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Abstract The feature pyramid network is an effective feature 
enhancement network. It is proposed and proved that its success is 
due to a divide-and-conquer solution to the optimization problem in 
object detection rather than multi-scale feature fusion. Divide-and-
conquer refers to using feature layers of different scales as 
prediction feature layers instead of using one single object detection 
head. In this paper, we propose the hierarchical detection structures 
on YOLOv3-5 baseline models, which have good improvements. 
Firstly, we add a 7×7 grid as a prediction feature layer on YOLOv3, 
achieving 67.8% mAP@.5 and 46.3% mAP@.5:.95 on VOC and 
COCO datasets, which are 1.9% and 0.8% higher than the original. 
Then, we add 10×10 and 5×5 grids simultaneously on YOLOv4-5 
as prediction feature layers. On VOC and COCO datasets, YOLOv4 
achieves 61.8% mAP@.5 and 36.4% mAP@.5:.95, which are 1.6% 
and 1.1% higher than the original. YOLOv5 has four different 
models of S, M, L, and X. Finally, we do comparative experiments 
on all four models. For VOC dataset, 61.3%, 66.6%, 69.9% and 
70.9% mAP@.5:.95 are achieved in YOLOv5_S-X, which are 4.4%, 
1.4%, 1.6% and 1.1% higher than the original, respectively. The 
results of comparative experiments on each model show that the 
hierarchical detection structure based on anchors is effective for 
YOLO series models. 
 

Keywords: Anchor-base Detector · Feature Pyramid Network 
· Hierarchical Detection Structure · Multi-scale Feature 
Fusion · YOLO 

 

1 Introduction 

OBJECT detection architectures are divided into one-stage 
detectors and two-stage detectors. The two-stage object detectors 
are represented by Region Convolutional Neural Network (R-CNN) 
[1] series, including Fast R-CNN [2] and Faster R-CNN [3]. The 
one-stage object detectors are represented by Single Shot multi-box 
Detector (SSD) [4] and You Only Look Once (YOLO) [5] series, 
including YOLOv1-5 [5-9], You Only Look One-level Feature 
(YOLOF) [10], and YOLOX [11]. 

From another perspective, object detection methods can be 
divided into two types, namely, the anchor-base methods and the 
anchor-free methods. The two methods have different advantages 
and shortcomings. In the object detection head, the anchor-base 
methods comprehensively generate candidate boxes, filter 
candidate boxes through non-maximum suppression, and reserve 
only useful anchor boxes. The anchor-free methods don't generate 
candidate boxes in the detection head but restrict the search space 
of the object position based on key points. The anchor-base methods 
have higher detection accuracy, while the anchor-free methods have 
faster detection speed. 

At the beginning of neural network application in object 
detection, Faster R-CNN [3] proposed the Region Proposal 

Network (RPN), which can generate nine candidate boxes of 
different proportions at each position of the image. These candidate 
boxes are called anchors. R-CNN network and YOLO network are 
typical anchor-base detectors, and YOLOX is the typical anchor-
free detector. 

Our work is based on the one-stage anchor-base methods, and the 
architecture of YOLO series models combined with multi-scale 
anchors are discussed, studied, and verified. The improvements to 
YOLOv3-5 models are proposed, and the effectiveness of our 
methods is proved by experiments. We conclude that the multi-scale 
anchor detectors are effective in the detection of YOLO series 
models. 

In this paper, the multi-scale anchor boxes detection methods are 
implemented on YOLOv3-5 respectively, and we verify the 
effectiveness of our methods on the PASCAL Visual Object Classes 
(PASCAL VOC) and Microsoft Common Objects in Context (MS 
COCO) datasets. For these two datasets, our methods are all 
improved in YOLOv3, YOLOv4, and YOLOv5_S-X. Our main 
contributions are as follows: 

(1) Our improvement on YOLOv3: We change the architecture 
of YOLOv3, taking the pure YOLOv3 network as the baseline, and 
changing the three detection heads into four detection heads. As for 
the 416×416 images, the scales of the four detection heads are 
52×52, 26× 26,13 ×13, and 7×7. 

(2) Our improvement on YOLOv4: We change the architecture 
of YOLOv4, taking the pure YOLOv4 network as the baseline, and 
changing the three detection heads into five detection heads. As for 
the 608×608 images, the scales of the five detection heads are 
76×76, 38×38, 19×19, 10×10, and 5×5. 

(3) Our improvement on YOLOv5_S-X: We change the 
architecture of YOLOv5_S-X, taking the pure YOLOv5_S-X 
network as the baseline, and change the three detection heads into 
five detection heads, too. As for the 640×640 images, the scales of 
the five detection heads are 80×80, 40×40, 20×20, 10×10, and 5×5. 

(4) We name the different detection heads of different scales as 
hierarchical detection structure. Then, we verify the effectiveness 
of the proposed methods through experiments, the experiments 
show that the hierarchical detection structure based on multi-scale 
anchors is effective for YOLO series models. 

The rest of this paper is arranged as follows. In Sec. 2, the YOLO 
series models and feature pyramid network are introduced. Sec. 3 
introduces our proposed the hierarchical detection structures on 
YOLOv3, YOLOv4, and YOLOv5_S-X. Sec. 4 shows the 
experiments and the analysis of results on these models. In Sec. 5, 
the discussion and conclusions are drawn respectively. 

2 Related Work 

In this section, we briefly introduce the development process of 
YOLO series models and feature pyramid networks, which are the 
basis of our subsequent research. 
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2.1 YOLO Series Models 

YOLOv1 [5] algorithm was proposed by Redmon et al. It directly 
defined object detection as a single regression problem and firstly 
proposed to divide an image into S×S grids and deal with each grid 
separately. It broke the previous traditional R-CNN methods of 
directly predicting the overall processing of images and did not use 
anchors for bounding box coordinates and class probability when 
predicting the result of S×S grids. However, YOLOv2-5 [6-9] 
algorithms had continued to use anchors for regression prediction, 
mapping anchors into the grids, which verifies the importance of 
anchor-base for object detection. 

