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Abstract 12 

Spodoptera frugiperda is a migratory and destructive crop pest. The number of eggs is 13 

an important method to evaluate the pest situation, which can be estimated by the area 14 

of egg mass. The traditional manual method is inefficient, but the new method of egg 15 

mass image recognition improves the efficiency of eggs number estimation. In this 16 

paper, the optimized Faster-RCNN target detection algorithm was used to recognize the 17 

egg mass image of Spodoptera frugiperda. The Maximum Between-Class Variance 18 

method (Otsu) was used for threshold segmentation to obtain the position, shape and 19 

size of the egg mass and calculate the area of the egg mass. The mean value of the 20 

relative error of the egg mass area in the test samples was -0.02032, and the minimum 21 

value was -0.00047. The experimental results show that the egg area calculation method 22 

proposed in this paper is fast and accurate, which can meet the requirements of egg area 23 

measurement. 24 

Key words: Spodoptera frugiperda, Identification of egg; Estimation of area; Faster-25 

RCNN; Maximum Between-Class Variance method 26 

1. Introduction 27 

Spodoptera frugiperda is a kind of migratory and destructive herbivorous insect, 28 

which has become a global agricultural pest 1-4. The egg granules are dome-shaped and 29 

hemispherical, with a diameter of about 0.4 mm and a height of about 0.3 mm. The egg 30 

mass usually consists of 100 to 200 eggs stacked together and is covered with a pale 31 

                             
* Corresponsing author. E-mail address: yinqiaopeng@163.com (Y. Peng) 
 

 

mailto:yinqiaopeng@163.com


gray villous protective layer 5,6. The main prevention and control measures include 32 

monitoring technology, agricultural control, physicochemical control, biological 33 

control and chemical control. Accurate monitoring based on local insect situation and 34 

migration can effectively control the harm of Spodoptera frugiperda 7. The number of 35 

egg granules is an important criterion to evaluate and predict the damage degree of 36 

insect pests. The traditional method of counting egg granules by hand has low efficiency, 37 

high labor intensity and low accuracy. Friedland et al. 8 used the image processing 38 

software Optimas to calculate the fish eggs without overlap, and the error rate in the 39 

experimental sample was 1%, but this method needed to set the threshold of image 40 

segmentation artificially. Duan et al. 9 used threshold segmentation, morphological 41 

operation and watershed segmentation to segment egg images and count the eggs of 42 

pelagic fish in the MATLAB programming environment. Yang et al. 10 used background 43 

estimation, morphological image processing, background subtraction, stretching, image 44 

thresholding, gray-level transformation, labeling and counting methods to 45 

automatically detect and count mantispid eggs. Zhang et al. 11 proposed a method of 46 

shrimp egg counting based on convolutional neural network, built a shrimp egg 47 

counting device based on computer vision, and developed a computer operating 48 

program to count shrimp eggs in images. The average counting accuracy of this method 49 

is 99.2%. LI Zi-Yuan et al. 12 proposed a simple method to estimate the number of eggs 50 

in the egg mass of spodoptera frugiperda, and established an exponential function 51 

model of eggs number and egg mass area, which provided a reference for the rapid 52 

estimation of the number of eggs. There is a positive correlation between the number 53 

of eggs and the area of egg mass. It is an effective method to estimate and count the 54 

number of eggs by measuring the area, but it is inefficient to measure and calculate the 55 

area of egg mass by hand. Based on the function model of egg number and egg mass 56 

area, this paper uses deep learning method and image processing technology to obtain 57 

the egg area of spodoptera frugiperda and quickly estimate the egg number. 58 

Deep learning is a new research direction in the field of machine learning 13. In 59 

recent years, it has become an effective method of feature representation and achieved 60 

significant breakthroughs in the field of target detection. Target detection is to extract 61 

the target from the image and then determine target classification 14. Target detection 62 

algorithms are mainly divided into target detection based on candidate regions, such as 63 

