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Abstract 

We propose a simple, flexible, and common framework for object detection. Our method 
can effectively detect small objects in an image while generating friendly bounding boxes. 
This method is called "Multi-scale feature learning based keypoints mapping for object 
detection (MFLKM)". MFLKM has four main contributions: 1. Using the method of key-
point range mapping, balancing positive and negative samples and improving the 
performance of the model; 2. Expanding the loss of center point offset, excavating 
difficult samples, improving the model optimization ability; 3. Width and high scale 
mapping, speeding up model convergence; 4. MFLKM performing better than other 
representative algorithms on multiple data sets (PAS VOCALC and Microsoft COCO). In 
addition, MFLKM is easy to train and the inference phase requires no additional steps to 
achieve real-time detection speeds (46 frames per second). 
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1. Introduction 

The object detector based on convolutional neural network (CNN) [1-4] has achieved the latest results 

in a variety of challenging benchmark tests. A common component of state-of-the-art methods is 

anchor boxes, which are of various sizes and aspect ratios and can be used as detection candidates. 

Anchor boxes are widely used in one-stage detector [5, 6] and this method can obtain highly 

competitive results with two-stage detector, which is very effective. The one-stage detector designs 

dense anchor boxes on the image, and generates the final prediction frame by scoring the anchor 

boxes and refining its coordinates. 

 

 

Figure 1. A large number of anchor boxes are designed manually for one-stage detector, resulting in 

the imbalance of positive and negative samples. 
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Figure 1 shows anchor boxes, it can be seen from Figure 1 that there are two disadvantages in using 

anchor boxes: first, this method usually needs to design a large number of anchor boxes with different 

aspect ratios. For example, the number of anchor boxes in deconvolutional single shot detector 

(DSSD) [7] is more than 40K, while the data in RetinaNet [8] is more than 100K. This is because a 

large number of anchor boxes are required to ensure full overlap with most ground truth. Therefore, 

a small part of the anchor boxes will overlap with the ground truth, which will cause a huge imbalance 

between the positive and negative samples and slow down the training speed. Secondly, the use of 

anchor boxes introduces many super parameters and design options. Such choices are largely made 

through temporary heuristics, which may become more complex when combined with multi-scale 

architectures. 

In order to overcome the disadvantages of anchor boxes, we propose a multi-scale feature learning 

method based keypoints mapping for object detection (MFLKM). Our method represents each object 

by the central key point and aspect ratio, which bypasses the need of anchor box and achieves the 

latest level of object detection accuracy. We use a single convolution network to predict the center 

point heat map, center point offset and aspect ratio of the different object. Finally, the accurate 

bounding box is generated by fusing multi-scale features. This method greatly simplifies the output 

of the network and eliminates the need to design the anchor box. MFLKM explores the central region 

of each object and has the ability to perceive the visual pattern of the central region of each object, so 

that it can correctly classify each bounding box. We notice that even if the center point is offset, the 

bounding box can still have a high intersection over union (IoU) with the ground truth. Therefore, we 

define all the points within a certain range of the central key point as positive samples according to 

the size of the object. This method can effectively detect objects of different scales, balance positive 

and negative samples, mine difficult samples, and improve the ability of model optimization. 

In order to detect the key points and bounding box better, we propose three strategies to better locate 

the center and fine tune the bounding box. The first strategy is called range mapping, which is used 

to predict central keys. The center key can perceive more recognizable visual patterns in the object, 

thus it is easier to obtain higher classification confidence. We achieve this goal by large object large 

range mapping, small object small range mapping. The second strategy is called strong optimization 

of center point offset, which can expand the loss, excavate difficult samples and improve the detection 

accuracy of small objects. We can achieve this by finding the square root of the offset on the feature 

map. The third strategy is called the aspect ratio mapping strategy, which can improve the ability of 

feature extraction and accelerate the convergence of the model. We can achieve this goal by 

normalizing the width and height of different objects on the feature map. The experiment shows that 

these three strategies are more robust to the noise at the feature level, which is helpful to the detection 

of small objects, and improves the accuracy and recall rate. 

