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Study on Scale Adaptive Target Detection Algorithm Based on Improved D2Det

WANG Ling, HUANG Guan, WANG Peng.BAI Yane and QIU Tianheng

School of Computer Science and Technology,Changchun University of Science and Technology,Changchun 130022, China
Abstract Aiming at the problem that D2Det(Towards High Quality Object Detection and Instance Segmentation) has poor de-
tection effect and large parameter quantity in the face of scale change targets and small targets, this paper proposes a scale adap-
tive target detection model G-SAD2Det based on D2Det. Firstly.in the data preprocessing stage.,the data enhancement algorithms
CutOut and Mosaic are introduced,and the model has good robustness when dealing with complex scenes. Secondly, the feature
extraction network ResNet is improved,the multi-scale feature extraction structure is built in each residual block,and the target
features are better extracted from the fine-grained level. At the same time, the switchable global context semantic feature extrac-
tion module is added to the network structure, and the salience features and global context semantic information are enhanced
through different pooling layers. Then.the candidate frame generation module is improved.and the center area of the self-locating
target is used to guide the generation of the candidate frame,so that the adaptive ability of the algorithm to the scaling target can
be enhanced. Finally, replacing ordinary convolution with Ghost convolution to reduce the amount of network parameters and
computation. VOC data set and COCO sub-data set are used to verify the effectiveness of the algorithm,the mAP@0. 5 value of
G-SAD2Det increases by 3. 6% and 4. 9% respectively,compared with D2Det in the two data sets. The number of model parame-
ters reduces by 27.42% and the amount of calculation reduces by 35. 96 %. It is proved that the improved algorithm not only im-
proves the accuracy,but also reduces the amount of computation.

Keywords Object detection, Scale adaptive, Multi-scale feature extraction,Residual element,Regional guidance candidate box
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Table 3 Comparison of model results
% 585 E GFLOPs HEA KN
D2Det 78. 24108 354.98 628106
G-SAD2Det 56.79 % 108 227.34 302 % 108

3 ZHRERMN

3.1 EWIFE
SEE R R Nk 4 BT A
Fd LRI

Table 4 Experimental environment

P e
CPU Intel i7-10700KF 3. 8 GHz
Memory 64GB

GraphicsCard GeForce RTX™ 2080Ti
BUERL Ubuntu 20. 04. 3 LTS
MMdet 2.1
Python/PyTorch 3.7/1.4

SCHG S B B ANER 5 A,

Table 5 Experimental parameter

EZ S ARk
kR HALEE T %
(Stochastic Gradient Descent,SGD)

W AL B

A 46 3] F 0.02
5 E A 0.9

AAE 328 5 H 0.0001
| 45 4 3 24

N ZRBt R warm up #E SR WG , S R AR /N 1 2% )
AT V0GR I 45 38 B A, 22 J5 PR 2 30 34 B I 00 R 2% S 3R

B VOC s 4 At COCO F 54 4 47 52 56
VOC i SE A3 A B 3l R4 = R 4 K280, 40
I3 20 AN /NZES] ;s COCO T i 55 2 M COCO Hu i 4 1y 4%
250 4 BB BUILAS /NI 20 R AL & 12 AN 200 A9 H 0
A2 IR AR BT 42 A I3 4 0 R 43 B 2k 6 BT A

*6 HEE
Table 6 Data sets

F #® B K 4 R g E/ %
"R vOC 8218
T COCO F# ¥ & 20752

VOC 8333
3L &
BT COCO FH# & 6991

voC 4952
X &
HER COCO F % # & 6991

3.2 EMiIRE

VOC %4 45 % FHF 9 K5 & #  mAP (mean Average
Precision) ., 2§ & (Parameters) . i1 5 & 1 FPS X} H 5 4 M
BRI . mAP 5% 200 AP 0 F-3{H, AP &4 T3
K5 B2 L3RR 1% 25 )] Precision-Recall i 28 T i £, AR K %
7B ORE B R R, NI, mAP BU(E AR, B bR R T R R
g SN

mAP ff H =X 6) #7115

S AP,
mAP=" (6)
n

Hord, 2 A 4R 28 51 B AN AR SEER BUE S 20,

S (Parameters) 238 W 45 B B i 75 2 25 10 S 808
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XA SRR, SEETH R TR AFRERE M E
HI S50, = (D FR .
(KXKXC+DXC,, EBRZ
Parameters= 7
{(WXH><N+1)><F, )R

