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Abstract: Tea plants are one of the most widely planted agricultural crops in the world. The traditional
method of surveying germination density is mainly manual checking, which is time-consuming and
inefficient. In this research, the Improved YOLOv5 model was used to identify tea buds and detect
germination density based on tea trees canopy visible images. Firstly, five original YOLOv5 models
were trained for tea trees germination recognition, and performance and volume were compared.
Secondly, backbone structure was redesigned based on the lightweight theory of Xception and
ShuffleNetV2. Meanwhile, reverse attention mechanism (RA) and receptive field block (RFB) were
added to enhance the network feature extraction ability, achieving the purpose of optimizing the
YOLOv5 network from both lightweight and accuracy improvement. Finally, the recognition ability
of the Improved YOLOv5 model was analyzed, and the germination density of tea trees was detected
according to the tea bud count. The experimental results show that: (1) The parameter numbers of the
five original YOLOv5 models were inversely proportional to the detection accuracy. The YOLOv5m
model with the most balanced comprehensive performance contained 20,852,934 parameters, the
precision rate of the YOLOv5m recognition model was 74.9%, the recall rate was 75.7%, and the
mAP_0.5 was 0.758. (2) The Improved YOLOv5 model contained 4,326,815 parameters, the precision
rate of the Improved YOLOv5 recognition model was 94.9%, the recall rate was 97.67%, and the
mAP_0.5 was 0.758. (3) The YOLOv5m model and the Improved YOLOv5 model were used to test
the validation set, and the true positive (TP) values identified were 86% and 94%, respectively. The
Improved YOLOv5 network model was effectively improved in both volume and accuracy according
to the result. This research is conducive to scientific planning of tea bud picking, improving the
production efficiency of the tea plantation and the quality of tea production in the later stage.

Keywords: improved YOLOv5; Xception; ShuffleNetV2; receptive field block; tea bud recognition;
germination density

1. Introduction

Tea trees are one of the most widely planted agricultural and forestry crops in the
world. At present, more than 50 countries and regions in the world have a tea planting
industry, and the planting scale continues to increase. Tea buds can be processed into tea
leaves and related products after maturation, which is a worldwide renowned beverage.
In the past decade, world tea consumption has increased by 4.5% every year. According
to the data, in 2020, China’s tea production increased to 2.97 million tons, and the output
value exceeded 250 billion yuan, making a major contribution to the global tea industry [1].
According to the FAO (Food and Agriculture Organization of the United Nations), total
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world tea production will reach 8 million tons by 2027. The technology of quick access to tea
plastination information is the core technology of tea plastination automation management,
and it has become a bottleneck problem restricting the development of tea plastination
automation management. Germination density is one of the identification indexes of yield
traits, which is closely related to the yield of tea. Through germination density information
of tea plantations, researchers can estimate the early yield, which is important for tea
plantation managers to master crop growth conditions and adjust production management
measures in the later stage. At present, the method of manual counting is often used
to count the tea trees germination density information in the germination information
detection, which has the problems of long time, high cost, and poor accuracy.

In recent years, with the development of image recognition algorithms and deep
learning algorithms, many innovative technologies have been applied to agriculture and
forestry work, including crop recognition and yield prediction. Zhang et al. [2] used
the improved CNN (convolutional neural networks) for target recognition of apple trees
canopies under the condition of full leaves, and the average recognition accuracy reached
95%. Huang et al. [3] optimized the YOLOv5 (“You Only Live Once” Algorithm Vision 5)
network based on the CBAM (convolutional block attention module) and data enhancement
to improve the generalization ability of the model. ASFF (adaptive fusion feature) and L2
regularization were also used in this research to solve the low recognition effect caused
by the overlap of fruit and leaves. Koirala et al. [4] built a deep learning detection model
named “Mango YOLO” based on YOLOv3 and YOLOv2 (tiny) models. The F1 score of
this network model in fruit image detection is 0.97, and this network is recommended
for mango recognition. At the same time, the research also counts the detection results
and estimates the output of the whole orchard combined with the correction factor of
hidden fruits. To solve the problem of target recognition confusion caused by the color
similarity between immature fruits and background (leaves), Lyu et al. [5] proposed a
lightweight YOLOv5 CS (Citrus Sort) target detection model to achieve target detection
and accurate counting of green citrus in natural environment, while improving the speed of
image processing. Deb et al. [6] proposed an LS (location-sensitive) net convolution neural
network for leaf recognition of rosette plants to solve the problem of accurately segmenting
and recognizing leaves when multiple leaves overlap in images with complex backgrounds
and achieved better results than other networks. Baweja et al. [7] used stereo vision, Hough
transform, and FCN (fully convolutional networks) to distinguish sorghum stems from the
background at pixel level. Li et al. [8] used FCN, unary brightness transformation, and
pairwise region comparison to distinguish cotton bracts from background.

