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ABSTRACT In recent years, deep learning has greatly improved the ability of wheatear detection. However,
there are still three main problems in wheatear detection based on unmanned aerial vehicle (UAV) platforms.
First, dense wheat plants often overlap, and the wind direction will blur the pictures, which obviously inter-
feres with the detection of wheatears; second, due to the different maturity, color, genotype, and head orien-
tation, the appearance will also be different; third, UAV needs to take images in the field and conduct real-
time detection, which requires the embedded module to detect wheatears quickly and accurately. Given the
above problems, we studied and improved YoloV4, and proposed a robust method for wheatear detection
using UAV in natural scenes. For the first problem, we modified the network structure, deleted the feature
map with a size of 19%19, and used k-means algorithm to re-cluster the anchors, and we proposed a method
of prediction box fusion. For the second problem, we used the pseudo-labeling method and data augmentation
methods to improve the generalization ability of the model. For the third problem, we simplified the network
structure, replaced the original network convolution with the improved depthwise separable convolution, and
proposed an adaptive ReLU activation function to reduce the amount of calculation and speed up the calcu-
lation. The experimental results showed that our method can effectively mark the bounding of wheatears. In
test sets, our method achieves 96.71% in f1-score, which is 9.61% higher than the state of the art method, and
the detection speed is 23% faster than the original method. It can be concluded that our method can effectively
solve the problems of wheatear detection based on the UAV platform in natural scenes.

INDEX TERMS Wheatear detection, improved YoloV4, UAV, object detection, deep learning

I. INTRODUCTION

Wheat is a kind of cereal crop widely planted all over the
world, and it is one of the staple foods of human beings. It is
particularly important to effectively monitor the growth of
wheat and make scientific management decisions in a
modern society of rapid population growth. The manual
detection method is time-consuming, laborious, the
observation area is small, and the accuracy is biased;
moreover, with the increase of planting scale, it becomes
more and more infeasible. UAV single sorties operation time
is long, the coverage is very wide, with high efficiency and
flexibility, easy to operate, and other advantages, so it has
been widely used in the agricultural field [1]-[3]. In order to
effectively analyze the growth of wheat, the wheatear
detection equipment based on UAV platform can collect
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wheat images in the field and detect the wheatears in the
images in real-time. With these detection results, farmers can
estimate wheat density and the size of wheatears, assess
wheat health and maturity, and make appropriate
management decisions accordingly. Therefore, it is of great
significance and application value for research on a wheatear
detection model which is suitable for UAV platform with
good performance.

The accuracy and speed of wheatear detection are the
primary tasks and the main design difficulty of wheatear
detection model, and they are directly related to the work
efficiency of wheatear detection UAV. At present, crop
detection using UAV is mainly based on spectral remote
sensing technology [4]-[6]. Although it can detect the overall
situation of crops within a certain scope, it cannot accurately
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detect each wheat plant, and there are great limitations in
light environment and angle when shooting. Our goal is to
accurately detect wheatears, to more accurately judge the
wheat growth and health status. With the development of
science and technology, more and more object detection
methods are being proposed. Due to different sunlight
exposure, maturity, genotype and head orientation, the color,
and shape of wheatears will differ, and there will be
overlapping of wheatears caused by dense plants. All these
will affect the accuracy of wheatear detection. In practical
applications, due to hardware limitations, it is often necessary
to sacrifice accuracy to ensure the inference speed of the
detector. Therefore, the balance between the effectiveness and
efficiency of the target detector must be considered.

YoloV4 [7] integrates various advanced technologies
based on YoloV3 [8] and provides the best trade-off in terms
of speed and accuracy. To solve the previous problems, we
have conducted in-depth research on the various sub-
modules of yolov4, so that the improved method can
accurately mark the wheatears in the images taken by the
UAV in the field, and its performance is better than that of
YoloV4. We proposed a robust wheatear detection method
using UAV in natural scenes. The main contributions of this
paper include the following four points:

1) We used improved depthwise separable convolution to
replace the original network convolution, to reduce the
number of parameters and speed up the calculation.

2) Based on YoloV4, the network architecture was
adjusted. According to the characteristics of wheatear
objects, the feature map with a resolution size of 19 X 19
was deleted, and the k-means algorithm was adopted to
cluster the bounding boxes to replace the original anchors,
which simplify the network structure and improves the
performance.

3) We proposed an adaptive ReLU activation function,
which determines the appropriate activation function
according to all input elements. It does not increase the depth
and width of the network, and is more accurate than ReLU
and faster than Mish.