The main contributions of this paper are as follows: 

(1). We propose the strategy of large objects large range mapping, small objects small range mapping. 

The strategy can perceive more recognizable visual patterns in the object, thus it is easier to obtain 

higher classification confidence. 

(2). We propose the strategy of strong optimization of center point offset. The strategy can expand 

the loss, excavate difficult samples and improve the detection accuracy of small objects. 

(3). We propose the strategy of the aspect ratio mapping. The strategy can improve the ability of 

feature extraction and accelerate the convergence of the model. 

(4). Experimental results reveal that our proposed MFLKM has satisfactory object detection 

performance when compared with nine representative object detection methods. MFLKM gains state-

of-the-art detection accuracy in multiple categories while maintaining real-time detection on 

PASCAL VOC and Microsoft COCO datasets. 

The rest of this paper is organized as follows. Sec. 2 introduces the recent object detection methods 

and analyzes their advantages and disadvantages. Sec. 3 introduce the proposed three strategies and 
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the optimize details. Sec. 4 describe the experimental results, compare the differences between the 

proposed method and the current method. And conclusion is made in Sec. 5. 

2. Related Work 

Object detection includes locating and classifying objects. Object detection methods can be roughly 

divided into two main types: the traditional methods based on manually designed features [9-11] and 

the methods based on deep convolution neural network. There are two methods based on deep 

convolution neural network: two-stage methods [2-4] and one-stage methods [5-7]. 

2.1 Traditional Methods 

In order to recognize different objects, traditional object detection algorithms need to extract visual 

features that can provide semantic and robust representation. Histogram of oriented gradient (HOG) 

[10] feature is a kind of feature descriptor used for object detection in computer vision and image 

processing. It constructs features by calculating and counting the histogram of the gradient direction 

of the local region of the image. In addition, the deformable part model (DPM) [11] is a flexible 

model, which adopts the strategy of "divide and rule", and combines the object parts with deformation 

cost to deal with severe deformation. But the traditional methods of object detection has the following 

disadvantages [12-14]: (1). Each stage is carried out separately, it is difficult to optimize; (2). The 

feature extracted manually is not robust and generalization is weak, it can not effectively transfer 

learning. 

2.2 Two-stage Methods 

The two-stage object detection task is divided into two stages: extracting region of interest (RoI), then 

classifying and regressing RoIs. Region-cnn (R-CNN) [2] uses selective search [15] method to extract 

RoIs, and uses CNN-based classifier to classify RoIs independently. Fast R-CNN [3] uses a single 

CNN to extract RoIs to improve R-CNN. Faster R-CNN [4] generates ROIs by introducing regional 

proposal network (RPN). The anchor frame used in RPN is widely used in later object detection tasks. 

On the basis of Faster R-CNN, Mask R-CNN [16] adds a branch to predict the mask, which can detect 

the object and predict its mask at the same time. Cascade R-CNN [17] trains the detector by increasing 

the IoU threshold in order to solve the problems of over fitting and low data quality. Other object 

detection algorithms put forward meaningful work for different problems. For example, [18] focuses 

on context relations, [19] focuses on multi-scale objects, [20] focuses on architecture design. 

2.3 One-stage Methods 

The one-stage method does not extract RoIs, but directly classifies and regresses prior anchor boxes. 

YOLO [5] transforms the object detection into the problem of returning the bounding box and the 

category probability, and realizes the end-to-end training. SSD [6] uses more intensive prior anchor 

frames to regress and classify multi-scale objects. DSSD [7] enters the deconvolution module and 

combines the feature maps of different depths to detect the objects. RetinaNet [8] proposes to focal 

loss, mine difficult samples and solve the problem of sample imbalance. RefineDet [21] adjusts the 

position and size of the prior anchor boxes twice, which combines the advantages of the two methods. 

