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ABSTRACT

Advancements in deep neural networks have made remarkable leap-forwards in crop

detection. However, the detection of wheat ears is an important yet challenging task

due to the complex background, dense targets, and overlaps between wheat ears.

Currently, many detectors have made significant progress in improving detection

accuracy. However, some of them are not able to make a good balance between

computational cost and precision to meet the needs of deployment in real world. To

address these issues, a lightweight and efficient wheat ear detector with Shuffle

Polarized Self-Attention (SPSA) is proposed in this paper. Specifically, we first utilize

a lightweight backbone network with asymmetric convolution for effective feature

extraction. Next, SPSA attention is given to adaptively select focused positions

and produce a more discriminative representation of the features. This strategy

introduces polarized self-attention to spatial dimension and channel dimension and

adopts Shuffle Units to combine those two types of attention mechanisms effectively.

Finally, the TanhExp activation function is adopted to accelerate the inference speed

and reduce the training time, and CIOU loss is used as the border regression loss

function to enhance the detection ability of occlusion and overlaps between targets.

Experimental results on the Global Wheat Head Detection dataset show that our

method achieves superior detection performance compared with other state-of-the-

art approaches.

Subjects Artificial Intelligence, Computer Vision, Visual Analytics

Keywords Wheat ears, Deep neural networks, Lightweight, Polarized self-attention

INTRODUCTION
Wheat is one of the most globally essential cereal crops. Maintaining a high yield of wheat

has a positive effect on ensuring social stability and promoting economic development.

The number of wheat ears is an important factor that affects the yield of wheat. Therefore,

how to quickly and precisely identify each wheat ear and count the total number is the

key to the prediction of crop growth in complex agricultural conditions. Traditional

counting methods rely on field surveys, sampling, and weighing, which is inefficient and

time-consuming. It is difficult to use these methods to accurately estimate the yield on a

large area, which severely limits their application in seed screening and breeding, pest
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control, density estimation, gene trait expression, and field management (Li et al., 2021).

Due to these reasons, the application of deep learning techniques in detection of wheat

spike has received much attention in recent years.

The continuous development of information technology in agriculture has led to

widespread use of image processing methods for wheat ears detection. Feature extraction

of wheat images based on shape, color, or texture features, as wells as the detection and

counting of wheat ears through machine learning methods have improved the efficiency of

wheat yield estimation to a certain extent. For instance, Cointault, Journaux & Gouton

(2008) designed an automatic field walking robot to obtain an image of wheat per unit area,

and then identified the number of wheat ears by solely extracting the color and texture

features from the images. Alharbi, Zhou & Wang (2018) extracted the conversion of the

original wheat plant image data to color index of vegetation, so as to segment the wheat

head detection area, and used the Gabor filter and K-means clustering algorithm to achieve

wheat head detection. Nevertheless, image processing and shallow learning methods

require a lot of experience and are not robust to the variable natural environment in the

field.

Advances in computer vision technology provide technical support for the automatic

detection of wheat ears. Wheat spike detection methods based on convolutional neural

networks not only improve the efficiency of wheat head counting and reduce the workload

of manual work in the field but also have considerable accuracy, which has become a

research hotspot. Hasan et al. (2018) collected 335 images of 10 varieties at three different

growth stages and built SPIKE dataset. Regional convolutional neural networks

(RCNN) (Girshick et al., 2015) target detection method was utilized to realize correct

detection of wheat spikes, and the average accuracy of the model reached 93.4%. Madec

et al. (2019) used Faster R-CNN (Fast Region Convolutional Neural Network) (Ren et al.,

2015) for ear detection, which showed good robustness for ear detection at the maturity

stage. Wangli et al. (2021) proposed an improved wheat detection method based on the

YOLOv4 (Bochkovskiy, Wang & Liao, 2020) model, and the average detection accuracy

reached 78.99% on the self-built dataset. However, it should be noted that existing

methods (Hasan et al., 2018;Madec et al., 2019;Wangli et al., 2021) for wheat ear detection

with deep learning focus on how to improve the detection accuracy, but do not consider

the impact of detection speed and model capacity on edge devices.

To address these issues, we propose a detector for wheat ear detection deployed in

resource-limited equipment, namely, the lightweight and efficient wheat ear detection with

SPSA attention (LE-SPSANet). Firstly, AsymmNet (Towards ultralight convolution neural

networks using asymmetrical bottlenecks) (Yang, Shen & Zhao, 2021) is adopted as the

backbone network in this study to reduce model capacity and complexity. Then, the

detection accuracy of overlapping ears is improved by well-designed SPSA attention,

which introduces Polarized self-attention to spatial dimension and channel dimension,

and adopts Shuffle Units to combine two types of attention mechanisms effectively.

Meanwhile, the TanhExp activation function is used to reduce training time and the

capacity of the neural network. Finally, CIOU loss (Zheng et al., 2020) is adopted, which

improves the convergence ability of the model, accelerates the training speed of the
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network model, and improves the regression accuracy of the prediction box. In conclusion,

the contributions of this article are summarized as follows:

• An efficient and lightweight wheat ear detection method based on asymmetric

bottleneck convolution and high convergence speed smooth activation function is

proposed to realize fast and accurate automatic wheat ear detection.

• Shuffle Polarized Self-Attention (SPSA), an effective attention mechanism module, is

well-designed to reduce the model capacity and accelerate the detection rate of the neural

network.

• Experimental results on the Global Wheat Head Detection dataset show that the

proposed method not only greatly reduces the model capacity and calculation cost, but also

improves the detection speed with almost no loss of accuracy.

RELATED WORK

Wheat ear detection task

The segmentation of wheat ears and the shallow learning method are the most important

methods for the recognition and detection of wheat ears. Firstly, the shape, texture, and

color features of wheat ears are extracted manually from the original RGB image.

Subsequently, the model is constructed by the classifier to achieve automatic recognition

and detection of wheat ears. Zhou et al. (2018) trained the WSVM-Seg model based on the

shallow learning method by preprocessing the selected samples from the wheat data.

This approach achieved a detection accuracy rate of up to 82%. Based on image processing

technology, Fernandez-Gallego et al. (2018) used filtering and maximization to detect and

count the number of wheat ears in the collected wheat ear images. The recognition

accuracy of the algorithm reaches 90%. However, the use of manual feature design requires

a lot of experience, and the robustness to fields with different light and soil conditions is

not sufficient to broaden its application to obtain generalized models. At the same time, the

detection accuracy needs to be further improved.