Ho K B BRI K, GO i A8 5. C, O i H i i 4,
W R H g% AREAE IR 0 58 F S, N I B BRI 8. F 42
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TR T A R 0 A s L — AT R R, X
GPU Mz 5 ke J1 ok Bk,
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FLOPs=
{[<2><F,—1>+1]><F(,
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HrP ,GFLOPs=10° FLOPs. I, 75 4= i 3 0 A B 0 28 05
F, 3R 4 7% He i 11 il 2 008

FPS(Frames Per Second) /& ¥§ & #0 8 $h47 A4 i 5, BN 4
FR AT LU 22 /0 5K e e, D ke A e A5 TR0 9 3k B2 0 8 K SRR
Aoy ) T b, S A R

COCO ¥ %45 4 fli 1l AP /E Wi 46 45, L3 AP,
AP, 15 . AP, AP, . AP,, Hl COCO % ¥ &£ — k. AP, =
mAP, 5 s AP ;s =mAP, 15 AP s IR A K = (6) FrR, H
o BUE N 12, AP, s Fll AP, o FFEY 0.5 Fl 0. 75 J&48 ToU Y
[ AH R T3 A B 78 BB Rl 2 ¢ 1k . ToU By i3 = an
(DR

region(A) N region(G)
region(A) U region(G)
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3.3 EEFM
3.3.1 VOC ## & Loy o2& R

AL VOC $i#iE 4 |5 SSDPY, Cascade™ , Faster
R-CNNM, Grid®!", Libra™, YOLOF™, D2Det!'*), Detecto-
RSUCHEBEAT LB i A B R B9 ROE 390 1333 + 800, S0 5
ZER K 7 R,

# 7 VOC BG40 45

Table 7 VOC dataset experimental results

TIoU= 9

%% %% E/MV GFLOPsy # & x/N/M ¥ mAPy FPS4
Faster R-CNN 61.99 285.16 460 79.65 11.6
Cascade 87.98 285. 38 672 79.08 10.4
SSD 24.15 361.63 184 76.66 48.5
Grid 83.24 396.78 636 80. 21 7.5
YOLOF 42.13 103. 14 322 79.88 18.3
Libra 62.25 286. 26 462 80. 80 8.7
D2Det 78.24 354.98 628 80. 30 8.5
DetectoRS 123. 26 241. 26 943 81. 30 6.2
G-SAD2Det 56.79 227.34 302 83.90 11.7

H 2 6 A L 7 9 A X 2 g, 51 G-SAD2Det 5 H
BBt E vk YOLOF ML, A8 65 R 2 400 A KL fH 2 78 mAP
J5 T AR T 4. 02% , T B 7E FPS &K ¥ J5 K £, GFLOPs
BLF) 5 — AR T 5 Bk I 575 YOLOF, J& F Z By Be i I
Sk P AL AT 2% B SR IR AR RNHESS T, mAP RN L

S P AR A S B R R A (Y DetectoRS $2
FT 2.6% ., FPSHES =07, ff 0 F 5 B B A TN 55 3% SSD AN
YOLOF {H7E — Wy Be A6 I 3 vk o Jg T st 1Y, G-SAD2Det
AR EE B 4 X 45 R A S 24 B /0N T ELAE A b L% 3
e, FOM L FE RS VL D2Det JIE £E S 80R AT 5 0 = R
T RE I AT A R O A A A R A I e R ARG Y s o T A
BTSSR R AR, T LBk I P 7E — S I B AR (R e SR 1 Tl
Yl b, BTG 78 RS AR 3 25 [ IS 1 4 5t
B G-SAD2Det £ A 22 45 B v () BT N €4,
3.3.2 COCO F##MBE Loy TR