YOLOv2 [6] added many tricks conducive to model training 
based on YOLOv1, including batch normalization [12], fine-
grained features [27], multi-scale training [28], and convolutional 
with anchor boxes [29]. The most important improvement was to 
use object boundary box prediction based on anchors. 

YOLOv3 [7] used a new backbone network, Darknet-53. This 
new network is made up of a series of 1×1 and 3×3 convolutional 
layers stacked, which is named Darknet-53 because there are 
altogether fifty-three convolutional layers. YOLOv3 is the first to 
propose predicting three different layers of features, and each 
feature has three different anchor sizes. 

The prediction process of YOLOv4 [8] is the same as YOLOv3, 
which also has three different feature layers for prediction, but the 
scales of these three feature layers are different according to the 
input images of different sizes. YOLOv4 used CSPDarknet53 as the 
backbone network, Meanwhile, the Spatial Pyramid Pooling 
Network (SPP) [13] and Path Aggregation Network (PANet) [14] 
were added in the feature processing part. Wang et al. proposed 
Cross Stage Partial Networks (CSPNet) [22] as a new backbone 
network to extract features. It has a good detection effect in different 
datasets [30]. 

YOLOv5 [9] used the BottleneckCSP network as the backbone 
for feature extraction. It proposed to use mosaic enhancement in the 
image preprocessing stage, a focus module for slicing the input 
image, and four scale models for different projects. These modules 
can not only make the inference of the network faster but also 
improve detection accuracy. In addition, many other training tricks 
were used, including training warmup [15], cosine annealing 
learning rate [16], autoauto anchor, label smoothing [17], and so on. 

2.2 Feature Pyramid Network 

He et al. [18] proposed the Feature Pyramid Network (FPN), 
which broke the traditional prediction method using only top-level 
features. As shown in Fig. 1(a), the prediction of FPN is 
implemented independently at different feature layers. FPN was 
firstly proposed based on the residual network [19]. By extracting 
shallow features and fusing them with deep features, then the fused 
features are predicted at the object detection head. Path Aggregation 
Network (PANet) [14] is the optimization of FPN, which is 
proposed by Liu et al. As shown in Fig. 1(b), the difference of 
PANet lies in the addition of a bottom-up path, which obtains more 
effective information through feature extraction and feature fusion 
again, and predicts the feature layers on this path. 

2.3 You Only Look at One-level Feature 

Chen et al. [10] proposed YOLOF, which had proposed and 
proved the success of FPN due to the divide-and-conquer solution 
to the optimization problem in object detection rather than multi-
scale feature fusion. YOLOF proposed Multiple-in-Multiple-out 
(MiMo), Single-in-Multiple-out (SiMo), Multiple-in-Single-out 

(MiSo), and Single-in-Single-out (SiSo) structures based on 
RetinaNet [20], which are implemented 35.9%, 35.0%, 23.9%, and 
23.7% mAP@.5 on MS COCO dataset, respectively. The MiMo and 
SiMo structures are shown in Fig. 2. The MiMo structure is only 
0.9% higher than the SiMo structure, but the MiMo structure is 12% 
higher than the MiSo structure. The multi-scale feature prediction 
plays a much more important role than the multi-scale feature 
fusion in influencing the success of FPN. 

Whether such a conclusion applies to all models is a question we 
have been thinking about, and it is also the direction we are going 
to solve. Therefore, we conduct the verification based on three 
different YOLO models. 

Predict Head

Predict Head

Predict Head

 

(a) Feature Pyramidal Network 

Predict Head

Predict Head

Predict Head

 

(b) Path Aggregation Network 

Fig. 1  The structures of FPN and PANet. (a) The left is the 
bottom-up path, the right is a top-down path, and the middle 
represents feature fusion; (b) Compared with the FPN structure, 
there is another bottom-up path on the right side, which can be 
predicted on this path. 
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Fig. 2  The structures of Multiple-in-Multiple-out (MiMo) and 
Single-in-Multiple-out (SiMo). SiMo has less C3 and C4 input 
paths in the feature layers in the RetinaNet backbone than MiMo. 

3 Proposed Methods 

In this section, we introduce the improvements in YOLOv3, 
YOLOv4, and YOLOv5_S-X architectures in order. We explain 
each module and its functions in detail. 

3.1 Hierarchical Detection Structure on YOLOv3 

Feature Extraction: We improve the backbone network used by 
the YOLOv3 baseline model, and form a new backbone network. 
The backbone network plays an important role in feature extraction 
in each architecture and is the most important module for each 
network to accomplish learning tasks. The backbone network used 
by the YOLOv3 model is Darknet-53, as shown in Fig. 3, which is 
the overall architecture of our improved YOLOv3 model, with each 
different module marked in a different color. The size of the input 
image is 416×416. We add a residual block, Res-block, to the 
DarkNet-53 backbone, so we can extract the 7×7 predictive feature 
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Fig.3  The improved network architecture of the YOLOv3 baseline. We simply show the 2D layout and the important modules of the network 
structure. The channel dimension is not shown. The part marked in red are the key to the new network structure. 
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Fig.4  The improved network architecture of YOLOv4. We simply show the 2D layout and the important modules of the network structure. 
The channel dimension is not shown. The part marked in red are the key to the new network structure. 
 

Table 1  Anchors Size for Our Improved YOLOv3 Model. 
Feature map Anchors size Anchors Number 
52×52×256 [10,13, 16,30, 33,23] 52×52×3=8112 

26×26×512 [30,61, 62,45, 59,119] 26×26×3=2028 

13×13×1024 [116,90, 156,198, 373,326] 13×13×3=507 

7×7×2048 [153,103, 186,213, 458,426] 7×7×3=147 

 

layers through this block. The original Darknet-53 has five Res-
blocks, but the improved backbone network has six Res-blocks. The 
new backbone network can also play the role of feature extraction, 
which is the basis for enhanced feature processing. 

