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Statistical analysis for MS COCO

Scale variation is one of the key challenges in object detection.

Not only the scale variation but also the aspect ratio variation should be taken into account.



Examples of objects assignment

The regions in the red and green rectangles are the receptive fields of feature layers
at different resolutions respectively, when mapping the objects in the blue rectangle.

The poor match between objects and assigned features is bound to
occur among a rectangular and a square receptive filed.

Feature pyramids are widely used to improve scale invariance by mapping the objects to feature 
maps with relevant square receptive fields.



Feature fusion

FPN [1] only forms a single top-down pathway to propagate high-level information. It
will make the integrated features focus more on adjacent resolution but less on others.
Each feature in the pyramid may mainly or only contain single-level information, thus
limiting the detection performance.

[1] T.-Y. Lin, P. Dollar, R. Girshick, K. He, B. Hariharan, and S. Belongie, “Feature pyramid networks for object
detection,” Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, pp. 2117–2125, 2017.



Motivations

The designed feature pyramids

should match objects with multiple

scales and aspect ratios. Specifically,

objects should be assigned to

feature layers with fitted receptive

filed.

Each feature in the pyramid is

required to be representative

enough and contain rich information.

Specifically, the feature fusion

methods should combine low-level

and high-level information effectively.
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Overall pipeline

This is the overall pipeline of our model based on FCOS[1]. DLGM utilizes multi-level
features extracted by backbone to generate the base features. Then the base features are
fed into TDM and BUM in series to construct feature pyramids for final model predictions.

[1] Z. Tian, C. Shen, H. Chen, and T. He, “Fcos: Fully convolutional one-stage object detection,” Proceedings
of the IEEE International Conference on Computer Vision, pp. 9627–9636, 2019



BMFPN

TDM BUM

Deconvolution and convolution with asymmetric strides in h and w dimensions 
to construct the final feature pyramids. 



Object assignment strategy

The scale and aspect ratio of receptive field are proportional 
between each feature layer in theory. 

we set both the width (WR) and height ranges(HR) of object 
instances assigned to each feature layer.

For example:
𝐿(0,0): 𝑊𝑅: (16, 32) HR:(16, 32)
𝐿(0,1): 𝑊𝑅: (16, 32) HR:(32, 64)

𝐿(1,0): 𝑊𝑅: (32, 64) HR:(16, 32)

if a location satisfies : 

max 𝑙∗, 𝑟∗ ∈ 𝑊𝑅𝐿 𝑖,𝑗
,max 𝑏∗, 𝑡∗ ∈ 𝐻𝑅𝐿 𝑖,𝑗

it will be assigned to layer 𝐿 𝑖,𝑗 .



Gaussian Center-ness Branch

The target is decided by the hyper-parameter σ, central 
location (𝑥0, 𝑦0) and box size (h, w) .
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Experiments

With all these components added to FCOS, improvement on AP is 3.3% over
baseline. And the results shows that large size instances contribute most (+5.0%).
Moreover, it makes more accurate detection with 3.9% improvement on 𝐴𝑃75.



Ablation Studies 



Experiments



Visualization
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Conclusion

1. A poor match between rectangular objects and feature maps with square receptive
filed.

2. A sparse information flow among each feature in the pyramid.
3. Bidirectional Matrix Feature Pyramid Network (BMFPN) is proposed to address

these issues.
4. An end-to-end anchor-free detector is designed and trained by integrating BMFPN

into FCOS.
5. Extensive experiments demonstrate the effectiveness of the proposed architecture

and the novel modules.
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