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Multi-scale Object Detection Based on Non-local Feature Fusion

MA Qian*?, ZENG Kai'*?, WU Jiawen'?, SHEN Tao'?

(1. Computer Technology Application Key Lab of Yunnan Province, Kunming University of Science and Technology, Kunming
650500, China;2. Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming

650500, China)

Abstract: Aiming at the problem that the fusion method used by the existing multi-scale object detection
model in the face of scale variation and occlusion scene is not sufficient, and does not capture the
long-distance dependency relationship, channel feature fusion aggregation module and non-local feature
interaction module are designed to learn the correlation between different channel features and capture the
long-distance dependence between feature maps. In addition, the current detection architecture is based on
single pyramid detection structure, which exists information loss. In this paper, a double pyramid structure
is designed, and the proposed fusion method is combined with the double feature pyramid structure to
supplement the fusion feature information on the basis of preserving the original feature information.
Experimental results on public datasets KITTI and PASCAL VOC show that the proposed method has
higher detection accuracy than other advanced work, proving its effectiveness in object detection task.
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(Tworstage) B RZE — [ Bk 55 4 4 A6 037 R 48— 31— AN 2 oy, BT B A TG 40 32 R AT
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o A 57 L 0 B T — B BBk
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e, A2 B B B ok i R A LU T PR 22 2 2 5 RS A5 B 09 IR 2 RRAE BT LS R/ B AR R R
B RFT/N BRI BRI . I 45 L SSD (Deconvolutional SSD, DSSD) i F 5% 22 I’ 45 41 4 4%
TEFE IO 48 B8 VGG 16, I 51 AR XS FR 1 ) 4 RS He 5 J5E 48 B0 R AF il DA B F SCfE B 267D
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Fig.1 Process of concatenation and element-sum
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Fig.2 Overall framework of NL-RFB
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Fig.3 Double feature pyramid structure
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Fig.4 Channel feature fusion aggregation module
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Fig.5 Non-local feature interaction module
AR p s Ak B b — 1 BT Y 8 R AR A e X B BRI A A — 2D FE A A i
(Q) B (K) LA KAB (V)i 34 AT 2 AL FE G , 7390 vl R

Q = Reshape(QueryTransforme,( X)) (3)
K = Reshape(Convl X 1. (X)) (4)
V' = Re shape(Convl X 1. (X)) (5)

U XA A REREE R SFR/ANE B X H X W X C, Hip BAGEE batch size, HIUREFEF R &, W
PR AE BT 1Y 58, C R4 38 38 % s Reshape ()UK ¥ — > B X H X W X C ki 28 il — > (B X H X
W)X C W4 FE ; Query Transforme,, Convl X 1. Al Convl X 1. AR IX1HH] .

55 20 Rl 5 A O B AR BB A R AL T A R IALEI S BnAC, = 6) s, 4R
JE A EH B A S VAT s 15 B & K B AR R MRS R Y , (7)) R .

T
A = Soft max

(6)

JC,
Y=AV (7)
1.3 HMEXERH
P R B TR VAR AR (0 T A 5 B S A 25 S M R B AR PR AN 8 b o AR SR FH AT 55 B iR B,
AT [) B S 3R R 5 A L L IR A A 2 R L fR T HE R BRAE fY (R0 R 25 A SRR 25 1
JNALZH B, B

1
L(x,c,l,g)zﬁ [ Leni (2, )+ A (2,0, 8) ] (8)

S S B v A B 0522500 5 ¢ o BN AE B 40 G2 09 250045 8 5 £ 0 TIODMATE 9 AL 4 A5 18 5 ¢y LS AR



o ot R TR RESN S REDARAEMNFR 369

9 AL B3 B 5 A SR AUEE S5 N O I AT S SEHE A A 2805 Lo I Lo 23500 43 2400 5 0L I D9 454 2% o K5, T 0
GIEZS)

N
I‘com’ X, C 2 II] lg + E lg(igv) (9)
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N
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2 XWEREFH

AT W AE NL-RFB H AR I3 12 a9 PE g, 1 Je e KIT TR S BT T K B A se b 47 503k
SRJEE PASCAL VOC™! |- Bo3iF 4 780 1992 4k i

