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Abstract: Aiming at the influence of the backbone network and candidate frames on 

the recognition accuracy, a simplified network model YOLOv3 algorithm that is more 

suitable for feature fusion is proposed: the simplified backbone network Darknet-19 is 

adopted to optimize the network structure. The output of the max pooling operation 

is used as the subsequent feature fusion input. The convolution operation is added to 

adjust the anchor frame in advance, and GIOU (Generalized IOU) is used as the 

distance metric to avoid the Iou problem that the algorithm cannot continue to 

optimize, and to provide new ideas for improving the performance of model detection. 
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1. Introduction 

Target detection [1] is the classification and position determination of targets in the 

input image. As one of the important research directions in the field of computer vision, 

it is widely used in the fields of face recognition and unmanned driving. When deep 

learning [2] has not been widely used, traditional target detection uses manual manual 

extraction of feature information. In this process, it is inevitable that there will be 

incomplete feature information extraction, which will affect the recognition effect. The 

application of deep learning has greatly promoted the development of target detection, 

and it has also made the target detection based on deep learning gain widespread 

attention. The target detection algorithm based on deep learning can be divided into 

two-stage target detection algorithm and single-stage target detection algorithm 

according to the generation of candidate frames [3]. The two-stage target detection 

algorithm is to generate a candidate frame on the input image, and make a secondary 

correction based on the candidate frame area to obtain the detection result. The 

common two-stage target detection model is RCNN (region conventional neural 

network) proposed by Girshick et al.[4] And improved Fast RCNN[5], Faster RCNN[6], 

and then Feng Xiaoyu and others will Faster RCNN is used in aerial target detection 

[7]. The single-stage target detection algorithm directly calculates the input image to 
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generate the detection result. Due to the inefficiency of the two-stage target detection 

algorithm, the YOLOv1 [8] algorithm is proposed. The proposal of the YOLO series of 

algorithms makes the target detection algorithm divided into single and double stages, 

because it discards the candidate frame extraction branch in the algorithm, and 

directly combines feature extraction, candidate frame classification and regression in 

the same branchless deep convolutional network Realization makes the network 

structure simple, but the positioning and classification accuracy of this algorithm is 

relatively low. The SSD (single shot multiBox detector) [9] algorithm proposed by Liu 

et al. balances the detection speed and detection accuracy of the single-stage target 

detection algorithm. The SSD uses VGG-16 [10] as the model basis and adds a 

convolutional layer to obtain More feature maps are used for detection. The YOLOv2 

algorithm proposed by Redmon and Farhadi [11], the backbone network of which is 

the Darknet-19 network, in view of the low detection accuracy of the YOLOv2 

algorithm, and the YOLOv3 algorithm is proposed. This algorithm uses multi-scale 

feature fusion for object detection, and has good application effects in target detection 

tasks in different fields. At the same time, the algorithm has many complex network 

parameters and performs poorly in real-time target detection tasks. 

Aiming at the above problems, this research proposes an improved YOLOv3 detection 

algorithm. First use the Darknet-19 network as the backbone network and optimize 

the network structure to meet the multi-scale fusion operation; in order to avoid the 

IOU value of 0, the algorithm cannot continue to be optimized, use GIOU as the 

distance metric; in order to make the anchor frame more accurate Convolution 

operation preprocesses it; compared with other detection algorithms, the proposed 

method has a significant improvement in the overall mAP value of the model, and has 

a better improvement in training time, network parameters and recognition rate. 

 

2. Mechanical Analysis 

2.1 Improve the backbone network to improve detection performance 

Redmom and Farhadi proposed the YOLOv3 [12] model, which uses the Darknet-53 

residual network as the backbone network and combines feature pyramid networks 

(FPN) [13] for multi-scale fusion prediction. The backbone network of the YOLOv2 

algorithm is the Darknet-19 network, which consists of 19 convolutional layers and 5 

pooling layers. The Darknet-19 network structure is adjusted here, the first maximum 

pooling layer is removed, and the average pooling layer is modified to the maximum 

pooling layer. The 18 convolutional layers and 5 maximum pooling layers after the 

above modification are used as the network structure used by the YOLOv3 algorithm. 