4) We proposed a method of prediction box fusion, which
was adopted to solve the problem that all predicted bounding
boxes are inaccurate in the test stage, and improved the
detection accuracy under overlapping condition.

The rest of this paper is structured as follows: in chapter
two, we reviewed the work related to our research content;
in chapter three, we introduced in detail the improved
methods in this paper; in chapter four, we introduced the data
sets, evaluation indicators, and tricks used in the experiment,
and conducted the ablation study; in chapter five, we
designed a large number of contrast experiments and
analyzed the experimental results; in chapter six, we
summarized the research work of this paper.
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Il. RELATED WORK

A. DETECTION OF CROPS

Wheatear detection is an important means to monitor wheat
growth and health. The main methods are artificial field
detection and automatic wheatear detection based on images.
Due to the time-consuming, laborious, and subjectivity of
artificial detection methods, they are not popular in today's
rapid development of agriculture. Image-based detection
technology has been widely recognized in crop detection in
recent years due to its strong real-time performance and
robustness [9]-[12]. Generally, there are two methods for
image-based object detection: the traditional manual feature-
based object detection method [13]-[14] and the deep
learning-based object detection method [15]-[17].

Traditional object detection methods are generally divided
into three steps: region selection, feature extraction of
candidate region, and classifier classification [18]. For
example, Li et al. combined the texture features of wheatears
with neural networks to detect wheatears in a laboratory
environment with whiteboard background [19], while Zhou et
al. combined multi-feature optimization and twin support
vector machine to detect wheatears [20]. This kind of method
can detect the wheatears in the image, but it uses manual
features to represent the object features, so it has poor
robustness. The different colors and shapes of wheatears will
cause serious deviation in the results of these methods.
Moreover, the method based on the sliding window region
selection strategy will lead to many redundant calculations,
and the whole process has high complexity.

With the development of deep learning, a variety of object
detection methods have been proposed. The object detection
method based on deep learning can extract complex feature
hierarchies from images through self-learning [21], which can
effectively solve the problem of the poor performance of
manual feature extraction methods and has been widely used
in agricultural crop growth and health monitoring. Object
detection methods based on deep learning can be divided into
two categories: two-stage object detection method and one-
stage object detection method. The two-stage object detection
method divides the object detection into two stages, that is, the
region proposal network (RPN) is used to extract the candidate
object information, and then the detection network is used to
predict and identify the location and category of the candidate
object. For example, Lootens used machine learning based on
UAV images to automatically count wheatears [22], but this
method cannot accurately mark the wheatears in the image.
Ma et al. combine DCNN and FCN to segment wheat ears [23],
this method is divided into two stages, the first stage uses
DCNN for coarse segmentation, and the second stage uses
FCN for fine segmentation, its accuracy is good, but the speed
is too slow. Madec et al. proposed an ear density estimating
method by using Faster-RCNN and RGB images of high
spatial resolution [24], Wang et al. combined FCN and Harris
Corner Detection to detect wheatears in the field [25], but
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FIGURE 1. The overall network structure of YoloV4.
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FIGURE 2. The overall network structure of our method.

these two methods were focusing on counting the number of
wheatears. Although they have high detection accuracy and
strong generalization, due to there are many regional
suggestions, high requirements for equipment performance,
and low detection efficiency, they cannot meet the real-time
requirements. The one-stage object detection method uses the
regression method based on deep learning to detect the object
and obtains the boundary box and object type directly from the
image, which greatly improves the speed of object detection.
For example, Yang et al. carried out field wheatear detection
based on YoloV3 [26]. This kind of method has higher
detection accuracy, stronger generalization ability, and higher
detection speed. However, for the detection of wheatears, in
the outdoor field, wheatears are often covered or overlapped,
In this case, the accuracy of these methods is greatly reduced.
If it is applied to the wheatear detection UAV, the detection
results will mislead the wheat managers and make wrong
decisions.

B. INTRODUCTION TO YOLOV4
YoloV4 is the fourth iteration of Yolo [27]. It improves the
image pyramid to feature the pyramid and integrates various
advanced algorithms. Compared with YoloV3, YoloV4 has
better detection performance for occluded and overlapped
objects. Since the main difficulty of wheatear detection is the
overlapping and occlusion of wheatears, YoloV4 is more
suitable as the wheatear detection module embedded in
wheatear detection UAV than YoloV3. The network structure
of YoloV4 is shown in Figure 1. Next, we will introduce the
Backbone, Neck, and Head modules of YoloV4.