In the field of crop identification in agriculture and forestry, many researchers have
conducted relevant research and achieved good results. However, there are complex
environments in the tea plantations, including uncontrolled lighting and a high degree
of similarity between the foreground area and the background (leaves). Therefore, the
identification of fresh tea leaves in the complex environment of tea plantations is a difficult
issue of research in this field. Kamrul et al. [9] applied three classification algorithm
network models, VGG16 (very deep convolutional networks with 16 layers), CNN, and
R-CNN (region-CNN), to identify fresh tea leaves, and the recognition accuracy of the three
models all exceeded 92%. Wei et al. [10] identified and classified fresh tea leaves based
on fluorescence imaging tea images, and used two CNN models VGG16 and ResNet-34
for model training, respectively. The results show that the performance of the VGG16
model is better than the ResNet-34 model, and the recognition accuracy reaches 97.5%.
Chen et al. [11] used machine vision to classify and recognize fresh tea flakes (FTL). The
topological structure of FTL is established to extract the shape-based features of each
FTL, and the support vector machine model is used for classification. The experimental
results show that the performance of the vision-based recognition method is good, with
the accuracy of 94% and 85%. Cui et al. [12] proposed a tea recognition method based
on L-CNN-SVM (lightweight convolutional neural network and support vector machine),
aiming to realize tea recognition using wavelet eigenmap generated by decomposition and
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reconstruction of wavelet time-frequency signals. The model was tested in the hyperspectral
image datasets of black tea, green tea, and yellow tea, and the accuracy of the model
reached 98.7%. Yan et al. [13] improved a lightweight convolutional neural network
MC-DM (multi class DeepLabV3 + MobileNetV2) based on DeepLabV3+ to segment tea
germination images. The spatial pyramid pool module is introduced to improve the pixel
sampling ability and increase the receptive field. At the same time, the network lightweight
design based on MobileNetV2 improves the efficiency and accuracy of segmentation.
Chen et al. [14] solved the problem that tea buds and complex background in tea canopy
images are difficult to identify and picking points are difficult to determine. A combination
of machine vision and deep learning is proposed to identify fresh tea buds in the field and
determine the picking points. The fast region-based convolutional neural network (faster
R-CNN) was trained to identify and segment tea buds and background leaves, and then the
full convolutional network (FCN) was trained to identify plucking points in tea buds. The
faster R-CNN model achieved a precision of 79% and a recall of 90%. The FCN achieved a
mean accuracy of 84.91% and a mean intersection-over-union of 70.72%. However, there
are still some problems with the current research. Studies on tea bud recognition are mostly
applied in single plant images. In actual tea gardens, the connected area of tea trees is larger,
and there is a lack of relevant research on large area tea bud recognition and detection.
At the same time, some deep learning networks have high complexity and large model
size, which require harsh operating environment. These networks are not conducive to
mobile terminal deployment, so it is difficult to realize the field application of tea trees
information detection.