SR FAEE  #E R G808 Ubuntu20.04, ¥ B2 27 I HESE O pytorchl.5.1, CPU 2 Intel Xeon Gold512, iz
FTAE 4 512 G,GPU A Nvidia Tesla V100 GPU, CUDA10.2,

S B A < R A RO AL RO 45 KITTI S PASCAL VOC, % KITTTRHE 4 R A
KITTI# 4 4 " i) 2012 2D object detection left color images of object data /E & Il Zx £ A3 4 | Jf ik £
KITTIEE 4 H i 7 28 9E47 5255, 43 591 & Car  Pedestrian . Cyclist, Person_sitting . Van ., Tram 1 Truck; X
F PASCAL VOC #dls 4 VI 4 &£ 15 & VOC2007 5 VOC2012 Bk 4 Il 25k, K 4 VOC2007, 1% 5K
AT E T H TR WL RFI2E, 3L 204>, Horb Chair Bottle 1 Plant j& #t 84 19 /N H b #1 7K . il
SR FNEIEAR A 16 551 Tk I8 )y, Mk A A 4 952 5K J .

NZRANY : Y hid 72 v PR i A RS B9 R/ A€ S 300 <3000 SR T SGD Bk AT I AL , 2 21 %y
le—5, B R 0.9, K/ E N 8, YL i K Epoch £8i% & 4 300,

VR 8 b - B AR A AT 55 f 5 A AN 46 A 02 2 2800 S 85 B2 (mean average precision, mAP) . Xf
T — 25 0 - 20K 1 5 T LA AP (Average precision) SR 7R, ‘B S il 13 4 [B] 55 F1E 6 25 5 4 £ 3 Ok Al
A o AR S 2 B DU 3 o A R AT S I RN R S B SR TR I R B R A T L A AR R i B
%4 (Floating-point operation per second , FLOPs) Kz I T 3% (Frames per second, FPS) #1734l .

2.1 ZEKITTIHES LR LKL
S 9 UE I B 9 NL-REB H ARG I 326 75 0l B 2% B4 55 vh i A R0 L 1 587 KIT TIEURE & R4
(4 NL-RF B85 HAb S ik ) B AR R BE AT X L o O 7 BRAE S50 1 A 76 KIT T AR [, %) T
A IR LSBT BT I 25 3004~ Epoche,. NL-RF B H Az il 45 71 5 JH Al 28 Bt i 516 0 AG I 25 76 KIT T T4 4
B E X SRR 1R . SEIZ5SRUER  NL-RFB BA7 3 = PN B, 5 REB BRI Lo #2317 0.8
T XTI 24 NL-RFBAH# T REB BRI G N 1 S 800 LA RN O BB R 3+ 55 52
Z PR B, (R BRI ASE A (4 TR T A 3 54, REAS T L ST H AR ARSI Y T R, RS AL 5T 2 i R
F1 EKITTIHHEE L REBRENEERH SR
Table 1 Comparison of detection performance of different target detection methods on KITTI dataset

VRES BT /% WABRN ST /(BREXBR) BENST/MB 284&/MB mAP/% FPS FLOPs

SSD VGG-16 300X 300 187.3 206.52 72.23 92 30.79
FSSD VGG-16 300300 125 260.32 68.18 52 34.87
DSSD  ResNet-101 320320 932 399.81 75.26 32 35.22
RFB VGG-16 300300 132.4 257.38 76.72 58  35.31

NL-RFB VGG-16 300300 150 272.45 77.52 54 41.08
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POE LR T IR 1 . R 2 878 T NL-RFBSUELG HA 7 178 KIT T IR A — SR 1, T 1A
B A SCE Hh SR T P ) R 2R B A AN RN AR, L4 Van  Truck F1 Cyclist,

K2 EKITTIHEE AR ERENE XS —XNERXTLE

Table 2 Per-class comparison of detection performance of different target detection methods on KITTI

dataset %
WIS Car Van Truck Cyeclist Pedestrian Person _sitting Tram
SSD 86.59 86.73 89.31 59.70 45.52 46.98 90.77
FSSD 80.79 78.46 89.13 51.64 37.19 52.89 87.17
DSSD 88.22 85.38 93.23 69.09 44.01 57.48 89.41
RFB 87.48 88.23 89.75 64.62 56.21 56.20 94.54
NL-RFB 87.68 88.33 97.64 70.40 54.28 57.13 87.19

