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Skip feature pyramid network with a global receptive field
for small object detection
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putational Intelligence and Intelligence System, Beijing 100124, China)

Abstract: With the development of deep learning, objects can be detected with high accuracy and efficiency. However,
the detection of small objects remains challenging. The main reason for this is that the relationship between high-level
semantic information and low-level feature maps is not fully utilized. To solve this problem, we propose a novel detec-
tion framework, called the skip feature pyramid network with a global receptive field, to improve the ability to detect
small objects. Unlike previous detection architectures, the skip feature pyramid architecture fuses high-level semantic in-
formation with low-level feature maps to obtain detailed information. To extract global information from a network, we
apply a global receptive field (GRF) with convolution kernels of different sizes and different dilated convolution steps.
The experimental results on PASCAL VOC and MS COCO datasets show that the proposed approach realizes signific-
ant improvements over other comparable detection models.

Keywords: skip feature pyramid network; global receptive field; object detection; deep learning; feature extraction; con-
volutional neural network; dilated convolution; image processing
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Fig. 1 Title Skip feature pyramid network with global receptive field for object detection
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F| 120 k 2% 2 R FFE M 1075, 120k~140 k f2% > &
9107, F[EF| GPU AL BFERE Ty, B A R DK
B2 2T HE U, X A R/ R 320320 19 EIA,
b BRI BB 32, TR T A ESR 512%512,
BB BIHER R 160 B FISE T 98 5 51 % &R 0.9
#10.000 5,

FE 1 A AR LR S 0 5 SR R JF A 0 286 Az ) 225
X EE o i A BRI ROH A5 1) i o 285 SR 5
Kagm, IR LLE 75 A BRI RS
320320 I, SEIIUER RN 80.1%, HE N 31.2 fs.
e A BRI REh 512% 512 B, P2 HE6f 2R
81.9%, BN 18.2 f/s,
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Table 1 Detection results on PASCAL VOC dataset

Jrik FLRd o 2% HER R G 35 EEEN
4
Faster' VGG16 73.2 7 1 000x600
[4] . [10]
Faster Residual-101 76.4 2.4 1 000x600
15
R-FCN'™! Residual-101 80.5 9 1 000x600
16
DSoD300" DS/64-192-4 777 17.4 300%300
[17]
YOLOv2 Darknet-19 78.6 40 544x544
[6]
SSD300 VGG16 71.5 46 300%300
[9]
DSSD321 Residual-101 79.5 9.5 321x321
18
STDN321"" DenseNet-169 79.2 415 321x321
Ours320 VGG16 80.1 31.2 320%320
6
ssp512" VGG16 78.6 19 512512
[9]
DSSD513 Residual-101 81.5 5.5 513x513
[18]
STDNS13 DenseNet-169 80.9 28.6 513x513
Ours512 VGG16 81.9 18.2 512x512

%2 IR AE PASCAL VOC2007 izt
LA RSN R 45 ] . R AT LUA
W AR SO VEAE /N H AR ZE 51 i) 1 ARG D o A
AF 30 1 L Ath Do 25 AR AR ST ) T 4% K R