The main purpose of identifying agricultural crops is density calculation, then yield
prediction and load estimation can be carried out. Tatsumi et al. [15] applied traditional ma-
chine learning to compute and recognize the high-altitude images of tomato gardens, and
established models to predict tomato biomass and yield. Lu et al. [16] extracted fruit and
crown features based on the improved CA-YOLOv4 network for crop load management.
Other researchers estimate crop biomass based on drone imagery and machine learning
and deep learning methods; crops include wheat [17], rice [18], maize [19], and barley [20].
Most of these density identification methods cannot reconcile the recognition accuracy with
the operational efficiency, which makes it difficult to achieve the application of real-time
detection task in plantations. Therefore, according to the application of tea tree germination
detection, this research improved YOLOv5 from model lightweight and model accuracy by
combining lightweight model design, attention mechanism, spatial pyramid optimization,
and other theories. The Improved YOLOv5 model identified and counted tea buds in
images to calculate the tea trees germination density, and its general framework is shown
in Figure 1. This rapid detection method of tea trees germination density is helpful for the
automatic management of tea plantations.
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Figure 1. Research general framework.

2. Materials and Methods
2.1. Experimental Subject

Fuding White Tea (Camellia sinensis cv. Fuding-dabaicha) are clonal varieties of tea plant,
small trees type, middle class, and early species. The Fuding white tea plant is 1.5~2 m
high and 1.6~2 m wide, with semi-open tree potential for small tree types. The branches
are dense, and the internodes are long. The bark is gray, leaves are elliptic, apex acuminate
and are slightly pendulous, base is slightly obtuse, and leaf margin is slightly upward.
This is usually up to 12 cm × 5.4 cm, and the average aspect ratio is 2.2. The leaves are
yellow-green and shiny. The lateral veins are distinct, with 7–11 pairs. They are serrated
more neat, obvious, with 27–38 pairs. Mesophyll is slightly thick and still soft. One bud
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and two leaves are 5.1 cm long, and 100 buds weigh 23 g. They are suitable to produce
green tea, black tea, and white tea.

2.2. Tea Trees Germination Images Acquisition

The tea trees germination images acquisition experiment was carried out in the tea
plantation of Yongchuan District, Chongqing, during the tea bud harvesting period in
March 2020. The sprouted Fuding white tea trees were selected as the experimental object;
each experimental tea tree was numbered and marked. Five cross image acquisition areas
were selected on the canopy of each experimental tea tree, and each image acquisition area
was marked with a 1 square foot box, as shown in Figure 2.
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Figure 2. Fuding white tea trees.

Generally, the germination of Fuding white tea trees starts from 9 a.m. to 11 a.m. During
this period, a Sony DSC-RX100M4 camera was used to acquire images. The parameters of
the camera are shown in Table 1. Images were taken vertically from each image acquisition
area. When collecting images, the height of the lens is 20–40 cm away from the tea buds.
Images were taken every two days. A total of 360 images taken from 72 experimental
tea trees were obtained to ensure that the tea trees germination images database was
widely representative.

Table 1. Sony DSC-RX100M4 camera.

Camera Lens ISO Speed Resolution Maximum Aperture

Zeiss Vario-Sonnar T ISO-125 3648 × 2736 F1.8(W)~2.8(T)

2.3. Image Processing

The steps of image processing are as follows:

1. Cut the original image into four pieces of one size;
2. Label the buds in the image to obtain the ground truth box anchor coordinates;
3. Check the database (delete the redundant image and empty xml file, and check

whether the ground truth box is correct);
4. Data enhancement.

The flowchart of image processing steps is shown in Figure 3.
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Figure 3. Flowchart of image processing steps.

Due to the high spatial resolution of the image, the original image is cut into four
pieces of one size after removing the excess parts outside the marker box, as shown in
Figure 4, to further expand the amount of sample data and improve the effect of training
network. The dataset contains a total of 1440 tea trees germination images.

Forests 2022, 13, x FOR PEER REVIEW 5 of 25 
 

 

2.3. Image Processing 

The steps of image processing are as follows: 

1. Cut the original image into four pieces of one size; 

2. Label the buds in the image to obtain the ground truth box anchor coordinates; 

3. Check the database (delete the redundant image and empty xml file, and check 

whether the ground truth box is correct); 

4. Data enhancement. 

The flowchart of image processing steps is shown in Figure 3. 

Image cropping Labeling the buds Image enhancementDatabase checking

 

Figure 3. Flowchart of image processing steps. 

Due to the high spatial resolution of the image, the original image is cut into four 

pieces of one size after removing the excess parts outside the marker box, as shown in 

Figure 4, to further expand the amount of sample data and improve the effect of training 

network. The dataset contains a total of 1440 tea trees germination images. 