ARICF WAL COCO F 4 #E £ I 55 CenterNet™, Cas-
cade'", Faster R-CNNP', Grid®", Libra®*', YOLOF™,
D2Det"""), DetectoRS™" 53k 47 L 45, S0 96 25 R 4n 3k 8 T4,

# 7 COCO T B I g 45
Table 7 Experimental results of COCO sub-dataset

Method AP APy 5 APy 75 AP AP, AP
Faster R-CNN  43.1 64.8 46.9 20.8 41.5 56.9
YOLOF 43.7 62.7 47.4 22.4 42.6 57.6
Libra 43.8 65.6 48.3 22.6 42.3 57.3
Grid 44.8 64.8 48.7 22.3 42.7 59.2
Cascade 45.0 64.6 49.3 22.0 43.4 59.7
CenterNet 45.1 64.9 49.3 22.1 45.5 57.7
D2Det 45.4 65.5 49.5 22.4 44.6 58.1
DetectoRS 46.1 66. 2 50.4 22.5 45.0 59.4
G-SAD2Det 48.1 70.4 52.6 24.2 47.2 62.4

MFE 8 AT LLE H, G-SAD2Det i AP AH % T XF b 45 1
F IR 1 DetectoRS 4271 2. 0% ,ToU B BI{E N 0. 5 F X}
b2 v vh 2 B 4 19 DetectoRS #27F 4. 2%, IoU (1 B {5 H
0. 750F H X} b B 12k A SR B 8 4 B9 DetectoRS #2712, 2%, AP,
Fe s vk R BB B Libra & 10 1. 6%, AP, [ I 808 1
R R IF Y CenterNet =i 1. 7%, AP, WL bR E B h R0
&1 Cascade @il 2. 7%,
3.3.3 S A AT

AR SCH B G-SAD2Det FEAT I 45 B R BN
20 J7 45 0 R 25 U SRl St 26 . 1 MMdet ‘B 7 A H &
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Fig. 9 Total loss curve
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LA FH BR 8 48 5 vk 104 0 17 980 12 X0 5 i 2 o 3l Y I A
FRUNE 7% 17 850 1) 45 4 4
() 1 1 SFESM #2551 HRAERIKBE ), [l M T )

221100247-6



F OB AT U D2Det RE A 35 N B A U 52k 01 5

K ARE R 1 B A

B H T M4 Res2sNet 78 4R A 22 ] 5 A 12 B
R T 2 RE RSB BB T B/ BARRRAE

(DO GA-RPN # 4t PRN, Az 5 i & B bx 52 PR R
<+ iR S AE 5

GOREAVR AL JG , S 80 AT 5 i R R, E T X 5 2k 1
S PEREA — A AR
3.4 EHEM

A M VOC B £ M COCO T8l £ dhik il B A
22 JUBE RIS B FR A R0 G AT e PS50, 18] 10 H X Lh 45
SRR 4 B G-SAD2Det, DetectoRS, D2Det, Libra f4 A ] 45
Fo HHE L5 TR RNECT 4 AR 3 B AR 0 38 R B A
A AR I A1 44 Bk, O TV R M X LG 1 Bl Sk BEAT 4

7R HH T Sk AR TR R AL L B R Sk AR A RAL .

(b)/INH #5

B 10 H b RE A 23 B

Fig. 10  Qualitative analysis of target detection
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27.42% FE R T 35,96 % AL XK U 4 A ) i — 2P — e RUBE A N R 1 ZEOK i HL AT B S 0 Tl AR
T ELB v 5 AT I X B A F) SRR /N TT LA v T %
£ AR

Table 8 Results of ablation test

4 Mosaic+ CutOut Res2sNet SFESM GA-RPN Ghost mAP S H E/M GFLOPs FPS
1 80. 3 78.243 354. 98 8.5
2 J 81.4 78.243 354.98 8.5
3 N NG 82.9 79.002 366. 04 8.1
4 NG NG N 83.4 79. 020 366.05 8.1
5 N N N NG 84.5 79.123 366. 29 7.8
6 N J N NG N 83.9 56.792 227.34 1.7
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