1) The Backbone module is mainly used to extract rich
information features from the input image. The Backbone of
YoloV4 is based on the YoloV3 backbone network and the
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experience of Cross Stage Partial Networks (CSPNet) [28].
CSPNet solves the problem of repeated gradient information
in the Backbone of other large-scale convolutional neural
network framework and integrates the gradient changes into
the feature map from the beginning to the end. Therefore, the
parameters and FLOPS values of the module are reduced,
which not only ensures the reasoning speed and accuracy but
also reduces the module size.

2) The Neck module is mainly used to generate feature
pyramids to enhance the module's detection of objects with
different scales to identify the same object with different sizes
and scales. Based on the idea of Path Aggregation Network for
Instance Segmentation (PANET) [29], the Neck of YoloV4
enhanced information dissemination based on the framework
of Mask R-CNN [30] and FPN [31].

3) The Head module is mainly used in the final detection
part. YoloV4 uses the Head of YoloV3 in the Head module. It
applies anchor on the feature map and generates the final
output vector with class probabilities, object values, and
bounding box. These feature vectors with different scaling
scales are used to detect objects of different sizes.

lll. PROPOSED METHOD

In this chapter, we will describe our improvement points in
detail, and illustrate their advantages by comparing them with
the methods in the original network, and we will conduct the
ablation study to verify the rationality of these improvements
in chapter four. The network structure of our method is shown
in Figure 2.

A. BACKBONE NETWORK
Convolution layer is an important part of the whole neural
network. It can automatically extract complex feature
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FIGURE 3. (a) Original standard convolution, (b) Depthwise separable
convolution, (c) Improved depthwise separable convolution.

hierarchies from images. However, there are too many
parameters, and the calculation is complex in traditional
convolution. To speed up the calculation and save the
calculation cost, we proposed an improved depthwise
separable convolution to replace the traditional convolution.
The structure comparison is shown in Figure 3.

In Figure 3, we set the number of input channels as 3 and
the number of output channels as 256. The traditional
convolution is directly connected with a 3 X 3 X 256
convolution kernel, parameters are 3 X 3 X 3 X 256 = 6912;
The improved depthwise separable convolution is completed
in three steps: 1x1 Convolution process, 3%3 depthwise
convolution process, and 1x1 convolution process. The
number of parameters is 1X1X1X256+3x3x%x3+
3 X 1Xx1x 256 = 1051, which is much less than that of the
traditional method. This method greatly improves computing
efficiency. In addition, the 1 X 1 convolution is added to
increase the depth of the network and add nonlinearity without
increasing the receptive field.

B. IMPROVED FEATURE FUSION STRUCTURE

YoloV4 uses the structure of feature pyramid network PANET
to fuse the deep level feature information with the shallow
feature information and uses the multi-scale fusion method to
predict the location and category on the multi-scale feature
map. However, the three-scale feature fusion method adopted
by YoloV4 network structure has adverse effects on small
objects such as wheatears, the semantic loss of feature map
with a resolution size of 19 X 19 is serious, which easily leads
to the loss of small objects. Considering that the resolution of
the feature map will directly affect the small object detection
and the overall performance, we modify the resolution of three
scales of the feature map from 19 x 19,38 X 38,76 X 76 to

VOLUME XX, 2017
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FIGURE 5. The original method (a) and modified (b) anchor comparison
for different resolution feature maps.

38 x 38,76 X 76. Base on the original network structure, we
have added two channels, as shown by the orange dashed line
in Figure 4, which can fuse more features without increasing
the computational cost. The modified network structure is
shown in Figure 4.

The feature maps of YoloV4 with different sizes have three
anchors respectively, and larger feature maps use smaller
anchors to get more edge information of the object. However,
the anchors defined by the original YoloV4 network and the
hierarchical structure of the network cannot be well applied to
the research object of this paper. So, we used the k-means
algorithm to cluster the wheatear dataset and replace the
original network anchors with the clustered anchors to
improve the accuracy of the predicted bounding boxes. Based
on the modification of the above network, we set the k-means
clustering algorithm with the clustering category as 6, and
new anchors obtained are (19 X 28),(23 x 17),(31 %
25), (31 x 38), (45 x 49), (59 x 51), the anchor structure
comparison of different resolution feature maps after
clustering is shown in Figure 5.