 

Figure 4. Data set image sample. 

Before training the YOLOv5 model, the picture should be labeled with the ground 

truth box according to the target, and the anchor coordinate data of the category box 

should be obtained and converted into a file format that can be recognized by YOLOv5. 

Labelimg software (vision 1.8.6) was used to create a labeling box to label each tea bud 

target in the canopy image, as shown in Figure 5, with 29,085 tea buds labeled in total. A 

total of 80% of the tea trees germination images of each plot and each scene were randomly 

selected as the training set and the other 20% as the validation set to construct the tea trees 

germination database. 

Figure 4. Data set image sample.

Before training the YOLOv5 model, the picture should be labeled with the ground
truth box according to the target, and the anchor coordinate data of the category box should
be obtained and converted into a file format that can be recognized by YOLOv5. Labelimg
software (vision 1.8.6) was used to create a labeling box to label each tea bud target in
the canopy image, as shown in Figure 5, with 29,085 tea buds labeled in total. A total
of 80% of the tea trees germination images of each plot and each scene were randomly
selected as the training set and the other 20% as the validation set to construct the tea trees
germination database.
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After the dataset is loaded into the model, the proposed prior box information is
obtained by clustering analysis based on k-means algorithm. The YOLOv5 network adopts
the mosaic data enhancement method and provides 4-mosaic and 9-mosaic two data
enhancement methods. As tea buds are relatively small targets in the canopy background,
4-mosaic data enhancement method is adopted, and the enhanced image example is shown
in Figure 6.
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2.4. YOLOv5 Network

YOLO network is a region-free object detection algorithm, which has the characteristics
of faster detection speed and good overall feature extraction effect. Its basic network
structure is shown in Figure 7 [21].
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In 2020, Glenn Jocher of UitralyticsLLC launched the YOLOv5 network on GitHub [22].
The network structure of YOLOv5 is shown in Figure 8, which is mainly composed of the
input, backbone, neck, and head [23].
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The input of the YOLOv5 network mainly features three designs: mosaic data enhance-
ment module, adaptive anchor box calculation, and adaptive image scaling. The backbone
in the YOLOv5 network consists of focus structure and CSP structure. The neck in the
YOLOv5 is a combination of FPN + PAN structure. The output master of the YOLOv5
network uses CIOU_Loss as the bounding box loss function and weighted non-maximum
suppression (nms) [24].

The YOLOv5 network has a total of five model structures: YOLOv5n, YOLOv5s,
YOLOv5m, YOLOv5l, and YOLOv5x. These five model structures are consistent in architec-
ture. Only the depth and width of the model are extended and reduced, and the accuracy
and speed are different.

2.5. Model Optimization Theory

Although YOLOv5 is an advanced and mature target detection model, there are still
some optimization possibilities in model efficiency and recognition effect. The YOLOv5
network is composed of the input, backbone, neck, and prediction. Therefore, the opti-
mization process of the improved YOLOv5 is also introduced in this order. The design of
the improved YOLOv5 was based on the Python language and programmed in JetBrains
PyCharm software (vision 2019.1).

Reverse attention mechanism (RA) focuses on the reverse ground truth, which can
amplify the reverse response in the confused region, then obtain higher resolution and
better boundary recognition effect [25]. The principle of RA is shown in Equation (1).

Ri = fi
⊙

Ai (1)

where Ri represents the output reverse attention feature; fi represents the feature of high-
level side output; and Ai notices the weight in reverse. The inverse attention weight Ai is
calculated as Equation (2).

Ai = �(σ(ρ(Si+1))) (2)

where ρ() represents the up-sampling operation, σ represents sigmoid function, and �() is
from the 1 minus the input of the inverse operator matrix e.
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FReLU expands ReLU and PReLU into 2D activation functions with only a small
amount of computational burden and improves the overall image recognition ability of the
model [26]. The principle of FReLU is shown in Equation (3).

y = max(x, T(x)) (3)

where T(x) represents the spatial context feature extractor, the max() conditions of the ()
function (previously ReLU x < 0) are replaced by 2D funnel conditions, and solving the
problem of the activation function of the space is not sensitive.