CornerNet [22] uses the object's vertex to detect the objects, and proposes a novel corner pool. 

CenterNet [23] is another method of using key points to detect objects. Different from CornerNet, it 

uses top left, bottom right and center points. 

Feature pyramids are widely used in one-stage and two-stage object detectors, which can effectively 

detect multi-scale objects [24-30]. The layers of the network are deep enough to extract high-level 

semantic information [31-36]. The full convolution network can reduce the parameters without 

reducing the accuracy [37-40]. [41-43] improves the accuracy of the model by fusing different levels 

of features, removing noise and adding constraints. In addition, a large number of experiments show 

that the residual network can still maintain good performance in extremely deep network [44-49]. But 

the existing methods based on anchor boxes and key points lack the ability to highlight the object 
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boundary clearly, and can only achieve partial context reliability. Therefore, we will introduce our 

approach in the next section. 

3. Our Proposed Method 

In this chapter, we propose a multi-scale feature learning based keypoints mapping for object 

detection (MFLKM). In this method, a single convolutional neural network is used to map the object 

boundary box to the central key point and aspect ratio. By regressing the object detection to the key 

point, it is unnecessary to design a set of anchor boxes which are usually used for existing one-stage 

detectors. In addition to our novel network structure and loss function, we use an adaptive method to 

map all the points within a certain range of the object center to positive sample points, which can 

effectively balance the positive and negative samples and accelerate the convergence speed of the 

model.  

3.1 Architecture 

In MFLKM, we take the object detection as the central key point and aspect ratio. In order to better 

detect the center key point and aspect ratio, we propose a key point mapping strategy. In this strategy, 

the points near the geometric center of the object are weighted according to the distance, because 

when the center point has a small offset, the prediction box still has a high IoU with ground truth. 

This can balance the positive and negative samples and accelerate the convergence of the model. In 

addition, we map the width and height of the object to the proportion of the image, which is similar 

to the normalization processing, which can speed up the training speed and reduce the training 

deviation caused by different scale objects. However, if the key point mapping is used directly, the 

center point of the small object will be deviated too much, resulting in low recall rate and inaccurate 

bounding box. Therefore, we introduce the center point offset loss to optimize. 

 

 

Figure 2. The structure of MFLKM. The backbone network outputs object center point map, center 

point offset and aspect ratio. 

 

The whole network architecture is shown in Figure 2. It can be seen from Figure 1 that we use a 

central key point and aspect ratio to represent each object. Specifically, we map the central key to a 

heat map and predict the offset of the central key point. Then, we use the predicted value of aspect 

ratio to generate the predicted bounding box. In order to remove the redundant prediction box, we 

take the following operations: first, select the top k key points with high weight according to the 

model output, then map the k key points back to the original image according to the weight, and 

finally check whether the object center area of the original image contains these key points, if any, 

keep the boundary box, otherwise delete it. 
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MFLKM uses residual network [50] as the backbone network, and uses a structure similar to 

hourglass in [51]. The hourglass network is followed by three prediction modules, one for the center 

point, one for the offset of the center point, and the other for the aspect ratio. The center point module 

has C channels, where C is the number of categories and the size is H*W. There are no background 

channels, and each channel is a binary mask. The size of the center point offset module is H*W, and 

the number of channels is 2, which is used to output the center point offset. The module size of aspect 

ratio is H*W, and the number of channels is 2, which is used to output the ratio of width and height 

of the object. 

For the center prediction module, there is only one positive sample and the others are negative 

samples. In the training process, we do not punish these negative samples, but reduce the punishment 

of negative samples within the radius of positive samples. Because less offset can still generate a 

bounding box with higher IoU than ground truth. For the center point offset prediction module, the 

image center point will use rounding operation in the down sampling. When we remap some positions 

from the heat map to the input image, the center point of the image will deviate, which may seriously 

affect the IOU of small size bounding box. To solve this problem, we need to reduce the prediction 

error. For the aspect ratio prediction module, we use the ratio of the object aspect ratio to the image 

to optimize the loss. In this way, the width and height of the object can be normalized to (0, 1), which 

can effectively reduce the error caused by the size of the object. At the same time, it can also speed 

up the training speed of the whole model. 