RCNN, Fast-RCNN and Faster-RCNN 15, and target detection based on regression 64 

method, such as YOLO 16. Fu et al. 17 adopted the improved YOLOV3-Tiny model to 65 



realize the rapid detection of kiwifruit on small hardware devices, while ensuring the 66 

real-time detection. Li et al. 18 respectively adopted Faster-RCNN, YOLOV3 and SSD 67 

to detect the target of agricultural greenhouses in high spatial resolution images. Wu et 68 

al. 19 adopted the YOLOV3 deep learning algorithm and the classification method of 69 

lame and non-lame cows based on the relative step size vector, and realized the 70 

intelligent detection of lame cows. Yarak et al. 20 used Faster-RCNN for automatic 71 

detection and health classification of oil palm, and compared the Faster-RCNN model 72 

using two deep full convolutional networks, Resnet50 and VGG16, respectively. Jin et 73 

al. 21 used Fast-RCNN to detect the cross section of wheat stem in the field and realized 74 

the detection of wheat spike density. Zhou et al. 22 adopted the improved Faster-RCNN 75 

algorithm to realize strawberry target detection in ground RGB images, and the average 76 

accuracy reached more than 86%. Li et al.23 proposed an improved lightweight target 77 

detection method based on YOLOv3, which realized the identification of typical 78 

obstacles in the orchard, such as people, cement columns, telephone poles, etc. The 79 

above studies provide a reference for the application of target detection network in the 80 

field of agriculture. However, there are few studies on the egg mass of agricultural pests 81 

by deep learning algorithm. 82 

In this paper, the Faster-RCNN target detection network was used to identify the 83 

eggs of spodoptera frugiperda in the image, and the deep full convolutional network 84 

VGG16 in Faster-RCNN was replaced with Resnet50 to optimize the model. Then the 85 

identified egg was binarized by the Maximum Between-Class Variance method (Otsu) 86 

to get the exact size and shape of the egg, and finally the area of the egg was calculated. 87 

2. Materials and Methods 88 

The data set in this paper was obtained by photographing the egg mass of the 89 

captive reared spodoptera frugiperda in the laboratory. Under the condition of sufficient 90 

and uniform light, the collected eggs were placed on a tray, and the eggs were 91 

photographed with a camera. There are 844 images of egg mass in the dataset, of which 92 

458 have a resolution of 5632*4224,38 have a resolution of 3024*4032,348 have a 93 

resolution of 3456*4608.The sample image of egg mass collected is shown in Fig. 1. 94 

In order to enhance the anti-interference ability and generalization ability of the 95 

model, part of images in the data set were randomly selected for data augmentation 96 

before the training data set, including random rotation, flipping, stretching, etc. 97 

Through the data augmentation method, the images of the data set were increased from 98 

844 to 949. The comparison before and after the data augmentation is shown in Fig. 2. 99 



Before training, a rectangular frame was manually labeled on the area where the 100 

egg mass was in each image with the Labeling tool to obtain the real frame. The egg 101 

mass was labeled as EGG, and an image example after Labeling was shown in Fig. 3. 102 

Faster-RCNN 15 is the third generation of RCNN series algorithm proposed by 103 

Ren Shaoqing et al in 2016. The structure of Faster-RCNN shown in Fig. 4 includes 104 

deep full convolutional network, Region Proposal Networks (RPN), ROI Pooling 105 

module, target classification and positioning module24-26.  106 

The commonly used deep full convolutional network for Faster-RCNN is VGG16, 107 

whose structure is shown in Fig. 5. In the VGG16 network structure 27,28, there are 13 108 

convolution layers, all of which adopt 3×3 convolution kernel with step size of 1, which 109 

can increase the depth of the network and reduce the number of total parameters at the 110 

same time. A nonlinear activation layer with ReLU is usually carried out after each 111 

convolution layer. The pooling layer is used for subsampling and adopts the pooling 112 

core of 2×2, the step size of 2, and the filling method of SAME. After the image passes 113 

through the deep full convolutional network, the feature map is generated. 114 

The algorithm structure of Region Proposal Networks (RPN) is shown in Fig. 6. 115 