T R UMb R B A SO R A LA, B 6 SRR T AT A4k RFB 5 NL-RFEB By A5 45 8, Horp
& 6 (a) h HEAE R REB YA IR 4, 18 6(b) 3 NL-REB A8 (46 I SR . B 6 1T LAFE Y, AR SCHR R 10
NL-RFB A5 8 -4 Bh 25 3 b7 50 90 0% a4 15 RUBE AR 400 55 52 A 00, &R AT 6 AR IR I A 51 o X
K 2 NL-RFB 2 8 A AGE i:F CEFA DA M NLFIBLH FE 43 il 7 AS i) ROBE Z 1) i AR AR AR S, 3 58 i XL 42
FIEEEROR R T R G R AR B A S .

(a) RFB (b) NL-RFB
Bl6  KITTIMRSE b f ki 5
Fig.6 Detection results comparison on KITTT test dataset

2.2 TEPASCAL VOC#i#E&E LRy EE 018

SRy A 0 UE R R R ) P S5 A e L 7E PASCAL VOC k4T TR BE X e . 3£ 3BR
T NL-RFB 8 55 HAth, 6 B 56 3E 1 B As R8I0 550 325 04 A6 I0RS B L B A% A0 5K/ | 2 850i R T B30 it D R A T
Wi . R 3 W LLFE A SCHE i NL-REB B8, 78 9 25 (1% i A LB Sl 300 X 300 B, 35 % 1 80.74 %
ARG DK B2, AR T 2 ML SSD B vE R 14,6800 5 T SSD B gt i A A DSSD \FSSD #l RFB
AL, 23 38 1 3,726, 3.81 %0 Fl 1.46 %6 5 A %k H At M B8 €2 1 — B B i A7 9 A6 I 55 72 MDFNIL Al
MDFNI2, 535 $& % T 1.44% F12.44% . BATEARA G B 5 REB A OB A 0 K/NE m 1 12
MB , B SR 3 0 1 14.03 MB, THRE 2 B B3I T 4.98 G (HAERT I3 B2 T, NL-RFB [ i % JL
A TR
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%3 7EPASCAL VOC 2007 #iF& F RE B NE RN ERITEE
Table 3 Comparison of detection performance of different target detection methods on PASCAL VOC 2007
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dataset

Tk HTME  EARGRST/(BEXBER) KEK/N/MB 280t /MB mAP/%  FPS FLOPs

SSD VGG-16 300X 300 200.6 206.89 76.06 88 31.4

FSSD VGG-16 300X 300 130.2 263,84 76.93 47 34.96

DSSD  ResNet-101 320X 320 937.2 400.12 77.04 28 35.97

RFB VGG-16 300300 139.5 258.23 79.28 52 35.51
MDFENI1  VGG-16 320X 320 130.2 250.49 79.3 68 43.95
MDFNIZ  VGG-16 320X 320 140.8 252.82 78.3 56 44.23
NL-RFB VGG-16 300X 300 151.5 272.26 80.74 50 40.49

FAJE/R TTEPASCAL VOC 2007 MR AR N 5 — 2 A K RS BE 19 X5 b o BAER 4 3 B Al i1, A S 4
tH 9 NL-RFB #2875 K 2 80600 1 i ks DA BE 8 2 Hh  i R 3, JEHE X T Bottle \Plant %/ H Ax
AR T 2Z 107 14 5 3E 7 1 886 4 I e i 3 7t