With the rapid development of artificial intelligence and computer science, deep

learning has become a hot research topic and is widely used in more and more fields. By

applying deep learning techniques to the wheat ears detection task, suitable deep neural

network models are selected for training, and the obtained data-trained models are used

to automatically detect wheat ears, which can meet the requirements of wheat yield

estimation. The application of automatic wheat ear detection technology based on the deep

neural network can not only improve detection efficiency but also help promote the

development and progress of high-tech agriculture. Relevant studies are successful in

applying deep learning models in wheat ear detection. Based on the image processing and

deep learning technology, the EfficientDet algorithm (Tan, Pang & Le, 2020) was used to

detect the wheat ear image by Cao et al. (2020), the final accuracy rate reached 92.92%

and the test time of the single sheet was 0.2 s. An improved YOLOv4 with CBAM

(convolutional block attention module) (Woo et al., 2018) including spatial and channel

attention model was proposed by Yang et al. (2021). This strategy could enhance the

feature extraction capabilities of the network by adding receptive field modules. Xu et al.

(2020) used the K-means clustering method for automatic segmentation of wheat ear
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images and sent the segmented image tags to the convolutional neural network model for

training and testing. Although much progress (Cao et al., 2020; Yang et al., 2021; Xu et al.,

2020) has been made, there are still problems such as low efficiency, insufficient

robustness, and poor performance. Simultaneously, the above-mentioned deep learning-

based detection methods often need to sacrifice accuracy to ensure the inference speed of

the detector because of the limitation of hardware in practice. In order to achieve the

trade off among the conflicting performance requirements (Han et al., 2020), combining

lightweight neural networks with advanced optimal algorithms to the task of wheat ear

detection has attracted continuing attention in the past few years.

Object detection

The continuous improvement of computing power has made data-driven deep learning

methods appear on the stage of history, bringing about a series of excellent algorithms.

Deep learning-based methods show superior performance over traditional algorithms

in many computer vision fields (Hu et al., 2021; Liu et al., 2021b; Teng et al., 2021; Zhao

et al., 2021). The current mainstream object detection methods can be classified into

Anchor-based methods and Anchor-free methods according to whether candidate regions

are generated, with the main difference being whether target regression and classification

are performed by predefined anchor frames.

Anchor-based detection algorithms preset anchor frames of different scales and

proportions on feature map to accommodate targets of different shapes. Since the

detection process of these algorithms are not the same, they can be subdivided into

two categories. One is the two-stage detection algorithm based on candidate regions

represented by the R-CNN series. The two-stage detection algorithm process consists of

two steps: the first step is to select candidate regions and the second step is to classify and

regress candidate regions. For example, in 2014, Ross B. Girshick proposed R-CNN

(Girshick et al., 2014), and later proposed Fast R-CNN (Girshick, 2015), Faster R-CNN

(Ren et al., 2015), Mask R-CNN (He et al., 2017) and so on. The other is the one-stage

detection algorithm based on regression analysis represented by the YOLO (you only look

once) and SSD (single shot multibox detector) series. For instance, in 2016, Redmon et al.

(2016) proposed the YOLO network. In addition, in response to the low accuracy of YOLO

network target detection, researchers have successively proposed SSD (Liu et al., 2016),

YOLOv2 (Redmon & Farhadi, 2017), YOLOv3 (Redmon & Farhadi, 2018), YOLOv4

(Bochkovskiy, Wang & Liao, 2020), TPH-YOLOv5 (Zhu et al., 2021), DETR (Zhu et al.,

2020), Scaled-YOLOv4 (Wang, Bochkovskiy & Liao, 2021), EfficientDet (Tan, Pang &

Le, 2020) and so on. The single-step target detection algorithm, especially the YOLO

series, is significantly faster than the two-step target detection algorithm. Although the

accuracy of the single-step algorithms is slightly lower than the two-step ones, it is still

within the acceptable range and is preferred in most engineering applications.

Anchor-free target detection algorithms are divided into two types. One is the Dense

Prediction type represented by DenseBox. This type of method regards the central area of

the object as the foreground, defines the positive sample, and then predicts the distance

between the objects and the four sides of the box. For example, Zhu, He & Savvides (2019)
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added an anchor-free branch and an online feature selection mechanism to RetinaNet (Lin

et al., 2017). This branch defined the central area of the object as a positive sample, and

used its distance between the object and the four sides to locate it. Tian et al. (2019) defined

all positions within the object frame as positive samples and then detected the object

through four distance values and one center score. Liu, Liao & Hasan (2019) only defined

the center point of the object as a positive sample and detected pedestrians through a fixed

aspect ratio. Kong et al. (2020) defined the middle position of the object as a positive

sample, and each position had four distances for detection. The other is the keypoint-based

Detection type. This type of anchor-free method first locates the pre-defined or self-

learned key points and then generates a frame to detect the object. For example, Zhou,

Zhuo & Krahenbuhl (2019) detected the top, left, bottom, right, and center points of the

object to generate the border of the object, and CornerNet (Law & Deng, 2018) detected

the border of the object through the upper left corner and the lower right corner. The

anchor-free algorithm gets rid of the computationally intensive problem caused by the use

of anchors, but its detection accuracy is currently not ideal.

Attention mechanism and its variants

Attention mechanisms are widely used in many computer vision areas such as image

classification, object detection, instance segmentation, semantic segmentation, scene

parsing, and action localization. The SE (Squeeze-and-Excitation) (Hu, Shen & Sun, 2018)

attention module improves the expressive capability of the network by dynamically

modulating the weight of each channel and recalibrating the features. The global average

collection feature is used to calculate the channel directional attention, and it is worth

noting that the spatial attention problem tends to be neglected. Simultaneously, the

number of parameters will increase obviously due to the use of the full connection layer.

CBAM attentional module cascades channel attention and spatial attention along two

independent dimensions (channel and space) and obtains attentional graphs by means

of global average pooling and maximum pooling. Then, the attentional graphs are

multiplied by the input feature graphs for adaptive feature refinement. The channel

attention module is mainly used to measure the importance of channels to facilitate the

selection of valid channel information. The spatial attention module is used to highlight

the feature information of the target location in the feature map. BAM (Bottleneck

Attention Module) (Park et al., 2018) uses a parallel method to integrate spatial attention

and channel attention. DANet (Dual Attention Network for Scene Segmentation)

proposed by Fu et al. (2019) explored the cross-correlation between each position and

each channel in the input feature map to generate global spatial attention and channel

attention respectively, which has a significant improvement in semantic segmentation

tasks. The SK (Selective Kernel) structure proposed by Li et al. (2019) combines the idea of

SE with the residual network, allowing the network to dynamically select different

receptive fields according to the different scales of the feature map, further expanding the

research on the attention mechanism. Although these attention models improve the

feature expression capabilities of CNNs from different perspectives, they also add a lot of

workload to the network. In this paper, we apply channel and spatial attention modules in
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parallel in LE-SPSANet, so that each module can learn what and where to focus on the

channel and spatial axes, respectively. Different from the attention module in Woo et al.

(2018) and Park et al. (2018), we introduce polarized self-attention (Liu et al., 2021a)

in the spatial dimension and channel dimension, and use Shuffle Units to effectively

combine the two attention mechanisms. This strategy improves detection accuracy while

reducing model capacity.