Feature Processing: With our improvement of the backbone 
network, the FPN is strengthened and more useful feature 
information can be obtained. With the deepening of neural network 
depth, the deep network contains higher semantic information, 
while the shallow network contains more object location 
information. The semantic information helps to identify the 
category of objects and the object location information helps to 
identify the coordinates of this object. The FPN proposes to 
combine the respective advantages of shallow and deep feature 
layers, and it is proven that it can achieve better results. Our 
improved network also maintains the FPN structure, with feature 
fusion at 1024, 512, and 256 scales instead of only 512 and 256 
scales. We analyze that the feature layer of the 1024 scale contains 
the feature information which the 512 and 256 scales do not have 
and cannot be ignored. Therefore, we also add feature fusion for the 
feature layer with the 1024 scale. Feature layers of the same scale 
are extracted from the backbone network and fused with feature 

layers of the same scale on the FPN structure. In the processing of 
continuous extraction and fusion, a lot of useful information that 
has been ignored can be used again, and the features of this 
information can help accurate prediction. 

Feature Prediction: Four feature layers of different scales can 
be obtained through FPN, and these four feature layers are predicted 
respectively. These four different scale feature layers of 52×52, 
26×26, 13×13, and 7×7 are obtained through the FPN structure, and 
their channel dimensions are 256, 512, 1024, and 2048, orderly. 
Feature layers of different scales are used for objects of different 
sizes. From the largest scale to the smallest scale, it targets small, 
medium, large, and x-large objects in the image, respectively. The 
size and number of the most suitable anchors for each scale 
obtained through experiments and tuning parameters are shown in 
Table 1. From the YOLOF [10], we know that the number of anchor 
boxes affects the detection results. The improved new network 
model generates a total of 10794 anchors, which are 147 more 
anchors than the original YOLOv3. Finally, the needless anchors 
are filtered through the non-maximum suppression mechanism [21], 
and only the anchors which can accurately mark the objects are 
retained. 

3.2 Hierarchical Detection Structure on YOLOv4 

Image Preprocessing: Compared with the YOLOv3, the 
YOLOv4 model uses Mosaic data augmentation in the process of 
image preprocessing. 

Feature Extraction: The backbone network used by the 
YOLOv4 model is CSPDarknet53. As shown in Fig. 4, it is the 
overall architecture of our improved YOLOv4 model. Each differ- 
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Fig.5  The improved network architecture of YOLOv5. We simply show the 2D layout and the important modules of the network structure. 
The channel dimension is not shown. The part marked in red are the key to the new network structure. 
 

ent module is marked with a different color. The size of the input 
image is 608×608. Compared with YOLOv3, the SPP structure is 
added to the backbone network. Compared with Darknet-53, the 
CSPDarknet53 network adds a CSP structure [22] to the Darknet 
structure and uses five residual blocks, namely Resblock-body. 
Starting from the last feature layer of the backbone network, as the 
input of PANet, the features in the last three layers are used for 
feature fusion. The last three feature layers of the backbone network 
are three different scales, 76×76×256, 38×38×512, and 19×19× 
1024. The feature layers of these three scales are respectively fused 
with the feature layer which is the same scale in PANet, and then 
the prediction feature layers of three different scales can be obtained. 

Feature Processing: YOLOv4 proposed the PANet structure as 
an enhanced feature processing network. PANet is the optimization 
of FPN, which also has the advantages of FPN, and obtains more 
feature information by adding one path. Our improved network also 
retains the PANet structure, adds two other feature maps of different 
scales through the last path, and uses the feature layers of these two 
scales as the prediction output. 

Feature Prediction: The improved PANet can obtain five 
feature layers of different scales, and make predictions on these five 
feature layers respectively. The scales of these five feature layers 
are 76×76, 38×38, 19×19, 10×10, and 5×5. Like the improvement 
of YOLOv3, the feature layers of different scales target objects of 
different sizes. From the largest scale to the smallest scale, it targets 
small, medium, large, and x-large objects in the image, respectively. 
We obtain the most suitable anchors sizes of 10×10 and 5×5 scales 
through experiments as [156,123, 214,261, 478,432] and [182,146, 
231,184, 496,456]. The other three scales are the setting of 
YOLOv4, [12,16, 19,36, 40,28], [36,75, 76,55, 72,146], and 
[142,110, 192,243, 459,401]. The improved new network model 
generates a total of 23118 anchors, which are 375 more anchors than 
the original YOLOv4 model. Finally, the needless anchors are 
filtered through the non-maximum suppression mechanism [21], 
and only the anchors which can accurately mark the objects are 
retained. 

3.3 Hierarchical Detection Structure on YOLOv5 

Image Preprocessing: Comparing the YOLOv5 model with the 

YOLOv4, in addition to using Mosaic data enhancement in the 
process of image preprocessing, a new module, Focus, is also 
proposed, as shown in Fig. 5. 

Feature Extraction: The backbone network BottleneckCSP [9] 
used by the YOLOv5 model is also a residual network structure. As 
shown in Fig. 5, it is the overall architecture of our improved 
YOLOv5 model. Each different module is marked with a different 
color. The size of the input image is 640×640. The backbone 
network uses four Bottleneck-block modules. In Fig. 5, we only 
draw the key modules of the architecture, but the details of each 
module are not shown. Starting from the last feature layer of the 
backbone network, as the input of PANet, the features in the last 
three layers are used for feature fusion. The last three feature layers 
of the backbone network are three different scales, 80×80×128, 
40×40×256, and 20×20×512. The feature layers of these three 
scales are respectively fused with the feature layer of which is the 
same scale in PANet, and then the prediction feature layers of three 
different scales can be obtained. 