YOLOv3 uses Darknet-19 as the backbone network, and outputs feature maps of the 

11, 17, and 23 layers that have undergone the maximum pooling layer operation, 
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which are respectively 52×52, 26×26, and 13×13 feature maps.Starting from the 

small-scale 13×13 feature map of the bottom layer, after 5 layers of convolutional 

layers, the size of the convolution kernel is alternately executed by 1×1 and 3×3, and 

the step size is 1, and the obtained results are predicted and spliced. Prediction is to 

pass the results through two convolutional layers with convolution kernels of 3×3 and 

1×1 with a step size of 1, and predict the resulting feature map. Because the size of 

the feature map is the smallest, the largest size anchors are used box, splicing is to 

perform the upsample()[14] operation of the result first, then perform tensor splicing 

to expand the feature map size to 26×26, and splice it with the feature map output 

by the backbone network with a size of 26×26. Repeat the above operation to join the 

52×52 feature map and make predictions. After the above operations, three-layer 

feature maps are obtained, the sizes of which are 52×52, 26×26, and 13×13. The 

26×26 feature map uses a medium-sized prior frame, and the 52×52 feature map 

uses a smaller anchors box. Because in a feature map with a smaller size, the receptive 

field [15] is larger, and it is more sensitive to a large target. Therefore, a large-size 

anchor box is used. In a feature map with a larger size, the receptive field is smaller. 

Sensitive, so small anchors box is used. 

The Darknet-53 network adopts a residual structure, which has a deep network level, 

many parameters, a large amount of calculation, and a longer model training time. 

The Darknet-19 network is a streamlined network structure, with a simpler structure 

and fewer parameters. The training time of the network without residuals is reduced. 

The function of the maximum pooling layer is to take the maximum value of the feature 

points in the neighborhood to achieve dimensionality reduction, reduce the number of 

parameters to be learned by the network, and prevent overfitting. Changing the 

average pooling layer of the Darknet-19 network to the maximum pooling layer and 

adding it to the subsequent multi-scale fusion calculation of YOLOv3 is not only for 

dimensionality reduction, but also for expanding the sensing field and retaining 

features through this operation. 

2.2 Bounding box loss function 

When using IOU as the distance measure, according to the calculation of formula (1), 

when the predicted frame and the real frame have no intersection, the numerator is 

zero, that is, IOU=0. At this time, the specific state of the two cannot be reflected, 

such as the distance, and the algorithm is also It will no longer be possible to optimize. 

GIOU (generalized IOU) [16] was proposed as a distance metric, which is similar to 

IOU and has the property of being a metric. 

In formula (1), A is the prediction frame, and B is the real frame. The numerator on 

the right side of the equal sign represents the intersection of the predicted box and 

the real box, and the denominator represents the union of the predicted box and the 
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real box. 

𝐼𝑜𝑈(𝐴,𝐵) =
𝐴∩𝐵

𝐴𝑈𝐵
                                                   (1) 

𝐼𝑂𝑈 =
|𝐴∩𝐵|

|𝐴∪𝐵|
                                                             (2) 

𝐺𝐼𝑂𝑈 = 𝐼𝑂𝑈 −
|𝐶(𝐴∪𝐵)|

|𝐶|
                                                                           (3) 

Formula (2) takes the absolute value of the numerator and denominator on the basis 

of formula (1). In formula (3), C represents the smallest closed shape that includes A 

and B. Subtract the ratio of the area of C that does not cover A and B to the area of 

C to get GIOU. From the above calculation, it can be seen that GIOU is always less 

than or equal to IOU, that is, GIOU is the lower limit of IOU. When the predicted frame 

is close to the real frame, C\(A∪B) is close to 0, and GIOU is also close to the value 

of IOU. When there is no intersection between the predicted frame and the real frame, 

the value of IOU is 0 and GIOU converges to -1. When GIOU≤0, optimization can still 

be performed. So even if the two rectangular boxes do not overlap, the algorithm can 

be optimized by calculating GIOU. 

Use GIOU to replace IOU to calculate the sigmoid function. When GIOU<0, there is 

no intersection between the predicted box and the real box. The algorithm will 

continue to optimize until an optimal bounding box is selected. At this time, the value 

of GIOU is close to the value of IOU. It indicates the confidence of predicting the 

bounding box, and the confidence is also the highest at this time.  

When predicting the three sizes of feature maps obtained by the upsampling and 

tensor stitching operations, first use the convolutional layer to pre-adjust the anchor 

box size, the purpose is to improve the accuracy of the anchor box, reduce the amount 

of calculation, and then proceed to the final Prediction. In YOLOv3, the prediction 

operation is not performed on each anchor box but only one. When predicting the 

bbox, first score the target of the part surrounded by each anchor box, that is, how 

likely is this location to be the target [17]. Then use logistic regression to select the 

part surrounded by the anchor box with the highest score. The final bbox obtained by 

pre-adjusting the anchors box. 