PROPOSED METHOD

Overall network structure

The network structure designed in this study is shown in Fig. 1, which consists of a

backbone network, a detection neck, and three detection heads for object classification and

localization. Specifically, we first use the refined AsymmNet with SPSA attention as the

backbone network to extract features, which generates three effective feature layers P3, P4,

and P5 to detect small, medium, and large-scale wheat targets, respectively. The neck is

designed to make better use of the features obtained. It reprocesses and rationally uses the

Figure 1 The overall structure of LE-SPSANet: (A) Asymmetric backbone with SPSA attention; (B) the

neck use the structure like PANet; (C) three YOLO detection heads use the feature maps from encoder

blocks in neck; (D) ASB and TanhExp components are provided in Fig. 2C and Eq. (1), respectively.

Full-size DOI: 10.7717/peerj.cs.931/fig-1
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feature maps extracted by backbone at different stages. Then, we utilize top-down path-

aggregation blocks to pass down strong semantic features from higher levels and utilize

bottom-up pyramids to pass up strong localization features from lower levels. This strategy

not only enhances the interfusion between different feature layers but also strengthens

the semantic representation and localization capabilities of the feature graph at multiple

scales. Finally, with overlap rate, scale, and penalty factor considered, the CIOU boundary

regression loss function is used to further improve the detection performance on occluded

and overlapped targets.

Backbone network

AsymmNet is an efficient neural network model designed for computing and power-

constrained devices. The model has the characteristics of small capacity and high

precision. The detection of wheat ears could be affected by weed, wheat leaves and other

factors in some complicated scenarios, making the background texture too complex to

recognize. Considering the existing difficulties in wheat ear detection, this paper adopts

the refined AsymmNet as the backbone network for feature extraction. The specific

network structure is shown in Table 1, where the fourth column represents the number of

channels after the AsymmBottleneck (ASB) internal inverse residual structure rises, the

fifth column represents the number of channels input to the ASB feature layer, and the

sixth column represents whether to join the SPSA attention mechanism. The network

consists of 15 ASB modules which contain Depthwise Separable Convolution, TanhExp

activation function (Liu & Di, 2020) and SPSA attention mechanism to improve its

representation ability.

Table 1 Backbone network structure.

Stage Input Type Exp size Out SPSA Stride

1024*1024*3 conv2d – 16 – 2

P1 512*512*16 ASB, 3*3 16 16 – 1

512*512*16 ASB, 3*3 64 24 – 2

P2 256*256*24 ASB, 3*3 72 24 – 1

256*256*24 ASB, 5*5 72 40 + 2

128*128*40 ASB, 5*5 120 40 + 1

P3 128*128*40 ASB, 5*5 120 40 + 1

128*128*40 ASB, 3*3 240 80 – 2

64*64*80 ASB, 3*3 200 80 – 1

64*64*80 ASB, 3*3 184 80 – 1

64*64*80 ASB, 3*3 184 80 – 1

64*64*80 ASB, 3*3 480 112 + 1

P4 64*64*112 ASB, 3*3 672 112 + 1

32*32*112 ASB, 5*5 672 160 + 2

32*32*160 ASB, 5*5 960 160 + 1

P5 32*32*160 ASB, 5*5 960 160 + 1
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In order to performmulti-scale feature fusion, the output layer of the 6th ASB module is

taken as the P3 layer, the output of the 13th ASB module is taken as the P4 layer, and the

output of the 15th ASB module is taken as the P5 layer. After upsampling, low-level

features with more spatial details are channel-cascaded with high-level features, and

the features of different channels are merged by 1 × 1 convolution. Due to the large

variations in the scale of wheat ears, using only a single-scale feature layer cannot deal with

targets of different scales at the same time. Based on the multi-scale detection strategy

of YOLOv3, three layers are constructed after the fusion of P3, P4, and P5 for the detection

of the large, medium, and small targets of different scales to improve accuracy and

robustness. The asymmetric convolutional backbone network makes the model more

lightweight and the TanhExp activation function speeds up the network training time. Use

of the strategies mentioned all contribute significantly to the excellent performance of

LE-SPSANet.

AsymmBottleneck

Deep Convolutional Neural Network (CNN) has achieved amazing results in wheat ear

detection. However, due to limited memory and computing resources, it is hard to use

these models on mobile or embedded devices. A compact network with fewer parameters

and calculations to obtain good accuracy has become the main solution to the above

problems. Although the compact network method adopts full-precision floating-point

number as weights, it reduces total parameter and operations through a compact

architecture design and minimize the loss of precision. Commonly used techniques

include replacing most of the 3 × 3 filters with 1 × 1 filters. In addition, deep separable

convolutions, channel transformations, and group convolutions can also be used to reduce

operations.

Among them, the depth separable convolution was proposed by Chollet in the Xception

network (Chollet, 2017). It is a combination of a depthwise (DW) convolution and a 1 × 1

pointwise (PW) convolution. DW convolution uses a single-channel filter to learn the

difference between the positions in each channel. PW convolution learns new features by

calculating the linear combination of all input channels. MobileNet series (V1–V3)

(Howard et al., 2017; Sandler et al., 2018; Howard et al., 2019) is the most successful

lightweight CNN model based on deep separable convolution and intelligent architecture

design so far, which is widely used in multiple computer vision tasks.

Sandler et al. (2018) proposed a reverse bottleneck for MobileNetV2. Different

from the original bottleneck design (2(a)), the reverse bottleneck block (2(b)) uses a

low-dimensional (number of input channels) input tensor and expands it into a high-

dimensional tensor through pointwise convolution quantity. The expanded high-

dimensional tensor is sent to the deep separable convolution, and the corresponding

point-wise convolution is subjected to deep convolution. After that, low-dimensional new

features are generated through the linear combination channel. It can be seen that the first

point-to-convolution expands the information flow and increases the capacity, and

the subsequent convolution operator is responsible for the expression of this layer.
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However, AsymmNet believed that the two PW convolutions contribute differently in

the original inverted residual bottleneck block. The first PW convolution is mainly used

to expand the channel, the second DW convolution is used to learn the spatial correlation

of features, and then the next PW convolution is used to learn the channel correlations.

Part of the features of the first PW convolution (that is, the convolution used to do channel

expansion and information expansion) are directly copied and carried to the following

DW convolution, and the saved computation resource through this is used to learn the

features, so that the feature learning ability and expression ability of this Block can be

improved (2(c)). Different types of basic convolution blocks are shown in Fig. 2.

TanhExp activation function

In the process of neural network modeling, nonlinear modeling capabilities are extremely

important to the model. The powerful nonlinear function matching ability of the neural

network is based on its internal activation function. The lightweight neural network

contains only a few network layers with trainable parameters, which limits the ability to

accurately simulate nonlinear functions. Effective activation functions are capable of

improving the performance of these networks without sacrificing speed. The most widely

used activation function is the rectified linear unit (ReLU) because of its simplicity for

calculation and acceptable performance. However, in the case of non-zero mean, ReLU is

the subject of the bias shift problem. Each unit that activates ReLU will cause a slight bias

shift, so a series of units will cause serious situations (Zhou et al., 2020; Manurangsi &

Reichman, 2018). In addition, an average far from zero will also reduce the learning

speed. In the initial stage of DNN, Sigmoid and Tanh are usually adopted as activation

functions due to their nonlinearity. However, the saturation of these two functions will

severely limit the fitting ability of the network and may cause the gradient to disappear.