Feature Processing: YOLOv5 uses the PANet structure as the 
reinforcement feature processing network. Our improved network 
also continues to use the PANet structure, and through the last path, 
two other feature maps of different scales, 10×10 and 5×5, can be 
added. As shown in Fig. 5, we add the Bottleneck behind SPP to 
concat with a new feature, and two grids of 10×10 and 5×5 scale 
are added for detection. 

Feature Prediction: The improved PANet can obtain five 
feature layers of different scales, and make predictions on these five 
feature layers respectively. The scales of these five feature layers 
are 80×80, 40×40, 20×20, 10×10, and 5×5. As shown in Fig. 5, we 
name these feature layers P3, P4, P5, P6, and P7. As shown in Table 
2, we obtain the most suitable anchors sizes for these two scales 
through experiments as [153,103, 186,213, 458,426] and [182,130, 
200,234, 496,458]. The other three anchor size of different scale 
feature layers are [10,13, 16,30, 33,23], [30,61, 62,45, 59,119] and 
[116,90, 156,198, 373,326]. Like the improvement of YOLOv3 and 
YOLOv4, the feature layers of different scales target objects of 
different sizes. From the largest scale to the smallest scale, it targets 
small, medium, large, and x-large objects in the image, respectively,  



 

 

 5 

Table 2  The five different anchor sizes and numbers of different modules for the improved YOLOv5. 
Module Feature map Anchors size Grid Scale Anchors Number 

P3 80×80 [10,13, 16,30, 33,23] 80×80 80×80×3=19200 

P4 40×40 [30,61, 62,45, 59,119] 40×40 40×40×3=4800 

P5 20×20 [116,90, 156,198, 373,326] 20×20 20×20×3=1200 

P6 10×10 [153,103, 186,213, 458,426] 10×10 10×10×3=300 

P7 5×5 [182,130, 200,234, 496,458] 5×5 5×5×3=75 
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(a) 80×80             (b) 40×40                (c) 20×20               (d) 10×10              (e) 5×5 

Fig.6  The five different feature scales and corresponding anchor sizes on YOLOv5. 
 

as shown in Fig. 6. The improved new network model generates a 
total of 25575 anchors, which are 375 more anchors than the 
original YOLOv5 model. Finally, the needless anchors are filtered 
through the non-maximum suppression mechanism [21], and only 
the anchors which can accurately mark the objects are retained. 

4 Experiments Results and Analysis 

In this section, we first describe experiment implementation 
details. Then we introduce the evaluation criterion and datasets for 
evaluation. Subsequently, we conduct ablation studies on the 
proposed improvements of the YOLOv4 and YOLOv5 models. We 
conduct experimental verification on YOLOv3, YOLOv4, and 
YOLOv5_S-X baseline models in turn. 

4.1 Implementation Details 

As for the latest YOLOX [11] algorithm of the YOLO series, 
because YOLOX is the anchor-free detector, the methods we 
proposed must be based on anchor-base. There is no comparability 
between the two, so we conduct a sufficiently experimental 
comparison and analysis of YOLOv3-5. As for the YOLOv1 model 
[5], the anchor-base method is not used, so it also cannot be 
compared. As for the YOLOv2 model [6], although the anchor-base 
method is added based on the YOLOv1, the single detection head 
method is used. And the structure of the YOLOv2 model is very 
complex. If an improved multi-scale detection head method based 
on the anchor-base is proposed on YOLOv2, the complexity and 
calculation of the network model will be doubled. We think that 
such experimental research is also meaningless, so no experimental 
verification is done on the YOLOv2 model. 

We implement our improved network structure on the deep 
learning framework PyTorch [23]. Our network is built upon the 
famous open-source networks YOLOv3, YOLOv4, and 
YOLOv5_S-X. All the experiments are implemented on the 
Linux=3.10.0-1127.el7.x86_64 and GPU=GTX 2080Ti. 

We do our all experiments on PASCAL VOC (Pattern Analysis, 
Statistical Modeling, and Computational Learning, Visual Object 
Classes) [24] and MS COCO (Microsoft COCO) [25] datasets. The 
training sets for all experiments are PASCAL VOC2007+2012 and  

Table 3  Confusion Matrix. T/F represents True/False, and P/N 
represents Positive and Negative. 

prediction(row) Positive Negative 

actual 
(column) 

True TP TN 

False FP FN 

 

MS COCO 2017, and the validation sets are PASCAL VOC 
(VOC07_test) and MS COC (test-dev 2017). Considering the time 
cost of network learning, we uniformly the learning epoch of each 
network to 100 epochs on both the VOC and the COCO datasets. 
We explain the experimental results of the improved three model 
structures on these two datasets respectively. 

PASCAL VOC 2007+2012 dataset consists of about 16k training 
images and 5k test images over 20 object classes. MS COCO 2017 
dataset involves 80 object classes. We experiment with the 80k 
images on the training set, 40k images on the validation set, and 20k 
images on the test-dev set. 

4.2 Evaluation Criteria 

There are many parameters for evaluating model performance for 
object detection algorithms, including precision, recall, average 
precision (AP), mean average precision (mAP), and so on. In this 
paper, we mainly use Precision, Recall, AP, and mAP to judge the 
effectiveness of the improvement models. We explain how the 
performance evaluation metrics are calculated through a confusion 
matrix [26]. A confusion matrix is made up of four components, 
namely, True Positive (TP), True Negative (TN), False Positive (FP), 
and False Negative (FN). For each object, if the prediction is correct, 
it is marked as True, if the prediction is wrong, it is marked as False, 
if the anchor contains the object, it is marked as Positive, and if 
there is no object in the anchors, it is marked as Negative. Therefore, 
for example, if the prediction of the object is the same as the actual, 
it is represented by TP; on the contrary, it is represented by FN, as 
shown in Table 3. The calculation formulas of precision and recall 
can be obtained as follows: 

,
TP

precision
TP FP

=
+

 (1) 
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,
TP

recall
TP FN

=
+

 (2) 

where p  represents precision , r  represents recall , so the 

AP  can be calculated as: 

( )
1

0
 .AP p r dr=   (3) 

The mAP represents the mean of AP for each class. Different 
datasets contain different numbers of classes. For the VOC dataset 
with 20 classes, mAP represents the average AP of these 20 classes. 
For the COCO dataset with 80 classes, mAP represents the average 
of AP of these 80 classes. 