3.1.1 Hourglass Module 

 

 

Figure 3. Hourglass module. It is a full convolution neural network composed of one or more 

hourglass modules. 

 

MFLKM uses hourglass structure [51]. As shown in Figure 3. It can be seen from Figure 3 that it is 

a full convolution neural network composed of one or more hourglass modules. The hourglass module 

first downsampling the input image through a series of convolution and pooling layers. Then, the 

feature is resize to the original resolution through a series of upsampling and convolution layers. 

Since the details are lost in the pooling layer, skip connection are used to bring the details back to the 

upsampled feature map. Hourglass module can capture global and local features at the same time. 

When multiple hourglass modules are stacked in the model, the hourglass module can reprocess 

features to capture higher-level information. The hourglass features also make these modules ideal 

for detection. In addition, we use multiple 1*1 convolution kernels in the network, which can 

effectively reduce the number of parameters. 
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3.2 Training 

We use tensorflow framework [52] to implement our method. In the training, we use mosaic data 

enhancement technology used in YOLO [5] to expand the scale of the data set, ensure the quality of 

the data set, and improve the robustness and generalization of the model feature extraction. We use a 

smaller convolution kernel, which will increase the training time to a certain extent, but can improve 

the ability of small object feature extraction. 

 

 

Figure 4. Mosaic data enhancement. 

 

Figure 4 shows the mosaic data enhancement technique. It can be seen from Figure 4 that mosaic data 

enhancement is used to twist, clip, zoom, flip and adjust the color gamut of four images, and then the 

processed four images and frames are spliced. This greatly enriches the background information in 

object detection, and makes the model have more data to train. This can effectively avoid the problem 

of over fitting. 

3.2.1 Key Point Mapping 

First, we map the central key point to the heat map. In the hear map, the closer to the central key point, 

the greater the weight. The attenuation formula of weight is as follows: 

𝑌𝑥,𝑦,𝑗 = exp (−
(𝑥− 𝑥)2+ (𝑦− �̂�)2

2𝜎2 )                        (1) 

where, 𝑥 is the abscissa of the central key point on the heat map, 𝑦 is the ordinate of the central key 

point on the heat map, �̂� and �̂� are the abscissa and ordinate near the central key point, 𝜎 is the 

super parameter, we set it to 1/4. Through formula (1), we map the central key point of the object to 

the heat map Y ∈ [0, 1]
𝑤

𝑅
∗

ℎ

𝑅
∗𝐶

, where R is the multiple of down sampling. 

 

 

Figure 5. Heat map. The larger scale object has a larger central area, while the smaller scale object 

has a smaller central area. 
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Figure 5 shows the heat map with the original image mapped as the central key point. It can be seen 

from Figure 5 that the larger scale object has a larger central area, while the smaller scale object has 

a smaller central area. Under the same deviation value, a larger object can still have a higher IoU with 

ground truth, which is acceptable. However, due to the inaccurate prediction box and low confidence, 

the small-scale object has a low recall rate, which further affects the accuracy. 

Then, we use the following formula to optimize our central key point: 

𝐿𝑜𝑠𝑠𝑝𝑜𝑖𝑛𝑡 =  
1

𝑁
∑ {

(1 − �̂�𝑥,𝑦,𝑐)𝛼 log(�̂�𝑥,𝑦,𝑐)                                if  𝑌𝑥,𝑦,𝑐 = 1

(1 − 𝑌𝑥,𝑦,𝑐)𝛽(�̂�𝑥,𝑦,𝑐)𝛼 log(1 − �̂�𝑥,𝑦,𝑐)         otherwise,
𝑥,𝑦,𝑐       (2) 

where N is the number of key points in the image center, 𝛼 and β are super parameters, which are 

set to 2 and 4 respectively. 