Liu & Di (2020) were the first to propose the TanhExp activation function to improve

the capacity of lightweight neural network. It integrates the advantages of the ReLU and

Conv

PW

PW

(a) Bottleneck

PW

DW

PW

(b) Inverted bottleneck

PW

DW

PW

(c) AsymmBlock

Figure 2 Different types of basic convolution blocks. (A) Bottleneck. (B) Inverted bottleneck.

(C) AsymmBlock. Full-size DOI: 10.7717/peerj.cs.931/fig-2
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other non-segment activation functions, and therefore has a shorter calculation time. It is

a continuous function with negative values, which causes the average value of activations

to approach zero. Therefore, the learning process is accelerated. Its positive part is

approximately linear, and the gradient close to zero is steeper, which speeds up the update

of network parameters. When the input is greater than 1, the change is not greater than

0.01. In this study, the TanhExp activation function is used to replace ReLU, SiLU,

HardSwish, and other activation functions.The different activation functions are shown in

Fig. 3. TanhExp activation function can be defined in Eq. (1).

fðxÞ ¼ x tanhðexÞ (1)

Shuffle polarized self-attention

The farmland scene is complex and changeable, and thus, it is difficult for the deep

network to effectively extract useful target information, resulting in low detection

accuracy. The attention mechanism is widely used in deep learning models by modeling

the human visual perception mechanism, enabling the network to effectively extract key

information and suppress irrelevant redundant information. However, detection using

only local feature information is prone to false positives and missed detections. Using

global contextual information allows the target to establish long-range dependencies, thus

suppressing the complex background and highlighting the wheat target region from the

overall image perspective. Therefore, global feature extraction is crucial for wheat

detection. The self-attentive mechanism can capture the global information through the

computation of global correlation. Liu et al. (2021a) employed a polarization filtering

mechanism in the PSA, which is similar to optical lenses filtering light. All lateral light is

reflected and refracted during photography. The function of polarization filtering is to only

allow light perpendicular to the transverse direction to pass through, thereby improving

the contrast of the photo. The total intensity is lost due to the filtering process, so the

filtered light usually has a smaller dynamic range and requires additional boosting to

Figure 3 Different activation functions. Full-size DOI: 10.7717/peerj.cs.931/fig-3
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recover the details of the original scene. The polarized self-attention first compresses the

features in one direction and then boosts the strength range of the loss. Combining the

difficulties of wheat ear detection, SPSA attention is given to adaptively select focus

positions and produce a more discriminative representation of the features, this strategy

introduces polarized self-attention to spatial dimension and channel dimension, and

adopts Shuffle Units to combine two types of attention mechanisms effectively. The overall

architecture of the SPSA module is illustrated in Fig. 4.

Feature Groupin. SPSA module first divides a feature tensor of one sample into

multiple groups along the channel dimension. Each sub-feature gradually captures specific

semantic information during the training process. Then, the attention module is used to

calibrate the weight of each sub-feature according to its importance. Specifically, the

sub-feature is split into two branches along the channels dimension. As illustrated in Fig. 4,

one branch is adopted to produce a channel attention map by exploiting the inter-

relationship of channels, focusing on “what” is a meaningful input image. The other

branch is used to generate a spatial attention map by utilizing the inter-spatial relationship

Figure 4 An overview of the proposed SPSA module. Full-size DOI: 10.7717/peerj.cs.931/fig-4
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of features, focusing on “where” the most informative parts are, which complements the

channel attention.

Channel-only branch. The channel attention module is mainly used to measure the

importance of the channel, thereby facilitating the extraction of effective channel

information. The channel attention calculation process can be expressed as follows:

Ach Xð Þ ¼ FSG Wz ðr1ðWtðXÞÞÞ � FSMðr2ðWqðXÞÞÞ
� �� �

(2)

Z
ch ¼ A

ch �ch X (3)

where X is a feature tensor of one sample, where Wq,Wv and Wz are 1 × 1 convolution

layers respectively, σ1 and σ2 are two reshape operators, and FSM(.) is a SoftMax operator,

and “×” is the matrix dot-product operation. where “�ch
” is a channel-wise multiplication

operator.

Spatial-only branch. The spatial attention module is used to highlight the feature

information of the location of the target in the feature map. The spatial attention

calculation process can be expressed as follows:

Asp Xð Þ ¼ FSG r3 FSMðr1ðFGPðWqðXÞÞÞÞ � r2ðWvðXÞÞ
� �� �

(4)

Z
sp ¼ A

spðXÞ�sp X (5)

where X is a feature tensor of one sample, whereWq andWv are standard 1 × 1 convolution

layers respectively, σ1, σ2 and σ3 are three reshape operators, and FSM(.) is a SoftMax

operator. “FGP(.) ” is a global pooling operator and “×” is the matrix dot-product operation.

Where “�sp
” is a channel-wise multiplication operator.

Aggregation. After that, all the sub-features are aggregated. Finally, the channel shuffle

operator (Ma et al., 2018) is used to realize the flow of cross-group information along the

channel dimension, which strengthens the mutual exchange of information.

CIOU boundary regression loss function

Intersection Over Union (IOU) is a common indicator used to judge the accuracy of the

prediction box in target detection. It is used to measure the relative size of the overlap

between the prediction box and the truth box. The larger the overlap between the

prediction box and the real box is, the better the prediction effect becomes. IOU diagram is

illustrated in Fig. 5.

The specific calculation is as follows:

IOU ¼
A \ B

A [ B
¼

M

N
(6)

Figure 5 IOU diagram. Full-size DOI: 10.7717/peerj.cs.931/fig-5

Dong et al. (2022), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.931 12/23



IOU LOSS ¼ 1�
A \ B

A [ B
¼ 1�

M

N
(7)

where A and B represent the areas of predicted and real boundary boxes, M represents

the intersection of two boxes, and N represents the union of two boxes. When the

prediction box does not coincide with the truth box, the IOU value is 0, and the loss

function cannot be differentiated and cannot reflect the position relationship between A

and B. The GIOU loss function solves the problem of no overlap between the two boxes by

adding the smallest rectangular box containing the detection frame and the real frame

(Rezatofighi et al., 2019). The specific calculation is as follows:

GIOU LOSS ¼ 1� IOU þ
C � A [ Bj j

C
(8)

where A and B represent the areas of predicted and real boundary boxes, C represents the

smallest enclosing rectangle containing two boxes A and B.