Fz4 FEPASCAL VOC 2007 #HIEE FE—XMRMBEXILL

Table 4 Per-class comparison of detection AP on PASCAL VOC 2007 dataset %

5 NL-RFB SSD FSSD DSSD RFB MDFN I1 MDFNI2
Aeroplan 84.33 80.62 79.41 81.94 82.82 81.2 82.5
Bike 87.81 82.74 83.35 85.74 87.56 87.0 85.9
Bird 80.83 74.31 77.97 78.57 78.37 79.2 78.0
Boat 75.35 70.10 69.48 67.98 78.37 72.3 70.5
Bottle 60.67 49.31 50.36 46.01 55.82 57.0 54.0
Bus 88.51 84.09 85.51 85.44 87.80 87.3 87.9
Car 87.58 85.39 86.53 85.66 87.81 87.1 87.9
Cat 87.84 87.48 87.33 87.61 88.19 87.5 88.6
Chair 64.13 58.89 56.28 60.81 64.46 63.1 60.3
Cow 85.48 80.33 84.85 80.14 84.12 84.2 82.6
Table 76.58 73.55 75.84 74.38 74.23 76.7 73.7
Dog 85.62 83.23 85.38 85.74 84.36 87.6 86.7
Horse 88.47 85.46 86.48 87.29 88.20 88.8 87.5
Motorbike 87.71 82.84 84.88 84.74 86.02 85.6 85.0
Person 82.45 78.45 78.7 77.65 81.62 81.0 80.6
Plant 56.66 49.78 50.85 50.26 55.26 56.0 52.3
Sheep 83.32 75.21 75.66 79.65 78.73 80.4 77.9
Sofa 81.59 79.16 75.64 80.67 79.89 79.9 80.6
Train 88.05 85.44 86.90 84.2 88.03 88.0 88.1
Tv 82.11 74.79 77.25 76.34 79.32 77.0 76.6

& 7 2 NL-RFB 5 3L #i% RFB 7 PASCAL VOC | #4 1T WLAL K 45 5%, 7T DL A — 26 B AR ]
B ZHIE M T, RFB AR TE— & 2 BE B9 I A AU A , L Indm 46 7 58 — iR 181 R B A0S A iR s ok R S i A RE Y
A3k S22, 1 NL-RFB G845 15 8 s A 0 & 22350 F A9 B Aw, & ] RLRS S I 50 s 2 — iR 1 L 3 Ak A S
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(a) RFB (b) NL-RFB
Fl7 PASCAL VOC2007 M 14 it 6 45
Fig.7 Detection results on PASCAL VOC2007 test dataset

IF X — L6 P Y B bR RE 4 SR T R . x5 HETB
T G b E AR S A R A e X A Table 5 Ablation study
o5 JAR A & B A B2, AR SCHE PASCAL VOC A A
" s e e . RFB 34k NL-RFB  mAP/%
B E LR T A, RiE RS ion . M CFFA  NLFI
FSHHLMA CFFA BHFI NLFIAL L J5 , A #Y N, 79.28
() mAP # A % —E BRI ERTE . 22 6 T k52 v v 80.03(+0.75)
WS A5 A B AP i, T LA A CAFF R Y v 80.12(+0.84)
Yo NLFLELHe A DLl 3 5 7 R B AR i b Y Y N 80.74(+145)
F6 HRMLBEESNEINMAPHE
Table 6 AP values of each category after ablation study %
gl RFB fmA CFFA Al A NLFI NL-RFB
Aeroplan 82.82 82.48 84.08 84.33
Bike 87.56 86.90 86.90 87.81
Bird 78.37 79.62 78.73 80.83
Boat 78.37 73.53 74.49 75.35
Bottle 55.82 59.06 60.02 60.67
Bus 87.80 87.72 88.67 88.51
Car 87.81 87.73 87.43 87.58
Cat 88.19 86.81 87.99 87.84
Chair 64.46 64.78 64.14 64.13
Cow 84.12 83.86 85.31 85.48
Table 74.23 80.45 78.11 76.58
Dog 84.36 85.81 85.20 85.62
Horse 88.20 88.03 87.34 88.47
Motorbike 86.02 87.02 87.41 87.71
Person 81.62 81.85 81.85 82.45
Plant 55.26 55.86 55.48 56.66
Sheep 78.73 79.47 81.54 83.32
Sofa 79.89 80.40 80.20 81.59
Train 88.03 88.20 87.73 88.05

Tv 79.32 80.98 79.75 82.11




o ot R TR RESN S REDARAEMNFR 373

fit, WA CFFA #iHe J5 Bottle 1Y) AP fH M 55.82% #2731 59.06 % , i il A NLFI#i b J5 Bottle Y AP &
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