Because of convolution calculation, there will be deviation in the process of image center key point 

down sampling, especially for small-size objects, so we also design the center key point offset 

function for optimization, The formula is as follows: 

𝐿𝑜𝑠𝑠𝑜𝑓𝑓𝑠𝑒𝑡 =  
1

𝑁
∑ √|

𝑥

𝑅
−  �̂�| + √|

𝑦

𝑅
−  �̂�|                     (3) 

Here, we use the square root, which can improve the error, mining difficult samples, and make the 

model achieve better optimization effect. 

3.2.2 Multi-scale Learning 

Small objects detection is always one of the challenging problems in object detection. The main 

reasons are as follows: 1. Small scale objects are usually fuzzy and can not extract effective 

information; 2. Convolution operation causes further loss of boundary information of small objects, 

resulting in inaccurate prediction box; 3. Small scale objects are usually clustered, and nearby small 

objects will also block each other, resulting in the failure to extract useful features. In order to improve 

the accuracy of small object detection, we propose a multi-scale feature learning method. We 

normalize the width and height of the objects. 

The loss function of width and height ratio is as follows: 

𝐿𝑜𝑠𝑠𝑠𝑖𝑧𝑒 =  
1

𝑁
∑ |�̂�𝑘 −  𝑡𝑘|𝑁

𝑘                           (4) 

where, N is the number of key points in the image center, �̂�𝑘  is the proportion of predicted width and 

height, and 𝑡𝑘  is the proportion of width and height of the detected object to the image. 

The total loss function is the weighted sum of three part losses: 

Loss =  𝐿𝑜𝑠𝑠𝑝𝑜𝑖𝑛𝑡 +  𝛾𝐿𝑜𝑠𝑠𝑜𝑓𝑓𝑠𝑒𝑡 +  𝜆𝐿𝑜𝑠𝑠𝑠𝑖𝑧𝑒                 (5) 

where, 𝛾 and 𝜆 are super parameters, which are 0.9 and 1, respectively. 

3.2.3 Evaluation Index 

We evaluate our approach using different evaluation criteria in PASCAL VOC [53] and Microsoft 

COCO [54] datasets. For Microsoft COCO data set, we use the more rigorous evaluation method 

proposed by Microsoft coco to calculate recall rate and accuracy rate of objects at different scales. 

Here, the object less than 322 pixels is defined as a small object, the object between 322 and 962 pixels 

is defined as a medium object, and the object larger than 962 pixels is defined as a large object. 

Microsoft COCO data set adopts more refined evaluation criteria, using four major items: average 

precision (AP), AP across scales, average recall (AR), AR across scales, a total of 12 sub items: AP 

(refers to the average value of 10 calculation results after every 0.05 change of IoU from 0.5 to 0.95), 

APIoU=0.5 (the measured AP value when IoU = 0.5), APIoU=0.75 (the AP value measured when IOU = 

0.75), APsmall (the AP value measured when the size is less than 322), APmedium (the AP value measured 

when the size is more than 322 and less than 962), APlarge (the AP value measured when the size is 

more than 962), ARmax=1 (the maximum of the detection results when the number of detection is 1 in 

a picture), ARmax=10 (in a picture, the maximum retrieval of the detection results when the given 



 

 

443 

International Core Journal of Engineering 

ISSN: 2414-1895 

Volume 7 Issue 6, 2021 

DOI: 10.6919/ICJE.202106_7(6).0052 

number of detection is 10), ARmax=100 (in a picture, the maximum retrieval of the detection results 

when the given number of detection is 100), ARsmall (the AR value measured for the object whose 

size is less than 322), ARmedium (the AR value measured for the object whose size is more than 322 but 

less than 962), and ARlarge (AR values measured for object larger than 962). 