C. ADAPTIVE RELU ACTIVATION FUNCTION

The selection of activation functions is critical for deep
learning network. Based on ReLU, we proposed an adaptive
activation function, which determines the appropriate
activation function according to all input elements. Compared
with Mish, it has fewer calculations, and compared with ReLU,
it has higher accuracy. The calculation of the ReLU function
is shown in Equation (1).

x, x =0

ReLU = {0’ 2o 1)

And it can be generalized as Equation (2).
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V= max{a{xi + b{} 2

Where x is the input vector, for the input vector x; of the i
channel, the activation is calculated as y; = max{x;, 0}.
Based on Equation (2), we propose an adaptive ReLU
activation function, which is a further extension of ReL.U, its
calculation is shown in Equation (3).

Yi = foa () = max{a] (X)x; + b/ (1)}, 1<k <K (3)

Where x = {x;} are all input elements, i is the number of
channels, and j is the number of functions, function 0(;6) =
,al,..,bt,...,b},...,bi,..,b]]", a] and
b] are the output of function 8(x) and are the sum of

initialization and residual, and its calculation is shown in
Equation (4).

1 1 Jj
a1, ..., q;, ..., aj, ...

al(x) = &’ +y,Ad] (x), b](x) = B/ +y,Ab! (x) (4)

Where a/ and B/ are the initial values of a/, y, and y, are
the scalars controlling the residual range. For example, if j =
2,at =1,a? = p1 = 2 = 0, corresponding to ReLU, the
default y, and y;, are 1 and 0.5, respectively.

The adaptive ReLU does not increase the depth and width
of the network, but can effectively improve the performance
of the model. Through the test, compared with ReLU, the
accuracy is improved by 4.3%, and the speed is increased by
3.4% compared with mish. The function comparison image is
shown in Figure 6.

D. METHOD OF PREDICTION BOX FUSION

During the testing phase, when we input the image to be
detected into the model, we get a set of predicted bounding
boxes. For images containing many wheatears, the predicted
bounding boxes produced on a single wheatear object may not
be accurate due to the overlap of wheatears. To solve this
problem, we propose a method of prediction bounding box
fusion. This method uses information from all predicted
bounding boxes to solve the problem of inaccuracy, as shown
in Figure 7. We set the confidence of a fusion box to the
average confidence of all the boxes that constitute it. The
calculation is shown in Equation (5).The coordinates of the
fusion box are the weighted sum of the coordinates of each
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FIGURE 7. Defining the predicted bounding boxes using method of
prediction box fusion.

prediction bounding box, where the weight is the confidence
of the box. The calculation is shown in Equation (6) and (7).
Boxes with high confidence must have a greater impact on the
fusion box coordinates, not boxes with low confidence. By
testing on this test set, this method improved the accuracy of
the bounding box by 8.3% compared with the NMS method.

Gyttt Cp

C 5
: 5)
C1 X1, +C2 X1+ +Cp Xy C1 X2, +C2Xp,++CnXpy
X1 = ) XZ = (6)
C1+Cr+..+Cp C1+C+..+Cy
C1Y1,+CoYy,++CpY1, C1Y2, +CoYp, +-+CnY2
Y, = Y= (7

C1+C+..+Cy C1+Cr+..+Cp

Where n is the number of prediction boxes before fusion,
C, is the confidence of each prediction bounding box, X1, X5,
Y;, Y, are the coordinate values of the fusion box, and €, X,,,
CnXz,, CuYi,, C,Y,, are the product of the coordinate value
of each corresponding prediction box and the confidence of
each corresponding box.

IV. EXPERIMENTS

We give a flowchart of this method based on the above
improvements, as shown in Figure 8. In this experiment, based
on Intel 17-8750H CPU and NVIDIA GTX 1080 GPU, we
build a Darknet deep learning framework with Python 3.7
development environment under Linux operating system. The
training and detection program of wheatear detection network
model based on YoloV4 was written in Python language.

A. DATA SET ANALYSIS

Our experiment uses the Global Wheat Head Detection
(GWHD) [32] as the data set. It contains 4,700 high-resolution
RGB images and 190,000 labelled wheatears collected from
several countries around the world at different growth stages
with a wide range of genotypes. We use 3300 images as the
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FIGURE 8. The training and detecting process of the wheatear detection method.

FIGURE 9. (a) Original image, (b) Image after using HSV, (c) Image after
brightness conversion, (d) Image after Cutout, (e) Image for Cutmix, (f)
image for Mosaic.

training set for the experiment and 1400 images as the test set.