4.3 Ablation Studies 

Our improvements on the YOLOv4 and YOLOv5 models both 
add two different scales, 10×10 and 5×5, to this new network 
structure. The effect of each new feature layer added as a prediction 
feature is different. Therefore, we conduct ablation studies on the 
effects of the model after adding different feature scales. We 
conduct ablation experiments on the VOC and COCO datasets. 

(1) Ablation Studies on YOLOv4 

As shown in Table 4, the original YOLOv4 model with only three 
feature scales achieves 84.3% mAP@.5 and 60.2% mAP@.5:.95 on 
the VOC dataset. Firstly, we add only a 10×10 grid as the prediction 
feature layer on the YOLOv4 baseline and achieve 85.0% mAP@.5 
and 61.2% mAP@.5:.95, which are 0.7% and 1.0% higher than the 
original results. Then, we add only a 5 × 5 grid as the prediction 
feature layer and achieve 84.8% mAP@.5 and 60.9% mAP@.5:.95, 
which are 0.5% and 0.7% higher than the original results. Finally, 
we propose to simultaneously add 10×10 and 5×5 grids as 
prediction feature layers, and achieve 85.6% mAP@.5 and 61.8% 
mAP@.5:.95, which are 1.3% and 1.6% higher than the original 
results. From the experimental results, it can be seen if we add two 
grids of different scales 10×10 and 5×5 to the YOLOv4 baseline as 
the prediction feature layers, we can get the highest result in the 
VOC dataset. 

As shown in Table 5, the original YOLOv4 model with only three 
feature scales achieves 35.3% mAP@.5:.95 and 44.2% APL on the 
COCO dataset. Firstly, we add only a 10×10 grid as the prediction 
feature layer on the YOLOv4 baseline and achieve 35.9% 
mAP@.5:.95 and 45.0% APL, which are 0.6% and 0.8% higher than 
the original results. Then, we add only a 5 × 5 grid as the prediction 
feature layer and aachieve35.7% mAP@.5:.95 and 44.8% APL, 
which are 0.4% and 0.6% higher than the original results. Finally, 
we propose to simultaneously add 10×10 and 5×5 grids as 
prediction feature layers, and finally achieve 36.4% mAP@.5:.95 
and 45.6% APL, which are 1.1% and 1.4% higher than the original 
results. From the experimental results, it can be seen if we add two 
grids of different scales 10×10 and 5×5 to the YOLOv4 baseline as 
the prediction feature layers, we can get the highest result in the 
COCO dataset. 

Based on those results on YOLOv4, to save time cost, when we 
conduct experimental verification on VOC and COCO dataset, we 
only compare the situation where two scales of grids are added at 
the same time. 
 

Table 4  Ablation Experiments about the Different Scales of 
10×10 and 5×5 on YOLOv4 and YOLOv5. Training Set is 
VOC07+12, and Test Set is VOC07_test. 
Model Grid Scale mAP@.5 mAP@.5:.95 

YOLOv4 

original 84.3% 60.2% 

only add 10×10 85.0% (+0.7) 61.2% (+1.0) 
only add 5×5 84.8% (+0.5) 60.9% (+0.7) 
add 10×10 and 5×5 85.6% (+1.3) 61.8% (+1.6) 

YOLOv5_S 

original 81.9% 56.9% 

add 10×10 83.1% (+1.2) 59.5% (+2.6) 
only add 5×5 82.5% (+0.6) 57.7% (+0.8) 
add 10×10 and 5×5 84.3% (+2.4) 61.3% (+4.4) 

 

Table 5  Ablation Experiments about the Different Scales of 

10×10 and 5×5 on YOLOv4 and YOLOv5, on the COCO dataset. 

Train Data is Train_2017, Test Data is Test-dev 2017. 

Model Grid Scale mAP@.5:.95 
mAP@.5:.95 

APL 

YOLOv4 

original 35.3% 44.2% 

only add 10×10 35.9% (+0.6) 45.0% (+0.8) 
only add 5×5 35.7% (+0.4) 44.8% (+0.6) 
add 10×10 and 5×5 36.4% (+1.1) 45.6% (+1.4) 

YOLOv5_S 

original 36.9% 47.0% 

add 10×10 37.8% (+0.9) 49.8% (+2.8) 
only add 5×5 37.4% (+0.5) 48.5% (+1.5) 
add 10×10 and 5×5 38.4% (+1.5) 52.4% (+5.4) 

 

(2) Ablation Studies on YOLOv5 

We conduct ablation experiments on the YOLOv5_S model. As 
shown in Table 4, the original YOLOv5_S model with only three 
feature scales achieves 81.9% mAP@.5 and 56.9% mAP@.5:.95 on 
the VOC dataset. Firstly, we propose to add only a 10×10 grid as 
the prediction feature layer on the YOLOv5 baseline and achieve 
83.1% mAP@.5 and 59.5% mAP@.5:.95, which are 1.2% and 2.6% 
higher than the original results. Then, we propose to add only a 5 × 
5 grid as the prediction feature layer and achieve 82.5% mAP@.5 
and 57.7% mAP@.5:.95, which are 0.6% and 0.8% higher than the 
original results. Finally, we propose to simultaneously add 10×10 
and 5×5 grids as prediction feature layers, and finally aachieve84.3% 
mAP@.5 and 57.7% mAP@.5:.95, which are 2.4% and 4.4% higher 
than the original results. From the experimental results, it can be 
seen if we add two grids of different scales 10×10 and 5×5 to the 
YOLOv5_S baseline as the prediction feature layers, we can get the 
highest result in the VOC dataset. 