4. Experimental Result and Analysis 

The proposed method is analyzed for ablation and compared with other representative methods in 

average accuracy and vision, including Faster R-CNN [4], Mask R-CNN [16], Cascade R-CNN [17], 

YOLO [5], SSD [6], DSSD [7], RetiaNet [8], CornerNet [22], CenterNet [23]. We evaluate the AP 

for different types of objects on PASCAL VOC data set. We evaluate and average AP and AR at 

different scale and thresholds on Microsoft COCO data set. 

4.1 Ablation Analysis 

In the width and height prediction module, we use the normalization method to get the ratio of the 

width and height of multiple groups of detected objects relative to the whole image. In order to 

evaluate the relationship between different down sampling times and detection speed and accuracy, 

we selected 2, 4, 8 and 16 times down sampling for ablation experiments, and the results are shown 

in Table 1. 

Table 1. Ablation Analysis 

Times Size TrainData TestData AP FPS 

16 512 COCO COCO 39.4 46 

8 512 COCO COCO 41.1 41 

4 512 COCO COCO 42.9 39 

2 512 COCO COCO 43.0 18 

 

Table 1 shows the relationship between different down sampling times and detection speed and 

accuracy. It can be seen from Table 1 that the average accuracy of the model increases with the 

decrease of the lower sampling multiple. When the current sampling multiple is 4, the lower sampling 

multiple is reduced, and the effect of improving the accuracy of the model is not obvious. The lower 

sampling multiple is reduced from 4 times to 2 times, and the accuracy is only improved by less than 

one percentage point. However, the detection speed has shown a significant regression, from 39 

frames per second to 18 frames per second. If the input size of the image increases, it will not meet 

the real-time detection. Therefore, we choose the lower sampling multiple of 4 as the final down 

sampling multiple of the model. This allows for a balance between average accuracy and frame rate. 

4.2 Average Accuracy 

 

Table 2. PASCAL VOC 2012 test detection result. Our method has the highest detection accuracy 

in many categories. 
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The average accuracy of the proposed method is compared with that of the existing representative 

methods. Table 2 and Table 3 show the average accuracy of the ten methods. It can be seen from 

Table 2 that our method has the highest detection accuracy for cars, cats, horses, motorcycles and 

trains, and the accuracy is more than 80%. Especially for cats, the detection accuracy is 88.9%. These 

object categories with the highest detection are all variable in shape, with multiple scales, and some 

of them are occluded with each other. This further proves the effectiveness of our method. In addition, 

the detection accuracy of our method for aircraft, bird, cup, bus and chair is only better than the best 

detection results, and the difference is within one percentage point. These differences are mainly 

related to the two-stage detector. This is because the proposed region is extracted by the two-stage 

detector. 

The accuracy of Faster R-CNN [4], Mask R-CNN [16] and Cascade R-CNN [17] is similar, which is 

closely related to their use of convolution network to extract the proposal region. The low accuracy 

of the one-stage detectors, such as YOLO [5], SSD [6] and DSSD [7], it is due to the pursuit of too 

fast detection speed. RetinaNet [8] has the same accuracy as the two-stage detector, which is due to 

its focal loss and difficult sample mining, which solves the problem of positive and negative sample 

imbalance to a certain extent. CornerNet and CenterNet do not need to design the anchor, which is 

widely used in the one-stage detector, and the combination of multiple modules, which enhances the 

performance of the model and achieves high detection accuracy. Our method belongs to one-stage 

detector, but it has more performance than two-stage detector in accuracy, which is closely related to 

our central key point mapping and multi-scale feature learning. 

 

Table 3. Microsoft COCO test detection result. Our method has the highest detection accuracy for 

different scale objects. 