We analyzed the samples in the data set. Due to the different
shooting environment, some samples have bright colors and
some are dim; due to different maturity periods and types, the
color and appearance of wheatears are different, some have
wheat awns, some do not, some are green, and some are
yellow; due to the different shooting height and angle, the
number of wheatears in the image is different.

B. DATA AUGMENTATION

In deep learning, enough training samples are usually required.

The larger the number of samples, the better the trained model
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and the stronger the generalization ability. However, in actual
training, training samples are always limited, and it is
impossible to capture an image for every real-world scene.
Therefore, it is necessary to augment the existing training data
to generalize to other situations, thereby allowing the model to
adapt to a wider range of situations. We used some methods to
expand the training samples. The effect is shown in Figure 9.
The specific methods are as follows:

1) HSV channel color conversion.

2) Brightness and contrast conversion.

3) Horizontal flip, vertical flip, grayscale conversion, and
random cropping.

4) Using the Cutout [33] method, randomly cut some areas
of the sample and fill them with 0 pixels, and the result of the
classification remains unchanged; use the Cutmix [34] method
to cut some areas without filling 0 pixels, but randomly fill in
the regional pixel values of other data in the training data set,
and the classification results are distributed in a certain
proportion, which can effectively prevent overfitting.

5) Using the Mosaic method [7], four training images are
combined into one image according to a certain ratio to enrich
the background of the detected object, so that the model can
learn to recognize the object in a smaller range. In addition,
batch normalization calculates activation statistics from 4
different images on each layer. This significantly reduces the
need for a large mini-batch size, it can use one GPU to achieve
better results.

C. SELECTION OF TRICKS
This article used several tricks to improve the performance of
our model, as shown below:
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Larger Batch Size Using a larger batch size can improve the
stability of training and get better results. Here we change the
training batch size from 64 to 192, and adjust the training
schedule and learning rate accordingly.

EMA When training a model, it is often beneficial to maintain
moving averages of the trained parameters. Evaluations that
use averaged parameters sometimes produce significantly
better results than the final trained values [35]. The
Exponential Moving Average (EMA) compute the moving
averages of trained parameters using exponential decay. The
calculation for each parameter is shown in Equation (8).

Wgpa = AWgya + (1 - DW )

where A is the decay. We apply EMA with decay 4 of
0.9998 and use the shadow parameter W4 for evaluation.
Pseudo-Labelling Based on the optimized model getting
during the training stage, we used the Pseudo-Labelling [36]
method on the test set to further optimize the model to improve
its generalization ability under complex test data. Pseudo-
Labelling is defined by Semi-supervised learning. The core
idea of Semi-supervised learning is to improve the
generalization ability of the model in the supervised process
by using labeled data. Pseudo-Labelling is a process that uses
a trained model to make predictions on unlabeled data, and
samples are screened based on the predicted results and re-
input into the model for training.

D. EVALUATION INDICATORS
In this experiment, we used f1-score and the average precision
of a single image (Avg-P) evaluation indexes to evaluate our
method and other comparison methods.

The calculation formula of f1-score(F1) is as Equation (9).

)

In formula (9), P is the accuracy rate, R is the recall rate,
TP is the number of true positive samples, FP is the number
of false positive samples, and FN is the number of false
negative samples. When a single predicted object matches a
ground-truth object whose I0U is higher than the threshold, a
true positive is calculated. False positive means that the
predicted object has no related ground truth objects. False
negative means the basic real object without relevant
prediction. The IOU computational formulas for predicted
bounding boxes and ground truth bounding boxes is shown as
Equation (10).

_ TP® _ TP _ 2PR
T TP(O+FP)’ T TP()+FN(t)’ ~ P4R

10U(4,B) = 408 (10)

AUB

The calculation method of Avg-P is: Scan a series of IOU
thresholds by measurement and calculate an average accuracy
value at each point. The threshold range is 0.5 to 0.75, and the
step size is 0.05. In other words, when the threshold is 0.5, if
the intersection of the predicted object and the ground truth
object is greater than 0.5, the predicted object is regarded as a
“hit”. If there are no real objects on the ground at all in a given
image, any number of predictions (false positives) will result
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TABLE 1. The results of the ablation study.

Methods F1% Avg-p% FPS

A YOLOV4 88.23 62.75 57

A + Improved depthwise sep-

B arable convolution 88.19 6321 64
B + Modified network and
C anchors re-clustered by k- 92.15 69.19 70
means
D D + Adaptive ReLU 93.31 70.05 72
E E + method of prediction box 9671 7781 7

fusion

in an image score of zero and be included in the average
accuracy. This indicator can not only evaluate whether the
detection result is accurate, but also the accuracy of the final
output bounding box. The calculation method is as Equation

(11).