As shown in Table 5, the original YOLOv5_S model with only 
three feature scales achieves 36.9% mAP@.5:.95 and 47.0% APL on 
the COCO dataset. Firstly, we add only a 10×10 grid as the 
prediction feature layer on the YOLOv5 baseline and achieve 37.8% 
mAP@.5:.95 and 49.8% APL, which are 0.9% and 2.8% higher than 
the original results. Then, we propose to add only a 5 × 5 grid as the 
prediction feature layer and achieve 37.4% mAP@.5:.95 and 48.5% 
APL, which are 0.5% and 1.5% higher than the original results. 
Finally, we propose to simultaneously add 10×10 and 5×5 grids as 
prediction feature layers, and finally aachieve38.4% mAP@.5:.95 
and 52.4% APL, which are 1.5% and 5.4% higher than the original 
results. From the experimental results, it can be seen if we add two  
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Table 6  Experiments on the PASCAL VOC dataset of YOLOv3. 
Methods Backbone Image Size Train Data Test Data mAP@.5 mAP@.5:.95 

YOLOv3_1 Darknet-53 416×416 VOC2007+2012 VOC07_test 76.3% 55.7% 

YOLOv3 Darknet-53 416×416 VOC2007+2012 VOC07_test 86.4% 65.9% 

Ours Ours 416×416 VOC2007+2012 VOC07_test 88.0% (+1.6) 67.8% (+1.9) 
 

Table 7  Experiments on MS COCO dataset of YOLOv3. Train Data is Train_2017, Test Data is test-dev 2017. The YOLOv3 backbone is 

Darknet-53, our method backbone is a new backbone which we explain in section 3.1. The input image size is 416×416. 

Methods mAP@.5 mAP@.75 mAP@.5:.95 
mAP@.5:.95 mAP@.5:.95 mAP@.5:.95 

APS APM APL 

YOLOv3 64.5% 49.5% 45.5% 29.6% 50.3% 57.8% 

Ours 65.4% (+0.9) 50.2% (+0.7) 46.3% (+0.8) 28.8% 50.6% (+0.3) 61.8% (+4.0) 
 

Table 8  Experiments on the PASCAL VOC dataset of YOLOv4. 
Methods Backbone Image Size Train Data Test Data mAP@.5 mAP@.5:.95 

YOLOv4 CSPDarknet53 608×608 VOC2007+2012 VOC07_test 84.3% 60.2% 

Ours CSPDarknet53 608×608 VOC2007+2012 VOC07_test 85.6% (+1.3) 61.8% (+1.6) 
 

Table 9  Experiments on MS COCO dataset of YOLOv4. Train Data is Train_2017, Test Data is test-dev 2017. The YOLOv4 and our method 
backbone are CSPDarknet53. The input image size is 608×608. 

Methods mAP@.5 mAP@.75 mAP@.5:.95 
mAP@.5:.95 mAP@.5:.95 mAP@.5:.95 

APS APM APL 

YOLOv4 57.0% 37.2% 35.3% 19.1% 43.4% 44.2% 

Ours 57.8% (+0.8) 37.4% (+0.2) 36.4% (+1.1) 19.2% (+0.1) 43.3% 45.6% (+1.4) 
 

grids of different scales 10×10 and 5×5 to the YOLOv5_S baseline 
as the prediction feature layers, we can get the highest result in the 
COCO dataset. 

Based on those results on YOLOv5_S, to save time cost, when 
we conduct experimental verification on VOC and COCO dataset, 
we only compare the situation where two scales of grids are added 
at the same time. 

4.4 Experiments on YOLOv3 

There are many versions of the YOLOv3 model, and the latest 
version contains many optimization tricks added by the author, 
including mosaic enhancement [9], label smoothing [17], cosine 
annealing learning rate [16], and so on. As shown in Table 6, we use 
YOLOv3_1 to represent the first model of YOLOv3, and the 
detection results of the latest version of YOLOv3 are much better 
than the results of the first version. And the detection results of the 
latest version of the YOLOv3 model are better than the detection 
results of the YOLOv4 first model. In this paper, we choose the 
latest version of YOLOv3 as our baseline model. 

We propose to use the YOLOv3 model as the baseline, improve 
the backbone network, and change the original five residual blocks 
to six residual blocks. We design to fuse feature on the newly added 
residual block to retain the effective feature information. A new 7×7 
grid is added to the original 52×52, 26×26, and 13×13, which are 
all used as the prediction feature layers to form a new detection 
network. 

(1) Experiments on the PASCAL VOC dataset 
As shown in Table 6, we compare the improved method with the 

original method. The original YOLOv3 method achieves 86.4% 
mAP@.5 and 65.9% mAP@.5:.95 on the VOC dataset. Our 
proposed method achieves 88.0% mAP@.5 and 67.8% 

mAP@.5:.95 on the VOC dataset, which is 1.6% and 1.9% higher 
than the original. 

(2) Experiments on the MS COCO dataset 
As shown in Table 7, the original YOLOv3 method achieves 64.5% 

mAP@.5 and 45.5% mAP@.5:.95 on the COCO dataset. Our 
proposed method achieves 65.4% mAP@.5 and 46.3% 
mAP@.5:.95 on the COCO dataset, which is 0.9% and 0.8% higher 
than the original. It is worth noting that the YOLOv3 method 
achieves 57.8% APL and our method achieves 61.8% APL, which is 
4.0% higher than the original. It shows that our method can not only 
improve the detection effect of the model but also has the best 
detection effect on large objects. 