 

 

Table 3 shows Microsoft COCO test detection result. It can be seen from Table 3 that our method has 

the highest detection accuracy in all indicators. For small objects, our detection accuracy reaches 

23.3%, which is 0.8% higher than other best methods. Because we use multi-scale feature learning 

method to improve the weight of center point offset and aspect ratio optimization. At the same time, 

our method has the highest recall rates for all scale objects, which are 38.1%, 62.6% and 77.1% 

respectively. This means that our method has the lowest classification error rate. This further proves 

that our method improves the detection accuracy of small objects to a certain extent, and proves that 

our method is feasible. In addition, our method has the highest recall rate when the maximum number 
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of recalls is 1, 10 and 100, which also means the highest classification accuracy. Under the commonly 

used threshold of IoU = 0.5 and IoU = 0.75, the accuracy of our method is 61.7% and 45.7% 

respectively. Compared with other methods, the accuracy of our method is the slowest when the 

threshold is raised. This proves that the features extracted from our model have higher robustness and 

generalization. 

We also notice that the detection accuracy of one-stage detectors YOLO, SSD and DSSD for small 

objects is 4.8%, 10.2% and 11.7% respectively, which obviously can not meet the requirements. This 

is also a common deficiency of one-stage detectors. The detection accuracy of RetinaNet for small 

object detection reaches 21.5%, which is due to the focal loss, the lack of difficult samples and the 

improvement of the loss of small object detection, which is very effective. Faster R-CNN, Mask R-

CNN and Cascade R-CNN, two-stage objext detection algorithms, generally have higher detection 

accuracy than one-stage object detection algorithms because of the extraction of proposal regions. 

Neither CornerNet nor CenterNet uses anchor, which combines multiple modules and achieves the 

detection accuracy higher than that of the secondary detector. 

 

 

Figure 6. The histogram of different scale object detection accuracy by ten methods. 

 

Figure 6 shows the histogram of different scale object detection accuracy by ten methods. It can be 

seen from Figure 6 that with the increase of object scale, the detection accuracy of all methods are 

gradually improved, which is in line with the common sense. Because, with the continuous down 

sampling of the network, small objects will lose more boundary information, resulting in low 

classification confidence. This is also the problem to be solved by all means. Moreover, with the 

increase of IoU threshold, the detection accuracy of all methods is declining, which is equivalent to 

evaluating the model in a higher standard. This requires a smaller offset to achieve this. In addition, 

our method has the highest detection accuracy in all indicators, especially for small scale objects. 

This also further verifies that our method is very effective in improving the accuracy of small object 

detection. 

4.3 Qualitative test Results 

Figure 7 shows some qualitative results of our method on the Microsoft COCO validation data set. It 

can be seen from Figure 7 that our proposed method not only has high classification accuracy, but 
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also produces consistent boundaries. It is worth mentioning that the method of multi-scale feature 

learning and central key point mapping is adopted. Our method makes the confidence of prediction 

box higher and the boundary more accurate. Thus, the recall rate is improved and a more friendly 

visual effect is obtained. This makes our results closer to the real situation, so it is better than other 

methods. 

In addition, for small objects and mutual occlusion objects. We use a priori width and height to 

improve the matching degree of the object bounding box, which is very effective. When the object 

has only partial features, our method can still recognize the object more accurately. This is because 

the central key point can collect more abundant feature information, which is also in line with 

common sense. The central key point mines the visual pattern of the object to be identified at the 

minimum cost, which can improve the recall and precision. 

 

 

Figure 7. Qualitative detect results of Microsoft COCO. 

5. Conlusion 

In this paper, we propose a new one-stage object detector. Our detector uses the central key point 

mapping method to extract features. A new loss function is designed to expand the weight of center 

point offset and aspect ratio. By learning multi-scale features, our detector achieves the same 

detection accuracy as the two-stage detector, and has real-time detection speed. The main 

contributions of our method are as follows: (1). A new method of center key point mapping is 

proposed to realize end-to-end training and prediction without designing prior anchor boxes; (2). 

Increasing the weight of center point offset, mining difficult samples, enhancing the optimization 

performance of the model, and improving the detection accuracy of small objects; (3). By normalizing 

the width and height of the object, we improve the detection accuracy of different scales. (4). 
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Compared with other secondary and primary detectors, our method has the highest detection accuracy. 

Experimental results show that the features extracted by our algorithm are more robust and 

generalization, and our detector is more advanced. 
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