CARAFE lightweight up-sampling operator further reduces the number of param-
eters and computational cost of the model [27]. The principle of CARAFE is shown in
Equations (4) and (5).

wl′ = ψ(N(xl , kencoder)) (4)

x′l′ = ∅
(

N
(
xl , kup

)
, wl′

)
(5)

where ψ represents the kernel prediction module; wl′ is the kernel; x represents the feature
map; and x′ represents a new feature map generated by up-sampled kernel recombination.
For any target position l′ of x′, there is a corresponding source position l at input x, and
N(xl , k) is expressed as a k× k subregion of x centered at position l.

Compared with the original loss function, BCE with logits loss function improves
the mutual exclusivity of classes. Considering the dichotomous application of tea bud
recognition, this loss function optimization can maintain the recognition accuracy of the
model. The principle of BCE with logits loss function is shown in Equation (6).

Loss = {l1, . . . , lN}, ln = −[yn × log(σ(xn)) + (1− yn)× (1− σ(xn))] (6)

where N represents the number of batches, and each batch predicts n labels; σ(xn) represents
a sigmoid function that maps x to the interval (0, 1).

2.6. Tea Trees Germination Density Calculation

Germination density refers to the number of buds and leaves on the picking surface of
a tea plant, usually expressed as the number of buds per square meter. According to the
experimental design, the actual area of each image is known to be a quarter of a square
foot (0.0278 square meters). The tea tree germination detection model based on Improved
YOLOv5 was used to count the tea buds in the picture after recognition, and the quantity
information of tea buds in the picture was obtained. The germination density information
of tea trees can be calculated according to Equation (7).

SD =
∑n

1
pcsn
SA

n
(7)

where SD represents the germination density of tea plant (unit: pcs/m3), pcsn represents
the number of tea buds identified in the nth image (unit: pcs), and SA represents the actual
visual field area of the image, which is a constant of 0.0278 (unit: m3).

2.7. Evaluation Indicator

In the classification model, there are four prediction situations: true positive, true neg-
ative, false positive, and false negative [28]. The relationship between these four situations
is shown in Table 2.

Precision represents the proportion of samples predicted to be positive that are actually
positive, and its calculation method is shown in Equation (8).

precision = TP/(TP + FP) (8)
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where TP is the number of true positive samples and FP is the number of false positive
samples. The accuracy index is a measure of the prediction accuracy of the model. Generally
speaking, the higher the accuracy, the better the model effect.

Table 2. Relationship between forecast scenarios.

Positive Category Negative Category

Positive Prediction True Positive
(TP)

False Positive
(FP)

Negative Prediction False Negative
(FN)

True Negative
(TN)

In the measure of recall, multiple actual positive samples are correctly predicted to be
positive samples, and the calculation method is shown in Equation (9).

recall = TP/(TP + FN) (9)

where TP is the number of true positive samples and FN is the number of false nega-
tive samples.

In addition to precision and recall, F1Score, box_loss, obj_loss, mean average precision
(mAP), and other model performance evaluation indicators were also selected in this
study [29].

F1Score is a harmonic average measurement index based on accuracy and recall for
classification problems, and its calculation method is shown in Equation (10).

F1Score =
2× Precision× Recall

Precision + Recall
(10)

The equation shows that F1Score is an index that integrates precision rate and recall
rate. The value ranges from 0 to 1, and the larger the score, the better the classification
effect of the model.

The P–R curve represents the relationship between precision and recall. The recall and
accuracy are inversely proportional, meaning that while accuracy increases, recall declines
and vice versa. There is a point on the P–R curve with the same accuracy rate and recall
rate, which is called the BEP (break-even point). At this point, a balance is reached between
accuracy and recall. It is very important to determine the BEP according to the specific
scenario of the model application. The area enclosed by the P–R curve, horizontal axis, and
vertical axis is the AP (average precision). Generally speaking, the higher the AP value, the
better the model’s performance. Accordingly, the arithmetic mean of the AP values of each
category is called the mAP (mean average precision) [30].

