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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.
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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.

e Strip convolution. To detect objects with extreme aspect
ratios precisely, an n x m convolution implemented by
adding an integrated n x 1 plus 1 x m conv layer is utilized.
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E-RFB adaptively learns the import degrees for different-
level features on each channel by the following 1 x 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 x 3 convolution layers.
Large RFs are crucial for spatial attention modeling.

* The ratio of additional parameter when the GSAM is
added to ordinary k x k convolution layer is r; = 1/c,.
Similarly, the additional FLOP ratio can be calculated as
.~ 1/c, +1/2 - k? - ¢c;. The lightweight GSAM can be
embedded easily into any network.

EXPERIMENTS

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 APspman and AP eqium. 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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DETECTION PERFORMANCE ON THE COCO 2017 TEST-DEV DATASET.

Backbone Model [ Param. | FLOPs | AP [ APso | APy [ APs [ APy, ARpr | AR
SSD[1] 1238M | 221G | 200 | 355 202 19 19.6 307 521
MobiloNet RFE [2] T68M | 157G | 208 | 364 | 211 18 | 201 330 | 548
Ours (E-RFB) 6.91M 169G | 21.3 3.3 217 23 219 337 336
Ours (E-RFB + GSAM) | 6.99M 176G | 220 | 380 224 24 22.1 34.3 55.3
SSD[1] 50.98M | 42.65G | 29.2 | 482 30.8 11.2 315 4.7 592
VGG-16 RFB [2] 3992G | 303 | 494 | 320 | 118 | 319 459 | 6.
Ours (E-RFB) 3697G | 309 | 497 327 12.5 331 46.3 62.0
Ours (E-RFB + GSAM) 3698G | 318 | 50.7 338 12.9 337 471 63.0
SSD[1] 4226G | 323 | 517 | 346 | 147 | 356 500 | 621
ResNet-50 RFB 2] 41.0MI1 | 40.12G | 336 | 533 359 15.6 37 51.5 64.8
Ours (E-RFB) 3L7TM | 36.32G | 341 538 36.7 159 377 48.1 226 521 640
Ours (E-RFB + GSAM) | 31.80M | 3633G | 344 | 542 36.9 16.1 8.0 48.7 229 523 64.3
COMPARISON OF OTHER STATE-OF-THE-ART MULTIBRANCH BLOCKS ON VOC 2007 TEST SET AND COCO 2017 VAL SET. THE BACKBONE 1S VGG-16.
Dataset PASCAL VO( MS COCO
Model Param. | FLOPs | maP | FLOPs | AP | APso | APrg
Residual (3] 27.63M | 3273G 78.74 36526 | 244 26 248
ASPP(v) (4] 29.80M 79.53 37 241 425 243
Inception [ 5] 29.18M 78.86 37.4G | 243 420 249
Inception(v) [ 5] 30.33M 79.49 37.52G 246 43.1 256
RFB [2] 2887M 79.46 315G | 246 430 250
Ours (E-RFB) 28.74M 34.00C 79.95 | 36.97G 256 432 265
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