However, when either prediction box or regression box completely contains the other or

the two boxes are in horizontal and vertical directions, the GIOU loss at this time will

degenerate into ordinary IOU loss and the convergence speed will be slow. On the basis of

the GIOU loss function, the CIOU loss function introduces the scale information of the

aspect ratio of the prediction box, and adds the distance between the center point of

the prediction box and the ground truth box into the loss calculation, thereby improving

the convergence speed and solution accuracy. Due to the high degree of overlap of

wheat ears, CIOU loss is used as the border regression loss function. The specific

calculation is as follows:

CIOU LOSS ¼ 1� CIOU ¼ 1� IOU �
r22
r21
� am

� �

(9)

where r1 represents the diagonal distance of the rectangular box C, r2 represents the

distance between the center of the real box and the predicted box. α is the parameter of

the penalty term, v is used to measure similarity in aspect ratio. Where wgt and hgt is the

width and height of the real box of the predicted target; w and h represents the width and

height of the predicted target.

EXPERIMENTS

Dataset description and analysis

To verify the effectiveness of the proposed algorithm, the Global Wheat Head Detection

(GWHD) dataset was used in this study. The dataset was collected between 2016 and

2019 by nine institutions at 10 different sites, covering genotypes from Europe, North

America, Australia, and Asia (David et al., 2020). There are 4,698 images with size of 1024

× 1024 pixels, and each image contains 20–70 wheat ears.

The dataset covers a range of growing environments with different climate, planting

densities, and unequal row spacing. In this dataset, parameters of the sensor platform and

camera shooting are also different, such as sensor size, camera focal length, ground

sampling distance, half-field range along the diagonal of the image, image acquisition
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height and etc. It is this diversity that gives images a wide range of properties, which will

help train deep learning models and enhance their universality. Some of the image

characteristics of the sub-datasets composing the GWHD dataset are shown in Table 2.

Training detail

The mean of average accuracy (MAP) is a significant index to measure the efficiency of

target detection. MAP is composed of Precision and Recall. The precision rate can reflect

the false detection of the network model detector, and the recall rate can reflect the

problem of the detector’s missed detection target. The formulas of precision rate and recall

rate can be expressed as:

Precision ¼
TP

TP þ FP
(10)

Recall ¼
TP

TP þ FN
(11)

where TP means the positive sample class is retrieved, FP means the negative sample

class is retrieved, FN means the positive sample class is not retrieved, and TN means that

the negative sample class is not retrieved. MAP is the average of different kinds of AP, FPS

is the average number of images detected per second. AP is calculated as follows:

AP ¼

Z 1

0

PðRÞdR (12)

The experiments used Python as the programming language, PyTorch as the deep

learning framework and were run on the high-performance computing platform of

PR4764GW. The hardware and software configurations are shown in Table 3. Before

training, 2,699 wheat ear pictures were randomly selected as training set, 674 wheat ear

pictures as test set. The input image pixels are 1024 × 1024, the batch size is 4, the

maximum number of iterations is 100, the initial learning rate is 0.01, the weight decay rate

Table 2 Some of the image characteristics of the sub-datasets composing the GWHD dataset.

Sub-dataset name Target stage Row spacing (cm) Seeding density Focal length

UTokyo_1 Post-flowering 15.0 186 10.0

UTokyo_2 Flowering 12.5 200 7.0 or 4.0

Arvalis_1 Post-flowering-Ripening 17.5 300 50.0 and 60.0

Arvalis_2 Post-flowering 17.5 300 7.7

Arvalis_3 Post-flow, erring-Ripening 17.5 300 7.7

INRAE_1 Post-flowering-Ripening 16.0 300 7.7

USask_1 n.a 30.5 250 16.0

RRes_1 n.a n.a 350 50.0

ETHZ_1 n.a 12.5 400 35.0

NAU_1 Flowering 20.0 300 or 450 24.0

UQ_1 Flowering-Ripening 22.0 150 55.0
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is set to 0.0005, and the IOU threshold is set to 0.5. The cosine annealing parameter is

0.2, and the Adam optimizer is used to optimize the network parameters. In order to

enhance the generalization ability of the model, methods such as scaling and mirroring the

original image data, rotating within a certain angle range, saturation, and Mosaic, are

adopted.

Experimental results and analysis

Comparison study with other algorithms

To verify the effectiveness of our designed deep neural network for the wheat detection

task, we tested the performance of some mainstream object detection models on the wheat

detection task, for instance, RetinaNet (Lin et al., 2017), Efficientdet (Tan, Pang & Le,

2020), YOLOv3 (Redmon & Farhadi, 2018), YOLOv4 (Bochkovskiy, Wang & Liao, 2020),

YOLOv5(x) (Ultralytics, 2020). The visualization results are shown in Fig. 6.

As the visualization results show, the algorithms (a)–(d) can easily detect most of the

wheat targets, yet the wheat targets in the yellow box with high density and relatively

complex background cannot be effectively detected. Meanwhile, YOLOv5 and

LE-SPSANet show better detection results.

To further evaluate the performance of the proposed method in this paper. The model

capacity, detection speed, and mAP of the above algorithms are compared in this paper.

The experimental results are shown in Table 4.

Efficientdet and RetinaNet are excellent anchor-based object detectors, which need to

extract candidate anchors before making predictions. However, due to the complex

background, dense target, and large amount of overlaps of the wheat spike, they are likely

to miss small and dense objects, leading to relatively low precision of only 85.5% and 91.9%

MAP separately.

YOLOv3 is a classic one-stage object detector which divides the entire image evenly into

multiple grids and directly predicts N anchor sizes for each grid. However, it achieves high

detection accuracy at the cost of much larger capacity, which is detrimental to its

application in resource-limited scenarios. It is worth noting that YOLOv3 shows higher

detection performance compared to YOLOv4. Through the visual detection results (6(c),

6(d)), we found that YOLOV3 has fewer missed detections for dense targets than YOLOv4

in the GWHD dataset and therefore has higher accuracy.

YOLOv4 and YOLOv5 are both mainstream object detectors which perform

optimization in many aspects including activation functions, backbone networks, loss

Table 3 Hardware and software configuration.

Name Parameter

System Ubuntu18.04

GPU NVIDIA GTX 1080Ti-12G

CUDA 10.0

CUDNN 7.3.1

Pytorch 1.8.1
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functions and etc. in the field of CNN in recent years. However, due to the denseness of the

objects in the GWHD dataset, the detection speeds are 14 fps and 10 fps, respectively.

LE-SPSANet is also a one-stage object detection network, but compared to the YOLO

series, the speed can be as high as 25 fps, which is 15fps faster than YOLOv5(x). In terms of

Figure 6 (A–F) Visualization results. Full-size DOI: 10.7717/peerj.cs.931/fig-6

Table 4 The results of each detection algorithm.