Region Proposal Networks (RPN) generates anchor boxes of different sizes and 116 

proportions on the pixels of feature map generated by the deep full convolutional 117 

network, and then uses these anchor boxes and ground-truth boxes in the picture to 118 

calculate Intersection over Union (IoU). Non-maximum suppression is used to 119 

eliminate overlapped anchor boxes. For the rest of the anchor boxes, the classification 120 

probability is calculated using the SoftMax function, and the position and size are 121 

adjusted using the regression method to get the proposed boxes.  122 

The ROI pooling module combines the proposed box of different sizes generated 123 

by RPN with the feature map generated by the deep full convolutional network. The 124 

mapping is formed on the feature map according to the size and position information 125 

of the proposed box, and then the maximum pooling operation is carried out to generate 126 

the feature vector of the same size, which contains the size, position and classification 127 

information of the proposed box. Finally, the full connection network is used to 128 

complete the final classification and positioning.  129 

The loss function of Faster-RCNN 15 is defined as 130 𝐿({𝑃𝑖}, {𝑡𝑖}) = 1𝑁𝑐𝑙𝑠 ∑ 𝐿𝑐𝑙𝑠(𝑃𝑖, 𝑃𝑖∗)𝑖 + 𝜆 1𝑁𝑟𝑒𝑔 ∑ 𝑃𝑖∗𝐿𝑟𝑒𝑔(𝑡𝑖, 𝑡𝑖∗)𝑖            (1) 131 

Here, i is the index value in a batch, and 𝑃𝑖 is the prediction probability of the 132 



ith anchor box. The value of 𝑃𝑖∗ is 1 if the ground-truth tag in the real bounding box 133 

represents a positive example, otherwise its value is 0. 𝑡𝑖 is the vector of the prediction 134 

bounding box, and 𝑡𝑖∗ is the vector of the positive example ground-truth bounding box. 135 𝐿𝑐𝑙𝑠  is the classification loss, 𝐿𝑟𝑒𝑔  is the regression loss.  𝑁𝑐𝑙𝑠  and 𝑁𝑟𝑒𝑔  are 136 

respectively the number of images and the number of anchor frames in each small batch. 137 

In the deep learning task, due to the complexities of the shape, color and other 138 

features of the target in the image, a deeper convolutional neural network is needed. As 139 

the depth of the network increases, the accuracy reaches saturation and then rapidly 140 

degrades. The deeper the network is, the greater the training error and testing error will 141 

be, and the gradient will disappear or explode. In order to solve this problem, He 142 

Kaiming et al. 29 introduced residual structure and proposed deep residual network 143 

ResNet. Deep residual network has been widely used due to its remarkable parameter 144 

optimization capability 30-31. The deep residual network is composed of residual units, 145 

which are divided into 2-layer residual units and 3-layer residual units, as shown in Fig. 146 

7. 147 

Resnet has a variety of network structures, including 18 layers, 34 layers, 50 148 

layers, 101 layers and 152 layers. Resnet18 and Resnet34 use 2-layer residual units, 149 

and Resnet50, Resnet101 and Resnet152 use 3-layer residual units. The structure of the 150 

RESNET-N network is shown in Table 1. Considering the accuracy of defect detection 151 

and actual computing ability, this paper uses Resnet50 to replace the deep full 152 

convolutional network VGG16 in Faster-RCNN algorithm to optimize the model. 153 

After using the target detection algorithm to get the position information of the 154 

egg mass in the picture, it is necessary to further calculate the proportion of the egg 155 

mass in the whole picture to calculate the more accurate area of the egg mass. The 156 

output box in the image is intercepted, and then the intercepted image is converted into 157 

a binary image. Image binarization is to convert digital images into black and white 158 

images, which is a simple thresholding process. Pixels whose gray level is lower than 159 

a given threshold are divided into one class, and the remaining pixels are divided into 160 

another class. The segmentation algorithm can be expressed as 161 𝑔(𝑥, 𝑦) =162 { 255,    𝑓(𝑥, 𝑦) < 𝑇0,       𝑓(𝑥, 𝑦) > 𝑇                                            (2)                    163 

Here, f(x,y) is the grayscale value of coordinate points whose coordinates are (x,y) 164 

in the gray image, T is the segmentation threshold, and g(x,y) is the grayscale value of 165 



coordinate points whose coordinates are (x,y) in the image after binarization. Selecting 166 

the size of threshold T is the key to image segmentation. 167 

Many image binarization methods have been proposed, among which the most 168 

classic is the Maximum Between-Class Variance method (Otsu) 32. According to the 169 

gray characteristics of the image, the image is divided into foreground and background. 170 