The obj_loss (object loss) indicates the probability that the detected object belongs to a
certain category, i.e., the probability that the prediction box contains the object [31].

3. Result
3.1. Improved YOLOv5

Due to the large number of CBL + CSP module parameters used in the original
YOLOv5 network backbone, a new backbone consisting of Stemblock + Xception + Shuf-
fleNetV2 structure was designed. The newly designed backbone structure is shown in
Figure 9. The Stemblock module introduces a branch into the bottleneck layer, first reducing
the number of channels and then down sampling. The other branch pools and concatenates
the original input. The Stemblock module structure in the figure shows that this operation
reduces the size of the output feature map to a quarter of the input while delivering enough
information, reducing the number of parameters. Due to its depth-wise separate convo-
lution and residual connects design, the Xception module greatly reduces the number of
model parameters while retaining feature information [32]. The ShuffleNetV2 module is de-
signed based on four lightweight network principles and implements lightweight network
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operation at the memory access cost and platform character levels [33]. Combining the
Xception module with the ShuffleNetV2 module can achieve comprehensive lightweight
optimization effect in both model floating point operations (FLOPs) and model platform
running speed.
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In the process of lightweight optimization of the model, the reduction of parameters is
bound to have a certain negative impact on the detection ability of the model. Therefore,
receptive field block (RFB) [34] was applied in this research to strengthen the feature
extraction ability of the model. The original spatial pyramid pooling (SPP) module of
YOLOv5 is replaced by RFB module with dilated convolution. The receptive field of
lightweight target detection network is increased without increasing too much calculation
and too many layers.

Based on the original structure of the neck in YOLOv5, reverse attention mechanism
(RA) is used to update the CSP2_1 module to form a new C3 module. Accordingly, Funnel
ReLU nonlinear visual activation function (FReLU) was used to improve the original CBL
module of the neck. In addition, CARAFE lightweight up-sampling operator is used to
complete the up-sampling operation in the neck. The improved neck, CBF module, and C3
module structure are shown in Figure 10.

3.2. Model Training

Adam algorithm comes from adaptive moment estimation, which was proposed by
Diederik Kingma in 2014 [35]. Adam algorithm is estimated by calculating a moment
gradient, and the second moment gradient adaptively calculated a corresponding weight
to each parameter. In 2017, Ilya Loshchilov proposed Adam + weight (AdamW) opti-
mization algorithm [36]. AdamW directly adds the gradient of the regularization term
into the formula of backpropagation, which improves the computational efficiency of the
optimization algorithm.
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BCE with logits loss function check is designed before output. The overall structure of
the Improved YOLOv5 network is shown in Figure 11.
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In summary, AdamW optimizer is used to optimize the YOLO model loss function in
the process of network training in the reverse pass, and the training platform configuration
is shown in Table 3. The training process is completed on NVIDIA GeForce GTX 1080,
which has 2560 stream processing units, the core frequency is 1607/1734 MHz, the video
memory is 8 GB, and the video memory bit width is 256 bit.

Table 3. Training platform configuration.

System CPU GPU Memory

Windows 10 21H2 Intel(R) Core i7-7820x NVIDIA GeForce GTX 1080 32 G

The model training information are shown in Table 4. The table shows that with the
increase of network depth, the training time of convergence also increases. The YOLOv5n
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model with the smallest volume only contains 1,760,518 parameters, and the training time
is only 2.773 h. The YOLOv5x model with the largest network depth contains 86,173,414
parameters, and the total training time is 13.422 h.

Table 4. Training information of different YOLOv5 models.

Model Epochs Convergence Time
(h) Layers Parameters Size

(MB)

YOLOv5n 253 2.773 213 1,760,518 4.2
YOLOv5s 196 2.433 213 7,012,822 14.8
YOLOv5m 201 4.294 290 20,852,934 42.6
YOLOv5l 246 15.467 367 46,108,278 93.2
YOLOv5x 237 13.422 444 86,173,414 173.5

Improved YOLOv5 199 3.179 153 4,326,815 8.8

Table 4 shows that parameters of the Improved YOLOv5 model is nearly four times
less than that of the YOLOv5m model, and good convergence effect has been achieved after
about 100 iterations. It indicates that the model has successfully achieved a lightweight feature.