_ 1 TP(t)
Avg-P = IthresholdslZtTP(t)+FP(t)+FN(t) (1D

E. ABLATION STUDY

In this part, we present the effectiveness of each module in an
incremental manner. The reason is that each improved method
is not completely independent. Some improved methods are
effective when applied alone, but they are not effective when
combined together. Since there are too many combinations of
various improved methods, it is difficult to conduct a
comprehensive analysis. Therefore, we carry out an ablation
study to prove the rationality of our method combination, the
results are shown in Table 1.

A — B First of all, we replace the original YoloV4
traditional convolution with the improved depthwise separable
convolution. We found that compared with the traditional
convolution, although the accuracy is not improved, the
calculation speed is faster.

B — C We try to modify the network structure and delete
the 19 X 19 feature map to make the modified network
structure simpler, and used anchors clustered by K-means
algorithm , to make it more suitable for the characteristics of
the small wheatear target. We can see that fl-score, avg-p and
FPS have all been significantly improved.

C — D We use adaptive ReLU to replace the original
activation function, which not only does not increase the depth
and width of the network, but also can effectively improve the
performance of the model. We found that accuracy and speed
have been improved.

E — F After using the method of prediction box fusion
method, we found from the avg-p that the accuracy has been
greatly improved. It shows that this method can greatly
improve the problem which all prediction boxes are inaccurate
when wheat ears are dense.
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This study shows that the combination of our six
improvement methods has greatly improved the accuracy and
speed compared with the original method.

V. ANALYSIS OF EXPERIMENTAL RESULTS

In this section, we compared our method with previous related
methods (Method of original YoloV4 [7], method of Zhu et al.
[10], method of Madec et al. [24], and method of Yang et al.
[26]). The models of these methods were all obtained in the
same environment using the same training strategy. We used
the number of wheatears in a single image, different lighting
environments and wheat maturity periods were respectively as
control variables to verify the performance of our method in
wheatear detection in the field.

A. COMPARISON OF DETECTION RESULTS UNDER
DIFFERENT NUMBERS OF WHEATEARS
In the actual detection process of the wheatear detection UAV,
due to the shooting angle, distance, and other factors, the
number of wheatears in the pictures taken are different. When
the number of wheatears is small and the volume is large, the
detection object is clear, complete, and less overlapping,
which is convenient for detection. However, in actual
situations, due to the increase in the number of objects and the
decrease in size, overlap and occlusion may occur, making
detection difficult. To this end, we established contrast
experiments under different numbers of wheatears, which are:
wheatear detection under sparse numbers, wheatear detection
under normal numbers, and wheatear detection under dense
numbers, respectively. We compared the wheatear detection
performance of various methods under different numbers of
wheatears.

In the test set of this experiment, we selected 360 pictures
of the same wheat species and a similar light environment,
containing 18,732 wheatears, and divided them into three

groups according to the number of wheatears in a single image.

There were 120 pictures with the number of wheatears less
than 10, 120 pictures with the number of wheatears between
30 and 60, and 120 pictures with more than 80 wheatears.

We carried out three experiments with several different
methods, each time taking 75 pictures randomly selected from
each test set as the experimental test set. We calculated the
parameters rate, and the recall rate to get the f1-Score in each
experiment. Finally, we averaged three types of results to
obtain a comprehensive result, as shown in Table 2.

As can be seen from Table 2, our method shows superior
performance. When the number of wheatears is sparse, all
methods have good performance. When the number of wheat-
ears increases from less than 10 to more than 40, the method
of Zhu et al. [10] performed the worst. The fl-score of our
method was relatively stable, and the methods of other people
had a significant decline. However, when the number of
wheatears increased to more than 80, the fl-score of our
method dropped by 5%, while the others' methods dropped by
about 10%. Because the wheat is dense in the image and there
are many occlusions, there are many wheatears that are not

VOLUME XX, 2017

FIGURE 10. Detection results of different methods when the numbers
of wheatears are different: (a) our method, (b) YoloV4, (c) method of Zhu
et al., (d) method of Madec et al., () method of Yang et al..

TABLE 2. Detection results of different methods with different numbers
of wheatears.