When the between-class variance between foreground and background is the largest, it 171 

indicates that the difference between foreground and background is large, and the 172 

threshold is the best. For the image to be processed, the probability distribution of 173 

grayscale is 174 

{𝑃𝑖 =  𝑛𝑖𝑁                                       ∑ 𝑃𝑖 = 𝑛0+𝑛1+⋯+𝑛𝐿−1𝑁 = 1𝐿−1𝑖=0                                           175 

(3) 176 

Here, ni is the number of pixels with gray value i in the image, N is the total 177 

number of pixels in the image, L is the gray level of the image, and Pi is the probability 178 

of pixels with gray value i. 179 

A threshold value t is selected to divide the gray level in the image into two parts, 180 

C0 =(0,1,2, t) and C1=(t+1,t+2, L-1). The probability of both can be expressed as 181 𝜔0182 

= ∑ 𝑃𝑖𝑡
𝑖=0183 

= 𝜔(𝑡)                                                                (4) 184 𝜔1 = ∑ 𝑃𝑖 = 1 −𝐿−1𝑖=𝑡+1185 𝜔(𝑡)                                                 (5)                        186 

The mean of the probabilities can be expressed as 187 𝜇0 = ∑ 𝑖𝑃𝑖𝜔0 =𝑡𝑖=0188 𝜇(𝑡)𝜔(𝑡)                                                                (6189 

) 190 𝜇1 = ∑ 𝑖𝑃𝑖𝜔1 =𝐿−1𝑖=𝑡+1191 𝜇𝑇(𝑡)−𝜇(𝑡)1−𝜔(𝑡)                                                   (7) 192 

The variance can be expressed as: 193 



𝜎02194 

= ∑ (𝑖 − 𝜇0)2𝑃𝑖𝜔0
𝑡

𝑖=0                                                                  (8) 195 

𝜎12 =196 ∑ (𝑖−𝜇1)2𝑃𝑖𝜔1                                                                   𝐿−1𝑖=𝑡+1197 

(9) 198 

The inter-class variance can be expressed as: 199 𝜎𝐴2 = 𝜔0(𝜇1 − 𝜇𝑇)2 + 𝜔1(𝜇1 − 𝜇𝑇)2 = 𝜔0𝜔1(𝜇1 − 𝜇0)2               (10) 200 

Each number between 0 and 255 is selected as the selected threshold t to calculate 201 

the between-class variances respectively. The t value with the largest between-class 202 

variance is selected as the threshold T of image segmentation, and the image is 203 

transformed into a binary image. After the intercepted image is converted into a binary 204 

image, the position, size and shape of the egg mass are determined in the original image 205 

according to the size and position of the output box of Faster-RCNN and the converted 206 

binary image. In the original image, the part of the egg mass is represented by white 207 

pixels, while the rest is represented by black pixels. The area of the egg mass can be 208 

calculated using the proportion of the white part in the original image. The egg mass 209 

area is calculated as follows: 210 𝑤ℎ𝑖𝑡𝑒_𝑝𝑒𝑟𝑐𝑛𝑒𝑡211 =  𝑤ℎ𝑖𝑡𝑒_𝑛𝑢𝑚𝑎𝑙𝑙_𝑛𝑢𝑚                                                    (11) 212 

        𝑆 =  𝑤ℎ𝑖𝑡𝑒_𝑝𝑒𝑟𝑐𝑒𝑛𝑡 ×213 𝑡𝑟𝑢𝑡ℎ_𝑎𝑟𝑒𝑎                                           (12) 214 

Here, white_num is the number of white pixels in the picture, all_num is the 215 

number of pixels in the picture, white_percent is the percentage of white pixels in the 216 

picture, truth_area is the real area of the picture, and S is the calculated egg area.  217 

In order to verify the accuracy of the calculation results, the length and width of 218 

the egg mass were measured manually and the real area of the egg mass was calculated. 219 

