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INTRODUCTION

We propose a novel multibranch feature extraction block - E-RFB,
where sufficient RF is obtained by down-sampling and increasing
depth.

In order to mitigate the spatial inconsistency in feature fusion, a
novel spatial attention mechanism (GSAM) is proposed to model
the internal relationship of a feature map.

The two aforementioned feature enhancement mechanisms are
integrated in one module. The experimental results on the MS
COCO and PASCAL VOC datasets demonstrate the effectiveness of
the proposed module.

Efficient-Receptive Field Block

Group Spatial Attention Module

E-RFB adaptively learns the import degrees for different-
level features on each channel by the following 1 × 1
convolution. Besides, we propose a novel spatial attention
mechanism to eliminate the spatial inconsistency across
different branches.
• To utilize the relationship within all response values

comprehensively, we propose to gradually “narrow” the
attention feature map. Meanwhile, for the sake of
reducing computational burden, we divide the input
feature map into multiple groups according to channel.

• There are three consecutive 3 × 3 convolution layers.
Large RFs are crucial for spatial attention modeling.

• The ratio of additional parameter when the GSAM is
added to ordinary k × k convolution layer is 𝑟𝑠 ≈ Τ1 𝑐2.
Similarly, the additional FLOP ratio can be calculated as
𝑟𝑠 ≈ Τ1 𝑐2 + Τ1 2 ∙ 𝑘2 ∙ 𝑐1. The lightweight GSAM can be
embedded easily into any network.

EXPERIMENTS
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Our detectors surpassing the baseline SSD by a large margin
regardless of the backbone. Compared with the RFB, the E-RFB
contribute substantially to performance improvements in terms
of A𝑃𝑠𝑚𝑎𝑙𝑙 and A𝑃𝑚𝑒𝑑𝑖𝑢𝑚. Benefiting from its large RF, GSAM
captures context information in a large range, making for large
object detection.

Compared with RFB Net, E-RFB Net has higher accuracy with
fewer parameters, which confirms the efficiency of our module.

The E-RFB performs best when different blocks have similar
magnitude, i.e. they have similar parameter size and FLOPs. Our
module structure design contributes to detection accuracy.
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E-RFB conjuncts output features of various levels to increase
the richness of features.
• RFs similar to RFB. In the E-RFB, a large RF is obtained by

down-sampling and depth growing rather than by dilated
convolution.

• Deep, narrow, and large cardinality. A narrow structure
creates less parameters, whereas a deep structure learns
discriminative features.

• Strip convolution. To detect objects with extreme aspect
ratios precisely, an n × m convolution implemented by
adding an integrated n × 1 plus 1 ×m conv layer is utilized.