F1%
Number Method
1 2 3 Average
Our Method 98.47 98.53 98.46 98.49
YoloV4 [7] 96.33  96.37 96.42 96.37
<10 Zhu et al. [10] 93.62 93.55 9349 93.55

Madec etal. [24]  96.27 96.19 96.22 96.23
Yang et al. [26] 9531 9536 9534 95.34

Our Method 96.73  96.76  96.69 96.73

YoloV4 [7] 90.57 90.53  90.55 90.55

30-60 Zhu et al. [10] 8331 8338 83.37 83.35
Madec etal. [24]  91.17 91.16 91.17 91.17

Yang et al. [26] 88.23 88.19 88.21 88.21

Our Method 9135 9142 9137 9138

YoloV4 [7] 88.63 88.61 88.63  88.62

>80 Zhuetal. [10]  76.12 7615 7613  76.13
Madec etal. [24] 8231 8235 8232 8233
Yangetal. [26] 7827 7831 7829 7829

Our Method 95.52  95.57 95.51 95.53
YoloV4 [7] 89.51 89.50 89.53 89.52
Zhu et al. [10] 8435 8436 84.33 84.35
Madec etal. [24]  89.92 89.90 89.90 89.91
Yang et al. [26] 8727 8729 8728 87.28

Average

detected. Through a comprehensive analysis of the results, we
can conclude that our method is more suitable for different
wheatear numbers. The test results are shown in Figure 10.

B. COMPARISON OF DETECTION RESULTS IN DIFFER-
ENT LIGHT ENVIRONMENTS

In the experiment of this chapter, we used different lighting
environments as control variables, with the light varies from
bright to dim due to different shooting conditions. Under
normal light conditions, the wheatears are clearly visible, and
the detection is simple. However, there are also dim and bright
conditions, which make detection difficult. To this end, we set
up contrast experiments on wheatear detection under different
shooting conditions to compare the wheatear detection
performance of these methods under a different light.

In the test set of this experiment, we selected 360 pictures
with the same species and the number of wheatears in a single
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Normal

Bright

FIGURE 11. Wheatear detection results by different methods under dif-
ferent lighting conditions: (a) our method, (b) YoloV4, (c) method of Zhu
et al., (d) method of Madec et al., () method of Yang et al..

TABLE 3. Wheatear detection results by different methods under differ-
ent lighting conditions.

Light Method F1%
1 2 3 Average
Our Method 96.13  96.15 96.17 96.15
YoloV4 [7] 90.63  90.67  90.66 90.65
normal Zhu et al. [10] 83.49 8352 8351 83.51

Madec etal. [24] 91.34 9136 91.32 91.34
Yang et al. [26] 88.18 88.15 88.18 88.17

Our Method 9476  94.75 94.79 94.77

YoloV4 [7] 90.13 90.15 90.14 90.14

dim Zhu et al. [10] 80.73 80.75 80.71 80.73
Madec etal. [24] 89.42 89.46 89.39 89.42

Yang et al. [26] 8434 8437 8435 84.35

Our Method 94.61 9458 94.59 94.59

YoloV4 [7] 90.14  90.11  90.09 90.11

bright Zhu et al. [10] 79.82 79.88 79.84 79.85
Madec et al. [24]  88.18 88.14  88.17 88.16

Yang et al. [26] 83.86 83.83 83.84 83.84

Our Method 95.17 95.16 95.18 95.17
YoloV4 [7] 90.30 9031 90.30 90.30
Zhu et al. [10] 81.35 8138 81.35 81.36
Madec etal. [24]  89.65 89.65 89.63 89.64
Yang et al. [26] 8546 8545 8546 85.46

Average

picture ranging from 35 to 55, totally containing 17,382
wheatears. We divided the pictures into three groups
according to the lighting conditions. There were 120 pictures
in normal light, 120 in dim light, and 120 in bright light.

The experimental method is the same as the previous
chapter, and the statistical results are shown in Table 3.

Table 3 shows that these methods can achieve good results
under normal light conditions, but their detection performance
is reduced when the light is dim or bright. Because the
brightness is insufficient when the light is dim, and the texture
of the wheatears is not clear when the light is bright, some
wheatears will be directly eliminated, resulting in a decrease
in fl-score. But on the whole, our method has more
advantages and can adapt to different lighting scenarios. The
detection results are shown in Figure 11.
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FIGURE 12. Detection results of different methods at various maturity
stages of wheat: (a) our method, (b) YoloV4, (c) method of Zhu et al., (d)
method of Madec et al., () method of Yang et al..