The egg mass of Spodoptera frugiperda is irregular in shape. In order to make the 220 

measured data closer to the real value and reduce the error in the measurement process, 221 

the measurement is carried out at three different points when measuring the length and 222 

width, and each point is repeated three times. Then average the data. The egg mass area 223 

is calculated according to the approximate elliptical area formula [12], and the egg mass 224 



area is expressed as 225 𝑋 = 𝐿 × 𝑊 × 𝜋4                         (13) 226 

Here, L is the length of the egg mass, W is the width of the egg mass, and X is the 227 

area of the egg mass. 228 

In order to obtain the true area of the original image, the square drawing paper is 229 

used as the background of the image. Place the egg mass to calculate the area on the 230 

square drawing paper. For ease of calculation, the resolution of the camera image is set 231 

to 1:1 for shooting, and the resolution of the image obtained is 4224*4224. As shown 232 

in Fig. 8, the size of each small square in the figure is 1mm * 1mm, and the real area of 233 

the whole picture can be obtained by counting the number of squares.  234 

In summary, after the output frame is obtained by using Faster-RCNN, the image 235 

in the output frame is divided, and then formula 11, 12 and 13 are used to calculate the 236 

area of egg blocks. 237 

3. Results 238 

In the training phase of Faster-RCNN, 90 percent of the images are used for 239 

training and the remaining 10 percent for validation. The initial learning rate was 240 

selected as 0.005, the attenuation coefficient was selected as 0.33, the batch size was 241 

selected as 2, and the epoch was selected as 100. The experimental computer was 242 

configured with NVIDIA GeForce RTX 2060 GPU, and the model was built using 243 

Python based on PyTorch deep learning framework. 244 

Common model evaluation indexes in target detection models include accuracy, 245 

precision, recall, etc. [18,24]. Accuracy is the proportion of the number of correct 246 

predictions to the number of observations. Precision is the proportion of correctly 247 

predicted samples in all positive samples. The recall rate is the proportion of correct 248 

predictions in all positive samples. Since recall rate and precision rate were 249 

contradictory, the model was evaluated using AP of average accuracy in the same 250 

category and mAP of average accuracy in different categories. By lowering the 251 

classification threshold, the recall rate and corresponding precision under each 252 

threshold were calculated, the precision-recall curve was drawn, and the area enclosed 253 

by the curve and the coordinate axis was calculated. The larger the area, the better the 254 

prediction effect of the model would be. Since there is only one classification type in 255 

the experiment in this paper, the value of AP and the value of mAP are equal. 256 

In this paper, the performance of the model is evaluated comprehensively with 257 



multiple indexes. In order to evaluate the performance of the improved model, the 258 

improved model of deep full convolutional network replacing VGG16 with Resnet50 259 

was compared with the original model in the training and testing process. In the training 260 

process, the loss change process of training and validation is shown in Fig. 9. With the 261 

increase of the number of training epochs, the errors of all models decreased 262 

continuously, and the decline rate of the improved model was faster. After 100 epochs 263 

of training, the minimum losses of the original model in the training set and the test set 264 

were 0.640 and 0.656, respectively, while the minimum losses of the improved model 265 

in the training set and the test set were 0.571 and 0.650, respectively. The mAP of 266 

different models are shown in Table 2. The mAP of the improved model are all higher 267 

than those of the original model. The accuracy of the improved model and the original 268 

model were 80.82% and 80.64%, respectively. The precision-recall curves of different 269 

models are shown in Fig. 10. The area of the improved model is larger than that of the 270 

original model. An example of improved model detection results is shown in Fig. 11. 271 

The comparison results of the above data indicate that the performance of the Faster-272 

RCNN model using RESNET50 as a deep full convolutional network is superior to the 273 

original Faster-RCNN model. 274 

After the egg mass quality and position in the image are obtained by the target 275 

detection method, the image in the output box is intercepted, as shown in Fig. 12. The 276 

intercepted image is converted into gray image, and then it is converted into binary 277 

image by the Maximum Between-Class Variance method, as shown in Fig. 13. After 278 

the part of egg mass in the original image is represented by white pixels and the 279 

remaining part is represented by black pixels, the binary image of the original image is 280 

obtained, as shown in Fig. 14. The egg mass area calculated by equations 11 and 12 and 281 

the actual egg mass area calculated by equation 13 are shown in Table 3. As can be seen 282 

from Table 3, the average relative error in 16 test samples is -0.02032, and the minimum 283 

value is -0.00047, which can meet the requirements of egg mass area measurement. 284 