 

3. Experimental analysis of the availability of improved methods 

Using a multi-target handwritten digital picture data set, the model needs to recognize 

and classify multiple digits in the picture at the same time. There are 10 categories, 

the categories are 0,1,2,3,4,5,6,7,8,9. 1000 images are used in the model training 

phase, and 200 images are used in the test phase. The model uses a multi-task loss 

function to optimize model parameters, including position loss giou_loss, confidence 

loss conf_loss and category loss prob_loss, and uses batch stochastic gradient descent 

to optimize the loss function. The total number of iterations is 10,000, the image input 
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size is 416×416, and the initial value of the learning rate is set to 0.001. 

To verify the actual effect of different improved schemes on handwritten digit 

recognition, the original YOLOv3 algorithm (using Darknet-53 as the backbone 

network) is scheme 1, and the original YOLOv3 algorithm (using the improved 

Darknet-19 as the backbone network) is scheme 2, only The method to improve GIOU 

is Scheme 3, and the method of this research is Scheme 4. The experimental results 

are analyzed from the AP of each number and the mAP of the model. The results are 

shown in Table 1. 

 

Table 1 4 kinds of experimental results 

method 0 1 2 3 4 5 6 7 8 9 total 

1 90.32 84.98 73.41 81.21 87.77 66.01 84.90 90.33 83.89 90.01 84.08 

2 89.75 85.43 75.11 80.97 88.11 67.00 85.15 90.88 83.47 91.10 83.99 

3 93.42 89.94 80.45 83.76 89.57 68.67 85.98 91.43 90.63 91.78 85.68 

4 96.01 93.99 88.12 87.96 90.45 71.22 87.01 93.21 97.43 92.32 90.92 

 

It can be seen that the AP value of some numbers in the scheme 2 that uses Darknet-

19 as the backbone network increases, the mAP value of the model decreases by 

0.09%, and the AP value of each number does not increase or decrease significantly, 

indicating that the model recognition effect has not changed significantly. The accuracy 

has not changed compared with the scheme 1. In Scheme 3, after improving the use 

of GIOU, the target positioning is more accurate and intuitively reflected in the 

significant increase in the AP value of each number, and the mAP value of the model 

has increased by 1.73%, indicating that it is very beneficial to improve the detection 

accuracy. Although the detection accuracy is not improved in Scheme 2, the 

parameters of the model are reduced and the network structure is simplified. Scheme 

4 combines the advantages of Scheme 2 and Scheme 3 to achieve the best effect. The 

mAP value is increased by 6.84%, and APs with numbers 0 to 9 The values have 

increased by 6.31%, 9.01%, 14.71%, 6.75%, 2.68%, 5.21%, 2.11%, 2.88%, 13.54%, 

2.31%. 

The improved YOLOv3 model proposed in this paper has certain guarantees in terms 

of speed and recognition rate when using the same training set. From the perspective 

of recognition rate, the improved method of Option 2 replaces the residual network 

structure with a streamlined network effectively reducing network parameters, but 

inevitably reduces the deep-level feature extraction, so combined with multi-scale 

fusion to ensure the recognition rate; for the data set itself Multi-target handwritten 

digit recognition involves various forms of digits. GIOU is used as a distance metric to 

avoid problems that the model cannot be optimized, and to improve the accuracy of 

the model; from the perspective of mAP value, the improved YOLOv3 algorithm of this 
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research method has a higher mAP value, and the whole improvement is The algorithm 

improves the recognition rate of multi-target handwritten digits; from the perspective 

of training time, the training speed of the streamlined network is also faster, about 

one-fifth of the original network, which provides convenience for the fine-tuning of 

parameters and the network. This paper proposes that the improved model is applied 

to the actual scene image detection. The target on the image can be detected only by 

inputting the image that needs to be detected, and the image with bbox category and 

confidence level is output, as shown in Figure 1 after detection. In Figure 1, multiple 

targets in the image can be recognized, and large targets in the image can be 

recognized with a high confidence level. Although the bbox can be identified for small 

target objects, the confidence level is low. The rate is not high. 

 

Figure 1 Image with bbox category and confidence level 

 

4. Conclusion 

From the perspective of recognition rate, the improved YOLOv3 algorithm in this paper 

replaces the residual network structure with a streamlined network effectively reducing 

network parameters, but it inevitably reduces deep-level feature extraction, so 

combined with multi-scale fusion to ensure the recognition rate; for multiple 

targets,The data set may involve multiple forms of targets. GIOU is used as a distance 

metric to avoid the problem that the model cannot be optimized and improve the 

accuracy of the model; from the perspective of training time, the training speed of the 

streamlined network is also faster, which provides convenience for the fine-tuning of 

parameters and the network. The improved model in this paper is applied to the actual 

scene image detection, only need to input the image to be detected, the target on the 

image can be detected, and the image with bbox category and confidence level can 

be output. 
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