Algorithm Input Model size (MB) FPS (frames/s) MAP%

EfficientDet (D0) 512*512 15.07 14 85.5

YOLOv4 416*416 244.29 14 91.2

RetinaNet 416*416 138.91 16 91.9

YOLOv3 416*416 235.04 39 92.1

YOLOv5(x) 1024*1024 177.5 10 93.6

LE-SPSANet 1024*1024 9.0 25 94.4
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accuracy, our network is more suitable for detecting dense objects and multi-scale objects,

which is 8.9% higher than Efficientdet. LE-SPSANet’s MAP is 94.4%, which is 0.8%

more than YOLOv5(x), but its speed is 1.5 times faster and is only 5.07% of it. Therefore, it

can be said that LE-SPSANet has reached a balance between speed, accuracy, and model

size.

Comparison of ablation results

In the context of complex deep learning networks, an ablation study is used to describe the

performance of the network after removing some modules, which is beneficial to better

understanding the influence of different modules. In order to determine the influence of

each module on network performance, this paper sets five groups of experiments for

training respectively. Group1 is the YOLOv5(x) model and groups 2 to 5 are algorithms

with improved modules, where ‘+’ indicates that the improved module is included and “−”

indicates that the improved module is excluded. Experimental results are shown in

Table 5 below. Three representative wheat ear pictures are selected from the test dataset,

and the visual display of the ablation experiment is performed with regard to difficulties of

high overlap, dense wheat ears, and similar background. The visualization results are

shown in Fig. 7.

In the first group, YOLOv5 shows a good detection effect on most wheat ear targets at

the cost of detection speed and model capacity. However, the ability to detect wheat ear

regions with more target overlaps and higher background similarity needs to be improved.

After the backbone network is used with AsymmNet in the second group, the total

parameters decrease to 7.2% of YOLOv5, and the operation speed increases to 23 frames/s

at the expense of accuracy. AsymmNet backbone network is lighter and more efficient

than CSPDarkNet53. Although the introduction of the lightweight backbone network

inevitably causes a decrease in detection accuracy, it ensures that the whole detector

proposed is fast and the number of parameters of the model is small.

In the third group, CIOU is used as the boundary regression loss function, which greatly

improves the detection accuracy of the wheat ear region with more overlaps under the

condition of the same parameter amount, and also improves the detection speed. From the

visualized results, Group3 has improved the detection effect for dense overlaps wheat

ears region compared with Group2, and the missed detection of wheat ears has been

improved. The detection effect for the wheat ears region with the high similarity between

wheat ears and wheat leaves is improved significantly. This also fully illustrates the

Table 5 Comparison of ablation result.

AsymmNet CIOU SPSA TanhExp Model size (MB) FPS (frames/s) MAP%

1 – – – – 177.5 10 93.6

2 + – – – 12.9 23 91.7

3 + + – – 12.9 27 93.5

4 + + + – 9.0 21 94.3

5 + + + + 9.0 25 94.4
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Figure 7 Comparison of the effects of different modules on wheat ear detection. The three pictures

(respectively represent high overlap, densely packed wheat ears, and similar backgrounds) in each row are

a group, namely Group1–Group5. Full-size DOI: 10.7717/peerj.cs.931/fig-7
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effectiveness of the CIOU bounding box regression loss function for detecting dense small

targets.

In the fourth group, SPSA module is added, and the SPSA attention mechanism

improves the sensitivity of the network model to key features, increases the weight of the

wheat features in the network, eliminates irrelevant redundant features, and improves

the robustness of the network. It not only improves the accuracy of the overall prediction

box but also reduces the capacity of the model. In terms of visualization, Group4 has

further improved the detection of dense and overlapping wheat regions compared to

Group3, especially the regions with high overlap.

In the fifth group, we use the TanhExp activation function instead of ReLU, SiLU,

HardSwish, or other activation functions. It reduces the training time and improves the

detection speed without changing the accuracy and model capacity. In terms of its

detection visualization results, it has a better detection effect for wheat with dense and

complex background. This experiment uses the LE-SPSANet algorithm. In conclusion, the

LE-SPSANet algorithm proposed in this paper has great performance and is more suitable

for target detection of wheat ears.

CONCLUSIONS
To improve the accuracy of wheat spike detection in complex farmland scenarios and

facilitate deployment on edge equipment, this paper combines the lightweight and efficient

AsymmNet backbone network to reduce model capacity, improve feature extraction

capabilities, and enrich feature information. In order to highlight the key feature

information and weaken the general redundant information, SPSA is given to filter and

weight the feature vector. CIOU loss is used as the border regression loss, which considered

the center distance, overlap rate, and aspect ratio between the prediction frame and the

truth frame. training time was greatly reduced by using the TanhExp activation function.

The experimental results show that the LE-SPSANet algorithm proposed in this paper

can effectively detect wheat spike targets, and the total parameter is only 5.07% of YOLOv5

(x), the detection speed is increased by 15 frames/s, the model complexity is reduced

by 23.1 times, and the detection accuracy is improved to 94.4%. The next step of this

paper will consider optimizing the network structure, enhancing the generalization

ability of the model, and speeding up the network detection speed while ensuring the

improvement of detection accuracy.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding

This work was supported by NSFC (U1804157, No. 61772576, No. 62072489), the Henan

Science and Technology Innovation Team (CXTD2017091), IRTSTHN (21IRTSTHN013),

The ZhongYuan Science and Technology Innovation Leading Talent Program

(214200510013), and the Program for Interdisciplinary Direction Team in the Zhongyuan

University of Technology. The funders had no role in study design, data collection and

analysis, decision to publish, or preparation of the manuscript.

Dong et al. (2022), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.931 19/23



Grant Disclosures

The following grant information was disclosed by the authors:

NSFC: U1804157, 61772576, 62072489.

Henan Science and Technology Innovation Team: CXTD2017091.

IRTSTHN: 21IRTSTHN013.

ZhongYuan Science and Technology Innovation Leading Talent Program: 214200510013.

Interdisciplinary Direction Team in the Zhongyuan University of Technology.

Competing Interests

Pengcheng Liu is an Academic Editor for PeerJ.

Author Contributions

� Yan Dong conceived and designed the experiments, performed the experiments,

authored or reviewed drafts of the paper, and approved the final draft.

� Yundong Liu conceived and designed the experiments, performed the experiments,

analyzed the data, performed the computation work, authored or reviewed drafts of the

paper, and approved the final draft.

� Haonan Kang analyzed the data, performed the computation work, authored or

reviewed drafts of the paper, and approved the final draft.

� Chunlei Li performed the computation work, authored or reviewed drafts of the paper,

and approved the final draft.

� Pengcheng Liu analyzed the data, prepared figures and/or tables, and approved the final

draft.

� Zhoufeng Liu performed the computation work, authored or reviewed drafts of the

paper, and approved the final draft.

Data Availability

The following information was supplied regarding data availability:

The code is available at GitHub: https://github.com/liuyundong-2020/LE-SPSANet.

The data is available at Zenodo: DAVID, Etienne. (2020). Global Wheat Head Dataset-

2020 challenge version [Data set]. In Plant Phenomics (Version 4). Zenodo. https://doi.

org/10.5281/zenodo.4298502.