4. Conclusion 285 

In this paper, 844 images of egg mass of spodoptera frugiperda were collected, 286 

and the data were augmented random flipping, rotating, stretching and other methods. 287 

Resnet50 was used to replace VGG16 to optimize Faster-RCNN to detect egg masses 288 

in the image. The Maximum Between-Class Variance method is used to convert the 289 

image in the output box into a binary image, and then the area of egg quality is 290 

calculated. The average relative error of egg mass area was -0.02032, and the minimum 291 



value was -0.00047. Compared with the traditional manual method, the optimized 292 

Faster-RCNN and the Maximum Between-Class Variance method were used to 293 

calculate the egg mass area and estimate the egg number, which greatly improved the 294 

efficiency and precision of egg mass statistics, and provided a new idea for the 295 

evaluation of the severity of agricultural insect pests. In the industry, the detection of 296 

targets requires real time. However, the processing time of the method in this paper is 297 

about 3 seconds. Therefore, in the following research, we will look for a more rapid 298 

detection method to improve its practicability. 299 
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Figure 1. An example image of the egg mass of spodoptera frugiperda. 411 

 412 

Figure 2. Comparison of example image before and after data augmentation: (a) 413 

original image;(b) Image flipped horizontally;(c) Image flipped up and down;(d) 414 

Image rotated 180 degrees counterclockwise;(e) Image rotated 90 degrees 415 

counterclockwise;(f) transposed image. 416 

 417 

Figure 3. An example of labeled egg mass image. 418 

 419 

Figure 4. Structural diagram of Faster-RCNN. 420 

 421 

Figure 5. Structure diagram of VGG16. 422 

 423 

Figure 6. The algorithm structure of Region Proposal Networks. 424 

 425 

Figure 7. Structure diagram of two types of residual units;(a) 2-layer residual 426 

units;(b) 3-layer residual units. 427 

 428 

Figure 8. An example image used to calculate the area. 429 

 430 

Figure 9. Loss values of the two Faster-RCNN models;(a) training set loss;(b) 431 

verification set loss. 432 

 433 

Figure 10. Precision-recall curves of the two Faster-RCNN models;(a) the original 434 

model;(b) the improved model. 435 

 436 

Figure 11. Sample test results of the improved model. 437 

 438 

Figure 12. An example of original image and image intercepted from output box;(a) 439 

original image;(b) image intercepted from output box. 440 

 441 



Figure 13. An example of grayscale image and binarization image of output box;(a) 442 

grayscale image of output box;(b) binarization image of output box 443 

 444 

Figure 14. An example of the binary image of the original image 445 

 446 
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Figure 1

An example image of the egg mass of spodoptera frugiperda.



Figure 2

Comparison of example image before and after data augmentation: (a) original image;(b) Image �ipped
horizontally;(c) Image �ipped up and down;(d) Image rotated 180 degrees counterclockwise;(e) Image
rotated 90 degrees counterclockwise;(f) transposed image.

Figure 3

An example of labeled egg mass image.



Figure 4

Structural diagram of Faster-RCNN.



Figure 5

Structure diagram of VGG16.

Figure 6

The algorithm structure of Region Proposal Networks.

Figure 7

Structure diagram of two types of residual units;(a) 2-layer residual units;(b) 3-layer residual units.



Figure 8

An example image used to calculate the area.

Figure 9

Loss values of the two Faster-RCNN models;(a) training set loss;(b) veri�cation set loss.

Figure 10

Precision-recall curves of the two Faster-RCNN models;(a) the original model;(b) the improved model.

Figure 11

Sample test results of the improved model.

Figure 12

An example of original image and image intercepted from output box;(a) original image;(b) image
intercepted from output box.

Figure 13

An example of grayscale image and binarization image of output box;(a) grayscale image of output box;
(b) binarization image of output box

Figure 14

An example of the binary image of the original image
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