3.3. Tea Buds Recognition Accuracy

The changes of precision during the training process of tea trees germination detection
models based on five original YOLOv5 models and Improved YOLOv5 model are shown
in Figure 12.
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The changes of localization loss (box_loss) and confidence loss (obj_loss) during
the training process of the tea trees germination detection models based on five original
YOLOv5 models are shown in Figure 13. Among them, the box_loss and obj_loss of the
training set and validation set gathered statistics, respectively.

Other training results of these six models are shown in Figures A1–A18 (Appendix A).
By comparing the performance index parameters of the original YOLOv5 models, and
considering the amount of model parameters, it was concluded that the performance index
scores of the tea trees germination detection model based on YOLOv5m were more balanced.
The optimal volume of the model was 42.6 MB, which contained 20,852,934 parameters.
By comparing the YOLOV5m model with the improved YOLOv5 model, the improved
YOLOv5 model had obviously better results in both recognition accuracy and efficiency.
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3.4. Tea Trees Germination Density Detection Accuracy

The confusion matrix of the YOLOv5m and improved YOLOv5 model obtained by
testing with picture samples in the test set is shown in Figure 14. It shows that the model
correctly identifies 86% and 94% tea buds in the test set and fails to identify 14% and 16% tea
buds. There was no mistaking the background as tea buds in both tea germination models.
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Figure 15 shows the tea trees germination detection results of YOLOv5m and Improved
YOLOv5 on the test set. The figure shows that both the YOLOv5m and Improved YOLOv5
models have accurately identified the buds in the tea trees canopy, but YOLOv5m has a
serious phenomenon of repeated detection.
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on YOLOv5m; (b) tea trees germination detection results based on improved YOLOv5.

A total of 5817 tea buds were marked in the test set images, and 5469 tea buds were
identified using the tea trees germination detection model based on YOLOv5. Comparing
the germination density value obtained from the tea trees germination density detection
algorithm with the manually calculated germination density value, the tea trees germination
density detection algorithm in this research has a high detection accuracy, with an accuracy
rate of 94%. Through communication with the staff of the raw tea purchasing unit and
actual calculation, the corresponding relationship that 500 g of raw tea can be obtained
from 56,000 tea buds is obtained. According to this relationship, the yield of the whole tea
garden can be estimated. It is helpful for the producers to adjust the production measures
according to the growth status of tea plants and realize the automatic management of
tea gardens.

4. Discussion

The YOLOv5 network was originally designed to be used for multiple classification
complex target detection tasks, and the main network composed of Backbone CBL + CSP
has deep layers and large parameters, resulting in large model computation [37]. The
overly complex network structure has wasted arithmetical resources in the task of tea
bud recognition and is not suitable for the follow-up research of real-time detection of
tea trees information [38]. Therefore, this research used the combination module of the
Xception structure and ShuffleNetV2 structure to redesign the network backbone part.
The experimental results in Table 5 showed that the complexity of the Improved YOLOv5
network has been effectively lightened, and its parameter quantity has been greatly reduced
by nearly four times compared with original YOLOv5 models.

Table 5. Detection results of six YOLOv5 models.

Model Train/
box_loss

Train/
obj_loss Precision Recall mAP_0.5 mAP_0.5:0.95 Val/

box_loss
Val/

obj_loss

YOLOv5n 0.044635 0.066901 0.71316 0.71291 0.70232 0.2258 0.048975 0.059104
YOLOv5s 0.046034 0.074828 0.73444 0.74627 0.74697 0.26534 0.049554 0.055801
YOLOv5m 0.0459 0.067146 0.74894 0.7568 0.75755 0.26844 0.046898 0.055746
YOLOv5l 0.044313 0.066245 0.75449 0.7366 0.74373 0.26511 0.047924 0.057541
YOLOv5x 0.046262 0.070607 0.72062 0.75184 0.74489 0.2592 0.048473 0.057528

