect fruit identification. Therefore, the
ability of the YOLOv4 model to detect the number of fruits is of
great significance. The sweet cherry fruit pictures were divided in-
to three groups, containing 1 =2, 3 =4, or 5 -6 fruits, as shown
in Fig. 7. The experimental results are shown in Table 3.

Table 3 shows that the average mAP value for different num-
bers of sweet cherry fruits detected by the YOLOv4 model was

81.00% , which meets the identification requirements for different
numbers of fruits in natural environments. When the number of
sweet cherry fruits increased from 1 —2 to 3 =4, the mAP value
decreased by 7.45% , and when the number increased from 3 —4
to 5 -6, the mAP value decreased by 9.91% . We concluded that
the model detected capacity decreased as the number of cherries
increased. The reason for this phenomenon is as follows: when the
number of fruits increases, the phenomenon of adjacent and over-
lapping fruits increases, the probability of being blocked by bran-
ches and leaves increases, and hence the difficulty of identification

increases.

Note: a. 1 =2 fruits; b. 3 =4 fruits; c¢. 5 -6 fruits.

Fig. 7 Recognition results of different numbers of sweet cherry
fruits

Table 3  Recognition of different numbers of fruits by the YOLOv4

model %
Number of cherry fruits ~ Precision Recall mAP
1-2 95.92 85.45 89.27
3-4 94.67 72.45 81.82
5-6 96.30 64.20 71.91
Average value 95.63 74.03 81.00

4.3 Performance of different models
of the use of the YOLOv4 model to detect sweet cherry fruits, in
this section experiments into the use of a common deep learning

To investigate the value

model are discussed. The results are shown in Table 4.

Table 4 Comparison of the recognition performance of different models for sweet cherry fruits

Models Image resolution Precision // % Recall // % mAP // % Detection rate // fps
YOLOv4 416 x416 95.88 83.90 90. 89 22.86
YOLOv3 416 x416 93.68 87.92 90.23 30.89
SSD 300 x 300 90.89 80.30 88.92 51.02
Faster-RCNN 600 x 600 69.03 82.63 78.43 11.89




Ting LIU et al. Detection Method for Sweet Cherry Fruits Based on YOLOv4 in the Natural Environment 71

As shown in Table 4, the mAP values of YOLOv4 were
0.66% , 1.97% , and 12. 46% higher than those of YOLOvV3,
SSD, and Faster-RCNN, respectively. For YOLOv4, the preci-
sion was the highest among the four models, and the recall was
slightly lower. Therefore, the YOLOv4 model performed well at
recognizing sweet cherry fruits, and the detection speed met the
actual production needs.

5 Conclusions

In this study, we used the YOLOv4 model to detect sweet
cherry fruits in a natural environment. Using images representing
different occlusion conditions and different numbers of cherries,
we compared the detection performance of different models, and
finally reached the following conclusions. (i) The performance of
YOLOv4 was tested under various occlusion conditions. The mAP
values of the model under conditions of no occlusion, branch and
leaf occlusion, and fruit overlap occlusion were stable at above
90% , indicating that the YOLOv4 model can effectively identify
sweet cherry fruits that are obscured in a natural environment.
(ii) We tested the detection ability of YOLOv4 on 1 -2, 3 -4,
and 5 —6 fruits. The average mAP of detection was 81.00% , and
the mAP values of the different experimental groups were
89.27% , 81.82% , and 71.91% . The model meets the detection
requirements for different numbers of sweet cherry fruits in a natu-
ral environment, but the detection ability of the model decreased
with the increase in the number of fruits, and further improvement
in multi-fruit recognition is needed. (iii) A comparison of the de-
tection capabilities of YOLOv4 and three commonly used deep
learning models for sweet cherry fruits, found that the mAP values
of YOLOv4, YOLOv3, SSD, and Faster-RCNN were 90. 89% ,
90.23% , 88.92% , and 78.43% , respectively. The mAP value
of YOLOv4 was higher than that of the other three models. The
YOLOv4 model had practical advantages in recognizing sweet
cherry fruits, and the detection speed of the YOLOv4 model meets
actual production needs. In summary, the YOLOv4 deep learning
model can effectively detect sweet cherries in a natural environ-
ment, and provides technical support for automatic sweet cherry
picking.
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ti-KHV through in vitro experiments. However, its mechanism of
action and the effects of in vivo experiment still need to be further
studied in depth. Through this experiment, we found the maximum
non-toxic concentration was <31.25 pg/mL) and the optimal
therapeutic concentration of the P. cuspidatum anthraquinone ex-
tract was 31.25 pug/mL. This is expected to lay a theoretical foun-
dation for the follow-up research on the anti-KHV of the P. cuspi-
datum anthraquinone extract.
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