REFERENCES
Alharbi N, Zhou J, Wang W. 2018. Automatic counting of wheat spikes from wheat growth

images. In: ICPRAM. 346–355.

Bochkovskiy A, Wang C-Y, Liao H-YM. 2020. Yolov4: optimal speed and accuracy of object

detection. ArXiv preprint. DOI 10.48550/arXiv.2004.10934.

Cao L, Zhang X, Pu J, Xu S, Cai X, Li Z. 2020. The field wheat count based on the efficientdet

algorithm. In: 2020 IEEE 3rd International Conference on Information Systems and Computer

Aided Education (ICISCAE). Piscataway: IEEE, 557–561.

Chollet F. 2017. Xception: deep learning with depthwise separable convolutions. In: Proceedings of

the IEEE Conference on Computer Vision and Pattern Recognition. Piscataway: IEEE, 1251–1258.

Dong et al. (2022), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.931 20/23



Cointault F, Journaux L, Gouton P. 2008. Statistical methods for texture analysis applied to

agronomical images. In: Image Processing: Machine Vision Applications. Vol. 6813. Bellingham:

International Society for Optics and Photonics, 68130W.

David E, Madec S, Sadeghi-Tehran P, Aasen H, Zheng B, Liu S, Kirchgessner N, Ishikawa G,

Nagasawa K, BadhonMA, Pozniak C, de Solan B, Hund A, Chapman SC, Baret F, Stavness I,

Guo W. 2020. Global wheat head detection (GWHD) dataset: a large and diverse dataset of

high-resolution RGB-labelled images to develop and benchmark wheat head detection methods.

Plant Phenomics 2020(2):1–12 DOI 10.34133/2020/3521852.

Fernandez-Gallego JA, Kefauver SC, Gutiérrez NA, Nieto-Taladriz MT, Araus JL. 2018. Wheat

ear counting in-field conditions: high throughput and low-cost approach using RGB images.

Plant Methods 14(1):1–12 DOI 10.1186/s13007-018-0289-4.

Fu J, Liu J, Tian H, Li Y, Bao Y, Fang Z, Lu H. 2019. Dual attention network for scene

segmentation. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern

Recognition. Piscataway: IEEE, 3146–3154.

Girshick R. 2015. Fast R-CNN. In: Proceedings of the IEEE International Conference on Computer

Vision. Piscataway: IEEE, 1440–1448.

Girshick R, Donahue J, Darrell T, Malik J. 2014. Rich feature hierarchies for accurate object

detection and semantic segmentation. In: Proceedings of the IEEE Conference on Computer

Vision and Pattern Recognition. Piscataway: IEEE, 580–587.

Girshick R, Donahue J, Darrell T, Malik J. 2015. Region-based convolutional networks for

accurate object detection and segmentation. IEEE Transactions on Pattern Analysis and Machine

Intelligence 38(1):142–158 DOI 10.1109/TPAMI.2015.2437384.

Han S-Y, Zhou J, Chen Y-H, Zhang Y-F, Tang G-Y, Wang L. 2020. Active fault-tolerant control

for discrete vehicle active suspension via reduced-order observer. IEEE Transactions on Systems,

Man, and Cybernetics: Systems 51(11):6701–6711 DOI 10.1109/TSMC.2020.2964607.

Hasan MM, Chopin JP, Laga H, Miklavcic SJ. 2018. Detection and analysis of wheat spikes using

convolutional neural networks. Plant Methods 14(1):1–13 DOI 10.1186/s13007-018-0366-8.

He K, Gkioxari G, Dollár P, Girshick R. 2017. Mask R-CNN. In: Proceedings of the IEEE

International Conference on Computer Vision. Piscataway: IEEE, 2961–2969.

Howard A, Sandler M, Chu G, Chen L-C, Chen B, Tan M, Wang W, Zhu Y, Pang R, Vasudevan

V, Le QV, Adam H. 2019. Searching for MobileNetv3. In: Proceedings of the IEEE/CVF

International Conference on Computer Vision. Piscataway: IEEE, 1314–1324.

Howard AG, Zhu M, Chen B, Kalenichenko D, Wang W, Weyand T, Andreetto M, Adam H.

2017. Mobilenets: efficient convolutional neural networks for mobile vision applications. ArXiv

preprint. DOI 10.48550/arXiv.1704.04861.

Hu J, Shen L, Sun G. 2018. Squeeze-and-excitation networks. In: Proceedings of the IEEE

Conference on Computer Vision and Pattern Recognition. Piscataway: IEEE, 7132–7141.

Hu T, Zhao J, Zheng R, Wang P, Li X, Zhang Q. 2021. Ultrasonic based concrete defects

identification via wavelet packet transform and GA-BP neural network. PeerJ Computer Science

7(1):e635 DOI 10.7717/peerj-cs.635.

Kong T, Sun F, Liu H, Jiang Y, Li L, Shi J. 2020. Foveabox: beyound anchor-based object

detection. IEEE Transactions on Image Processing 29:7389–7398

DOI 10.1109/TIP.2020.3002345.

Law H, Deng J. 2018. Cornernet: detecting objects as paired keypoints. In: Proceedings of the

European Conference on Computer Vision (ECCV). 734–750.

Li J, Li C, Fei S, Ma C, ChenW, Ding F, Wang Y, Li Y, Shi J, Xiao Z. 2021.Wheat ear recognition

based on RetinaNet and transfer learning. Sensors 21(14):4845 DOI 10.3390/s21144845.

Dong et al. (2022), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.931 21/23



Li X, Wang W, Hu X, Yang J. 2019. Selective Kernel networks. In: Proceedings of the IEEE/CVF

Conference on Computer Vision and Pattern Recognition. Piscataway: IEEE, 510–519.

Lin T-Y, Goyal P, Girshick R, He K, Dollár P. 2017. Focal loss for dense object detection. In:

Proceedings of the IEEE International Conference on Computer Vision. Piscataway: IEEE,

2980–2988.

Liu W, Anguelov D, Erhan D, Szegedy C, Reed S, Fu C-Y, Berg AC. 2016. SSD: single shot

multibox detector. In: European Conference on Computer Vision. Springer, 21–37.

Liu X, Di X. 2020. TanhExp: a smooth activation function with high convergence speed for

lightweight neural networks. ArXiv preprint. DOI 10.48550/arXiv.2003.09855.

Liu Y, Li Q, Yuan Y, Du Q, Wang Q. 2021b. Abnet: adaptive balanced network for multi-scale

object detection in remote sensing imagery. IEEE Transactions on Geoscience and Remote

Sensing 60:1–14 DOI 10.1109/TGRS.2021.3133956.

LiuW, Liao S, Hasan I. 2019. Center and scale prediction: a box-free approach for object detection.

ArXiv preprint. DOI 10.48550/arXiv.1904.02948.