Improved YOLOv5 0.030059 0.050968 0.94911 0.97642 0.91397 0.052312 0.24139 0.055131
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This is because Xception uses a deeply separable convolution structure and residual
connections to realize the complete decoupling of cross channel correlation and spatial
correlation. While retaining the maximal recognition ability, it greatly reduces the model
volume and improves the calculation efficiency. ShuffleNetv2 follows the two concepts:
using direct measurement instead of indirect measurement to evaluate the complexity
of the model and evaluating the target platform. It has improved on the basis of Shuf-
fleNetV1 and realized the lightweight and efficient operation of the network at the level of
memory access cost and platform characteristics [39]. In addition, CARAFE lightweight
up-sampling operator was used in this study to reduce the arithmetical cost of up-sampling
operation [40]. The experimental results show that the convergence time of the Improved
YOLOv5 model is shorter than YOLOv5m model.

In the original YOLOv5 network, although the model recognition effect is improved
with the increase of model layers, the scores of evaluation indicators are not obvious. This
is due to two reasons: the initial network layers of YOLOv5 are too deep and the receptive
field is too small during feature extraction, resulting in gradient confusion in the process
of model convergence and information transmission. In this research, FReLU nonlinear
visual activation function was used to improve the CBL module, and the RFB module was
used to increase the receptive field. This is because FReLU changes the activation function
from 1D to 2D [41]. This visual condition helps to extract the spatial layout of objects and
obtain the ability of pixel-based modeling [42]. The dilated convolution in the RFB module
realizes the enlargement of receptive fields and the fusion of characteristic maps of different
receptive fields and does not cause too much computation and increase the network depth
roughly [43]. This combination further enhances the ability of the network to detect the
macro target, and can better approximate the complex shape layout, which is suitable for
the irregular shape of tea buds. The experimental results showed that the accuracy, recall,
mAP, and various loss scores of the Improved YOLOv5 model in tea trees germination
detection are obviously improved, and the repeated recognition of tea buds is well solved.

In the tea trees canopy image, the yellow green tea bud and the green canopy leaf
background color are not obvious, especially the junction of tea bud and leaf background,
which is easy to cause confusion. This situation led to the problem that although the
original YOLOv5 model accurately recognized the tea buds in the tea trees germination
detection, there was deviation in the prediction box boundary. Based on this problem, this
research used RA mechanism to amplify the reverse response of the area at the junction of
tea bud and leaf background to obtain high resolution boundary salient features [44], and
to better distinguish the color confusion between yellow green tea bud and green canopy
background. The experiment shows that although RA mechanism increased a small amount
of computation, RA mechanism improved the microscopic recognition effect of the model
in tea trees germination detection, and it is a cost-effective model optimization strategy.

As a conclusion, the Improved YOLOv5 model performs better than the original
YOLOv5 model in the application of tea germination recognition, but there are still cases
where tea buds cannot be recognized. The experimental results showed that most of
these tea buds are incomplete in the image, which indicates that the method used in this
research can only extract the shape, texture, and other shape features of tea buds, and
when the effective shape features of tea buds cannot be extracted, there will be missing
recognition [45].

This study showed that the Improved YOLOv5 model is effective in tea trees germina-
tion detection. Combining with the calculation method of tea trees germination density, it
can achieve efficient detection of tea trees information, which can provide technical support
for the related research in the field of tea trees yield characteristics evaluation, tea picking,
and processing intelligent equipment.

5. Conclusions

In this research, we proposed an improved YOLOv5 model combined with model
optimization theory, which solved the problems of low accuracy and efficiency of tea
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buds’ recognition in the original YOLOv5 model. On this basis, we proposed a tea trees
germination density detection method based on machine vision technology and Improved
YOLOv5 model. Compared with original YOLOV5 model, the probability of correct
recognition of tea buds in this method is 94%, which has been improved by nearly 10%.
Reliable germination density information can be obtained to achieve rapid and accurate
detection of tea trees. This research is conducive to scientific planning of tea bud picking,
improving the production efficiency of the tea plantation and the quality of tea production
in the later stage. However, as the data set used in this research was only visible light
images, there are still some limitations in experimental methods. In the future, we will
further use multispectral imaging combined with image fusion technology to expand the
quality of the dataset and develop a detection model with better generalization ability to
obtain a more capable detection method for tea trees germination density.
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