T4 A 2 5 T A O 2% 1%, AP A bird | sheep,
plant 25 /)N F 5 H A 9 25 S5 U HER 353 501l 55 2.5%
3.2%. 2.7%, UEW] T H& 10 4 1A Ak
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Table 2 Object detection results on PASCAL VOC 2007 test set
et [4] [7] [19] [17] [6] [6] [18] [18]
. Faster ' ION'" MR-CNN'" ' YOLOv2' " SSD 300" SSD 512" STDN 321"~ STDN 513"~ Ours 320 Ours 512
aero 76.5 792 80.3 86.3 79.5 84.8 81.2 86.1 84.5 88.5
bike 79.0  83.1 84.1 82.0 83.9 85.1 88.3 89.3 85.4 86.4
bird 709 776 78.5 74.8 76.0 81.5 78.1 79.5 80.1 84.0
boat 66.5  65.6 70.8 59.2 69.6 73.0 72.2 743 73.8 75.8
bottle  52.1 549 68.5 51.8 50.5 57.8 543 61.9 60.0 69.4
bus 83.1 854 88.0 79.8 87.0 87.8 87.6 88.5 87.7 88.9
car 847 85.1 85.9 76.5 85.7 88.3 86.7 88.3 88.2 89.2
cat 86.4 87.0 87.8 90.6 88.1 87.4 88.7 89.4 89.0 89.5
chair 520 544 60.3 52.1 60.3 63.5 63.5 67.4 63.8 66.7
cow 819 806 85.2 78.2 81.5 85.4 83.2 85.5 84.7 86.4
table 65.7 73.8 73.7 58.5 77.0 73.2 79.4 79.5 77.2 73.2
dog 848 853 87.2 89.3 86.1 86.2 86.1 86.4 86.0 87.6
horse  84.6 822 86.5 82.5 87.5 86.7 89.3 89.2 86.4 88.2
mbike  77.5 822 85.0 83.4 83.9 83.9 88.0 88.5 86.7 87.5
person 767 74.4 76.4 81.3 79.4 82.5 713 79.3 82.5 84.9
plant 388 47.1 48.5 49.1 523 55.6 525 53.0 56.1 58.3
sheep  73.6 758 76.3 77.2 77.9 81.7 80.3 77.9 81.3 84.9
sofa 73.9 727 75.5 62.4 79.5 79.0 80.8 81.4 80.4 78.3
train 83.0 842 85.0 83.4 87.6 86.6 86.3 86.6 88.5 87.8
tv 726  80.4 81.0 68.7 76.8 80.0 82.1 85.5 79.8 80.8
mAP 732 756 78.2 76.8 77.5 79.5 79.3 80.9 80.1 81.9

& 5 A SCHY 71 SSD 7 B AE VOC2007 %%
P AR A AT AL 25 SR LL R, 5B —4TJ2 SSD ik
ARG I 235 TR, B AT R AR SR M RS ik A B2
a5 R, MWEH AT LR, AR SO B+
A /IN RS 1 55 R0 A ARG 0 2 S B o oA, i LG
T IE A I A P AR B A TR KIS
2.2 MS COCO

R T i — A B U AR SCHRE AR A A T 22k
S 2 KR B 4R R0 A ROrE, FRATTHE MS
COCO itk kAT 75280, LI g Sk 3 s,
MS COCO %4 4 1 ¥ 48 45 A W] F PASCAL
VOC, VUAIERY 10U #EAT I, X ER 0 3 4
R NEAT A . Horp AP RIRMER %, AR &
R FEER . APs FTARs 43512 7R 71N B AR 546 10 v
R FE 813 D 320%320 R~F 9 S R 6], 4550

7 AE /N B AR HERR R A [R5 5 8 T HAb AL
AR 2.4% F1 4%,

(b) A3k

B 5 7 VOC2007 EARLBISKIG R AT L
Fig. 5 The visual comparison of experimental results on
VOC2007 test
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Table 3 Object detection results on MS COCO test-dev set.
ik S 9 24 APgs.09s  APgs APg;s APs APy APL AR, AR, ARy ARs ARy AR
Faster[4] VGG16 21.9 01 - - - - - - - - - -
ION[7] VGG16 23.6 432 236 64 241 383 232 327 332 101 377 53.6
R-FCN[15] Residual-101 29.2 515 - 103 324 433 - - - - - -
DSOD[16] DS/64/192/4 29.3 473 306 94 315 47 273 407 43 167 47.1 65
Yolov2[17] Darknet 21.6 440 192 9.0 289 419 248 375 398 140 435 59.0
SSD300[6] VGG16 25.1 431 258 6.6 259 414 237 351 372 112 404 584
DSSD321[9] Residual-101 28.0 461 292 74 281 47.6 255 37.1 394 127 42 62.6
STDN321[18] DenseNet'” 28.0 456 294 79 297 451 244 361 384 125 427 60.1
Ours320 VGG16 28.2 477 291 103 31.4 437 258 389 412 169 472 61.0
SSD512[6] VGG16 28.8 485 303 109 31.8 435 261 395 42 165 466 60.8
DSSD513[9] Residual-101 332 533 352 13 354 511 289 435 462 218 49.1 66.4
STDN513[18] DenseNet 31.8 51.0  33.6 144 361 434 27.0 40.1 419 183 483 573
Ours512 VGG16 33.1 523 324 156 34.6 427 283 426 456 259 50.8 60.1
3 HEiE [5] REDMON J, DIVVALA S, GIRSHICK R, et al. You only
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