Liu H, Liu F, Fan X, Huang D. 2021a. Polarized self-attention: towards high-quality pixel-wise

regression. ArXiv preprint. DOI 10.48550/arXiv.2107.00782.

Ma N, Zhang X, Zheng H-T, Sun J. 2018. ShuffleNet v2: practical guidelines for efficient cnn

architecture design. In: Proceedings of the European Conference on Computer Vision (ECCV).

116–131.

Madec S, Jin X, Lu H, De Solan B, Liu S, Duyme F, Heritier E, Baret F. 2019. Ear density

estimation from high resolution RGB imagery using deep learning technique. Agricultural and

Forest Meteorology 264:225–234 DOI 10.1016/j.agrformet.2018.10.013.

Manurangsi P, Reichman D. 2018. The computational complexity of training ReLU (s). ArXiv

preprint. DOI 10.48550/arXiv.1810.04207.

Park J, Woo S, Lee J-Y, Kweon IS. 2018. Bam: bottleneck attention module. ArXiv preprint.

DOI 10.48550/arXiv.1807.06514.

Redmon J, Divvala S, Girshick R, Farhadi A. 2016. You only look once: unified, real-time object

detection. In: Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition.

Piscataway: IEEE, 779–788.

Redmon J, Farhadi A. 2017. YOLO9000: better, faster, stronger. In: Proceedings of the IEEE

Conference on Computer Vision and Pattern Recognition. Piscataway: IEEE, 7263–7271.

Redmon J, Farhadi A. 2018. YOLOv3: an incremental improvement. ArXiv preprint.

DOI 10.48550/arXiv.1804.02767.

Ren S, He K, Girshick R, Sun J. 2015. Faster R-CNN: towards real-time object detection with

region proposal networks. Advances in Neural Information Processing Systems 28:91–99

DOI 10.48550/arXiv.1506.01497.

Rezatofighi H, Tsoi N, Gwak J, Sadeghian A, Reid I, Savarese S. 2019. Generalized intersection

over union: a metric and a loss for bounding box regression. In: Proceedings of the IEEE/CVF

Conference on Computer Vision and Pattern Recognition. Piscataway: IEEE, 658–666.

Sandler M, Howard A, Zhu M, Zhmoginov A, Chen L-C. 2018. MobileNetv2: inverted residuals

and linear bottlenecks. In: Proceedings of the IEEE Conference on Computer Vision and Pattern

Recognition. Piscataway: IEEE, 4510–4520.

TanM, Pang R, Le QV. 2020. EfficientDet: scalable and efficient object detection. In: Proceedings of

the IEEE/CVF Conference on Computer Vision and Pattern Recognition. Piscataway: IEEE,

10781–10790.

Dong et al. (2022), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.931 22/23



Teng Z, Duan Y, Liu Y, Zhang B, Fan J. 2021. Global to local: clip-LSTM-based object detection

from remote sensing images. IEEE Transactions on Geoscience and Remote Sensing 60:1–13

DOI 10.1109/TGRS.2021.3064840.

Tian Z, Shen C, Chen H, He T. 2019. Fcos: fully convolutional one-stage object detection. In:

Proceedings of the IEEE/CVF International Conference on Computer Vision. Piscataway: IEEE,

9627–9636.

Ultralytics. 2020. YOLOv5. GitHub. Available at https://github.com/ultralytics/yolov5.

Wang C-Y, Bochkovskiy A, Liao H-YM. 2021. Scaled-YOLOv4: scaling cross stage partial

network. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern

Recognition. Piscataway: IEEE, 13029–13038.

Wangli H, Peiyan Y, Fei H, Meng H, Jiwan H, Weirong S, Fuzhong L. 2021. Foxtail Millet ear

detection approach based on YOLOv4 and adaptive anchor box adjustment. Smart Agriculture

3(1):63 DOI 10.12133/j.smartag.2021.3.1.202102-SA066.

Woo S, Park J, Lee J-Y, Kweon IS. 2018. CBAM: convolutional block attention module. In:

Proceedings of the European Conference on Computer Vision (ECCV). 3–19.

Xu X, Li H, Yin F, Xi L, Qiao H, Ma Z, Shen S, Jiang B, Ma X. 2020. Wheat ear counting using

K-means clustering segmentation and convolutional neural network. Plant Methods 16(1):1–13

DOI 10.1186/s13007-020-00648-8.

Yang B, Gao Z, Gao Y, Zhu Y. 2021. Rapid detection and counting of wheat ears in the field using

YOLOv4 with attention module. Agronomy 11(6):1202 DOI 10.3390/agronomy11061202.

Yang H, Shen Z, Zhao Y. 2021. AsymmNet: towards ultralight convolution neural networks using

asymmetrical bottlenecks. In: Proceedings of the IEEE/CVF Conference on Computer Vision and

Pattern Recognition. Piscataway: IEEE, 2339–2348.

Zhao J, Hu T, Zheng R, Ba P, Mei C, Zhang Q. 2021. Defect recognition in concrete ultrasonic

detection based on wavelet packet transform and stochastic configuration networks. IEEE Access

9:9284–9295 DOI 10.1109/ACCESS.2021.3049448.

Zheng Z, Wang P, LiuW, Li J, Ye R, Ren D. 2020.Distance-IoU loss: faster and better learning for

bounding box regression. ArXiv preprint. DOI 10.48550/arXiv.1911.08287.

Zhou Y, Li D, Huo S, Kung S-Y. 2020. Soft-root-sign activation function. Available at https://

arxiv.org/abs/2003.00547#:~:text=The%20choice%20of%20activation%20function,used%

20activation%20function%20is%20ReLU.

Zhou C, Liang D, Yang X, Yang H, Yue J, Yang G. 2018.Wheat ears counting in field conditions

based on multi-feature optimization and TWSVM. Frontiers in Plant Science 9:1024

DOI 10.3389/fpls.2018.01024.

Zhou X, Zhuo J, Krahenbuhl P. 2019. Bottom-up object detection by grouping extreme and center

points. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern

Recognition. Piscataway: IEEE, 850–859.

Zhu C, He Y, Savvides M. 2019. Feature selective anchor-free module for single-shot object

detection. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern

Recognition. Piscataway: IEEE, 840–849.

Zhu X, Lyu S, Wang X, Zhao Q. 2021. TPH-YOLOv5: improved YOLOv5 based on transformer

prediction head for object detection on drone-captured scenarios. In: Proceedings of the IEEE/

CVF International Conference on Computer Vision. Piscataway: IEEE, 2778–2788.

Zhu X, Su W, Lu L, Li B, Wang X, Dai J. 2020. Deformable DETR: deformable transformers for

end-to-end object detection. ArXiv preprint. DOI 10.48550/arXiv.2010.04159.

Dong et al. (2022), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.931 23/23


	Lightweight and efficient neural network with SPSA attention for wheat ear detection
	Introduction
	Related work
	Proposed method
	Experiments
	Conclusions
	References