TABLE 4. Detection results of different methods at various maturity
stages of wheat.

Whe:at Method FI%
species 1 2 3 Average
Our Method 96.18 96.13  96.15 96.15
YoloV4 [7] 90.15  90.08 90.13 90.12
S1 Zhu et al. [10] 82.84 8286 82.83 82.84

Madec etal. [24]  91.27 91.24 91.26 91.26
Yang et al. [26] 83.84 8386 83.86 83.85

Our Method 94.67 94.64 93.68 94.33

YoloV4 [7] 89.42 89.45 89.43 89.43

S2 Zhu et al. [10] 79.75 7977  79.74 79.75
Madec etal. [24] 8891 8895 88.93 88.93

Yang et al. [26] 81.53 8157 81.52 81.54

Our Method 9335 9337 9335  93.36

YoloV4 [7] 88.95 8897 8893  88.95

83 Zhuetal. [10] 7824 7821 7825  78.23
Madec etal. [24]  88.35 8837 8831 8834
Yangetal [26] 8127 8124 8123  81.25

Our Method 9473 9471 9439  94.61
YoloV4 [7] 89.51 89.50 89.50  89.50
Zhuetal. [10]  80.28 80.28 8027  80.28
Madec etal. [24]  89.51 89.52 89.50  89.51
Yangetal [26] 8221 8222 8220 8221

Average

C. COMPARISON OF DETECTION RESULTS UNDER
DIFFERENT MATURITY CONDITIONS

In the experiment in this chapter, the wheat maturity period is
used as the control variable. Due to the different maturity
periods, the color and appearance of wheatears vary as well.
We established contrast experiments for wheatear detection at
different maturity stages to compare the detection
performance of various methods at various maturity stages.

In the test set in this experiment, we selected 360 pictures
with a similar light environment and the number of wheatears
in a single picture between 35 and 55, including 17,425
wheatears, which were divided into three groups according to
the different maturity of wheat, each group contained 120
images.

The experimental method is the same as the previous
chapter, and the statistical results are shown in Table 4.
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TABLE 5. Test results of different methods under the test set data.

Method Avg-P FPS
YoloV4 [7] 62.75 57.39
Zhu et al. [10] 53.64 8.53
Madec et al. [24] 71.32 12.46
Yang et al. [26] 56.46 21.62
Our Method 77.68 72.13

It can be seen from Table 4 that our method can maintain
relatively stable performance in different maturity stages, and
it still has a comparative advantage to adapt to the scenarios of
different maturity stages. The detection results are shown in
Figure 12.

In summary, the method of Zhu et al. [10] and method of
Yang et al. [26] are difficult to detect in natural scenes such as
dense wheatears and dim light, and the fl-scores scores are
low; YoloV4 and Method of Madec et al. [24] have poor
detection results when the wheatears are dense, and our
method has advantages under various conditions. Three sets of
comparative experiments show that our method can adapt to
natural scenes and can detect wheatears more accurately.

The wheatear detection model based on the UAV platform
not only requires accurate detection of wheatears but also
requires the accuracy of the detection results and detection
speed. To this end, we finally designed a set of contrast
experiment and tested the models trained by different methods
on the test set and calculated their Avg-P scores and FPS. The
results are shown in Table 5.

It can be seen from Table 5 that although the method of
Madec et al. [24] also has high accuracy, its speed is too slow.
Our method has obvious advantages in speed and accuracy.
Therefore, our method is more suitable as an embedded model
of wheat detection UAV.

VI. CONCLUSION

Based on YoloV4, we have made improvements and proposed
a robust wheatear detection method, which is suitable for
UAYV to detect wheatears in the field. This method can
maintain excellent performance in natural scenes, including
overlap, occlusion, light changes, different colors, and shapes.
We have conducted a large number of comparative
experiments, our method achieves 96.71%, 77.68%, and 72 on
the three indicators of f1-score, avg-p, and FPS, respectively.
The results show that our method is more suitable for wheatear
detection based on UAV platform than existing methods. It
has faster detection speed, higher detection accuracy, and
better generalization ability. It can be used to estimate wheat
density and spike size, and evaluate wheat health and maturity
in large wheat fields by UAV. For our future research, we
intend to explore a new architecture to further optimize
wheatear detection (in terms of speed and accuracy of the
bounding box). We also plan to extend the solution to the
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detection of crops with ears, such as the ear of rice. Due to the
different shapes of crop ears, this brings new challenges.
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