4.5 Experiments on YOLOv4 

Through the ablation experiments in Sec. 4.3, we obtain that the 
effect of increasing the grids of both 10×10 and 5×5 scales is the 
best. Therefore, the methods for the comparative experiments in 
this section are all models with two grids of 10×10 and 5×5 added 
at the same time. 

We propose to use the YOLOv4 model as a baseline to improve 
the multi-scale anchor boxes detection method. Based on the 
original three different scales 76×76, 38×38, 19×19 grids, 10×10, 
and 5×5 grids are added, which are used as prediction feature layers 
to form a new detection network. 

(1) Experiments on the PASCAL VOC dataset 
As shown in Table 8, we compare the improved method with the 

original method. The original YOLOv4 method achieves 84.3% 
mAP@.5 and 60.2% mAP@.5:.95 on the VOC dataset. Our 
proposed method achieves 85.6% mAP@.5 and 61.8% 
mAP@.5:.95 on the VOC dataset, which is 1.3% and 1.6% higher 
than the original. 
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Table 10  Experiments on PASCAL VOC dataset of YOLOv5_S-X. 
Methods Backbone Image Size Train Data Test Data mAP@.5 mAP@.5:.95 

YOLOv5_S BottleneckCSP 640×640 VOC2007+2012 VOC07_test 81.9% 56.9% 

Ours_S BottleneckCSP 640×640 VOC2007+2012 VOC07_test 84.3% (+2.4) 61.3% (+4.4) 
YOLOv5_M BottleneckCSP 640×640 VOC2007+2012 VOC07_test 86.0% 65.2% 

Ours_M BottleneckCSP 640×640 VOC2007+2012 VOC07_test 87.2% (+1.2) 66.6% (+1.4) 
YOLOv5_L BottleneckCSP 640×640 VOC2007+2012 VOC07_test 88.2% 68.3% 

Ours_L BottleneckCSP 640×640 VOC2007+2012 VOC07_test 89.0% (+0.8) 69.9% (+1.6) 
YOLOv5_X BottleneckCSP 640×640 VOC2007+2012 VOC07_test 88.6% 69.8% 

Ours_X BottleneckCSP 640×640 VOC2007+2012 VOC07_test 89.1% (+0.5) 70.9% (+1.1) 
 

 

Fig.7  mAP@0.5-Epoch curves. From left to right are the mAP@0.5-Epoch curve on YOLOv5 S-X on the PASCAL VOC dataset. 
 

(2) Experiments on the MS COCO dataset 
As shown in Table 9, the original YOLOv4 method achieves 57.0% 

mAP@.5 and 35.3% mAP@.5:.95 on the COCO dataset. Our 
proposed method achieves 57.8% mAP@.5 and 36.4% 
mAP@.5:.95 on the COCO dataset, which is 0.8% and 1.1% higher 
than the original. It is worth noting that the YOLOv4 method 
achieves 44.2% APL and our method achieves 45.6% APL, which is 
1.4% higher than the original. It shows that our method can not only 
improve the detection effect of the model but also has the best 
detection effect on large objects. 

4.6 Experiments on YOLOv5 

Through the ablation experiments in Sec. 4.3, we obtain that the 

effect of increasing the grids of both 10×10 and 5×5 scales is the 

best. Therefore, the methods for the comparative experiments in 

this section are all models with two grids of 10×10 and 5×5 added 

at the same time. 

We propose to use the YOLOv5 model as a baseline to improve 
the multi-scale anchor box detection method. We have done 
comparative experiments and results in the analysis of the four 
models of S, M, L, and X of YOLOv5. Based on the original three 
different scales 80×80, 40×40, 20×20 grids, 10×10, and 5×5 grids 
are added by us, which are used as prediction feature layers to form 
a new detection network. 

(1) Experiments on the PASCAL VOC dataset 
As shown in Table 10, we compare the improved method with 

the original method. The original YOLOv5_S-X methods achieve 
81.9%, 86.0%, 88.2%, 88.6% mAP@.5 and 56.9%, 65.2%, 68.3%, 
69.8% mAP@.5:.95 on the VOC dataset. Our proposed methods 
achieve 84.3%, 87.2%, 89.0%, and 89.1% mAP@.5 and 61.3%, 
66.6%, 69.9%, 70.9% mAP@.5:.95 on the VOC dataset. The 
mAP@.5 are higher 2.4%, 1.2%, 0.8%, 0.5%, and the mAP@.5:.95 

are higher 4.4%, 1.4%, 1.6%, 1.1%. As shown in Fig. 7, it is the 
graph of the mAP@.5 of our methods and the original methods of 
YOLOv5_S-X trained for 100 epochs. We name the structure that 
only adds a 10×10 grid as P6 and the structure that adds both 10×10 
and 5×5 grids as P7. We can see that in both the P6 structure and 
the P7 structure, the experimental results are better than the original. 

(2) Experiments on the MS COCO dataset 
As shown in Table 11, the original YOLOv5_S-X methods 

achieve 36.9%, 43.8%, 46.1%, 49.5% mAP@.5:.95 on the COCO 
dataset. Our proposed methods achieve 38.4%, 45.0%, 46.8%, 49.8% 
mAP@.5:.95 on the COCO dataset, which are 1.5%, 1.2%, 0.7%, 
and 0.3% higher than the original. It is worth noting that the 
YOLOv5_S-X methods achieve 47.0%, 56.1%, 60.2%, 63.2% APL 
and our method achieve 52.4%, 57.4%, 61.5%, 64.8% APL, which 
are 5.4%, 1.3%, 1.3%, 1.6% higher than the original. It shows that 
our method can not only improve the detection effect of model, but 
also has the best detection effect on large objects. 

There are four groups of detection images that are detected by the 
Ours_S method on the COCO dataset. As shown in Fig. 8, we divide 
the images into four groups, including single object images, large 
images, small images, and dense images. Our method has great 
detection results. 

4.7 Analysis of Experiments Results 

From the results of the ablation experiments, we can get that the 
method of adding grids of different scales as the prediction feature 
layer is useful to improve the detection effect of the YOLO models. 
If the two grids of different scales can be added, the best results can 
be achieved by adding both at the same time. 

During the experiment, we also have tried to add a smaller grid 
as the prediction feature layer, such as adding a 100×100 grid on 
the YOLOv5_S model, but the detection accuracy achieved by the  
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Table 11  Experiments on MS COCO dataset of YOLOv5_S-X. Train Data is Train_2017, Test Data is test-dev 2017. The YOLOv5_S-X 
and our method backbone are BottleneckCSP. The input image size is 640×640. 

Methods mAP@.5 mAP@.75 mAP@.5:.95 
mAP@.5:.95 mAP@.5:.95 mAP@.5:.95 

APS APM APL 

YOLOv5_S 55.5% 40.6% 36.9% 21.6% 42.0% 47.0% 

Ours_S 56.2% (+0.7) 42.1% (+0.5) 38.4% (+1.5) 21.6% 43.0% 52.4% (+5.4) 
YOLOv5_M 61.1% 48.1% 43.8% 27.5% 49.1% 56.1% 

Ours_M 62.4% (+1.3) 48.9% (+0.7) 45.0% (+1.2) 27.4% 49.6% 57.4% (+1.3) 
YOLOv5_L 65.3% 51.7% 46.1% 29.8% 52.3% 60.2% 

Ours_L 65.9% (+0.6) 51.9% (+0.2) 46.8% (+0.7) 30.1% 52.9% 61.5% (+1.3) 
YOLOv5_X 67.7% 54.0% 49.5% 32.4% 64.7% 63.2% 

Ours_X 67.8% (+0.1) 54.1% (+0.1) 49.8% (+0.3) 32.4% 54.8% 64.8% (+1.6) 
 

 

Fig.8  The detection results of the Ours_S method on the COCO dataset. 
 

model is reduced. On the YOLOv3 and YOLOv4 models, we also 
have tried to add smaller grids as prediction feature layers, such as 
100×100, but the achieved results are also lower than the original. 
We analyze that our method of adding smaller grids as prediction 
feature layers only greatly increases the complexity of the model, 
but cannot improve the detection effect of the model. As for smaller 
grids, we need to extract information from shallower layers to 
satisfy smaller grids’ sizes. However, the semantic information 
contained in the shallow layer is too limited, and adding a smaller 
grid will only cause the model to overfit, and cause a decrease of 
learning speed or detection result. 

As shown in Fig. 9, we compare the method of the YOLOv5_S 
model on the VOC dataset and our method by adding a 100×100 
grid as the prediction feature layer. During the training, the method 
of 100×100 grid is lower than YOLOv5_S. The method of adding 
100×100 achieves 75.3% mAP@.5, which is 6.6% lower than the 

original 81.9% mAP@.5. Therefore, it can be obtained that the deep 
layer contains sufficiently semantic information, and the prediction 
of the deep layer information allocated to grids of different sizes 
achieves better results than the shallow layer. 

From the YOLOv5_S-X experiment results, it can be concluded 
that both our methods and the originals have good detection results 
on both datasets. Because the four YOLOv5 models improve the 
detection effect by increasing the network depth, with the 
deepening of network depth, some defects of the small network 
model can be made up, so the detection accuracy is improved. This 
thought is consistent with our idea of improving the multi-scale 
anchor box detector. With the deepening of the network structure, 
our improved methods also can make up for some missing 
information, and improve the detection results by capturing this 
missing information. Therefore, with the deepening of the network 
model, both the original YOLOv5_S-X models and the improved  
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Fig.9  mAP@0.5-Epoch curve. The experimental results of adding 
a 100×100 grid on YOLOv5_S are compared with the original 
experimental results. 
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Fig.10  Simplified diagram of the PANet structure on the 
YOLOv4 and YOLOv5 models. 
 

models proposed by us have the problem of decreasing accuracy 
growth. 

From the network of YOLOv4 and YOLOv5, we can get that the 
structure of Multiple-in-Multiple-out is also crucial to the PANet 
structure. Our proposed method on PANet increased the prediction 
feature layers can be simplified as shown in Fig. 10. Compared with 
the FPN structure, the PANet structure has one more path for feature 
fusion. The feature layers of the same scale are obtained by 
continuous upsampling and downsampling, and the feature layers 
of the same scale are fused to form the prediction feature layers we 
need. Increasing the number of predicted feature layers can improve 
detection results. 

We can get from the comparative experimental results on each 
model, adding a larger scale grid as prediction feature layers, which 
has a certain improvement on each model. Therefore, we can 
propose that a multi-scale anchor box detector for the feature is 
effective for YOLO series models. 

5 Conclusions 

We introduce the related work, the improved network structure 
modules, the experimental results, and the analysis detail. The 
comparative experiments are conducted on each model and the 
results are analyzed detailly. We propose to add grids of different 
scales as prediction feature layers on the YOLOv3-5 architectures 
to improve the detection effect. The semantic information contained 
in the deep layer is higher than that in the shallow layer, and the 
effect of assigning the deep layer information to the grid to realize 
detection is much better than that of assigning the shallow layer 
information to the grid to realize the detection effect. We propose 

to add a 7×7 grid as a prediction feature layer on the YOLOv3 
baseline, and simultaneously add 10×10 and 5×5 grids as prediction 
feature layers on the YOLOv4 and YOLOv5 baseline. The method 
of hierarchical detection structure by adding different scale grids as 
the prediction feature layer is useful to improve the detection effect 
on YOLO models. 

In the future, we will continue to study the factors that affect the 
accuracy of object detectors. The influence of the width and depth 
of the model will be mainly discussed, and a reasonable algorithm 
is designed to extract the information contained in each layer of the 
network to achieve the best detection accuracy. 
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