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Transformer Object Detection Algorithm Based on Multi-granularity
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Abstract Different from other scale objects, small objects have the characteristics of carrying less semantic information and a
small number of training samples. Therefore,the current object detection algorithm has the problem of low detection accuracy for
small objects. Aiming at this problem,a Transformer object detection algorithm based on multi-granularity is proposed. Firstly,
adopting the multi-granularity idea,a new Transformer serialization method is designed to predict the object position granularly
from coarse to fine,thereby improving the object location effect of the model. Then, based on the three-way decision idea, fine-
grained mining of small object samples and regular-scale object samples increases the number of small object samples and hard-
negative samples. Finally,experimental results on the COCO dataset show that,the small object detection average accuracy(APs)
of the algorithm reaches 31.5% ,and the mean average accuracy(mAP) reaches 49. 1%. Compared with the baseline model, the
APs is improved by 1.4% and the mAP is improved by 2. 2%. The algorithm effectively improves the detection effect of small
objects and significantly improves the overall accuracy of object detection.

Keywords Small object detection, Multi-granularity, Three-way decision, Transformer, Deep learning
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G50t BT mAP. A H 8 AR 1 40 T A T i R
Hor, APs s APy R AP 43 51 378 /0 S8 R K H A 19 T £ 5
MR 3 5 APs, Ml AP 73 3l R L& JE {H I E 0.5 F10. 75
IR A A S . A e X U R AR L RS A THNT AR A SCRETE /N O
FL K AR A T T A A BE L O B AL TE £ (4 A B R A A
HIPERE
4.2 ZHigE

A SCAE ] PyTorch fE 48 ok 52 A SCHR 19 590k . A6 5%
b, 2% A ResNet-50 YE N B T M 2%, 3 H 7€ ImageNet™ 4§
g EHEATIONGR . eI SR AR b R T BE LB T B
FEARERLALSS K E S E R 0. 9. N E B S HE
00,0001, it R/NEEE N 8, ALSH TS, IFMN
Xib FU S 36 23 P 4 R BE AR R RE AR Rl 43 O vk Y R B R OE
AREEATRCE ., BRI F . A SO E B thre,, B E A
0.7 K 51 BMH thre., KEH 0.3,
4.3 EHEBHHSW

AR SCHE A R A S S BT 2ok B AR LR B 19 2 B
B BLARS B A B ORI AR M AN B R REAE 1Y 28 OSSR
BT S [R5 iE O 5 1) B AE 30 L L B DX 7 2 % i s 1
KA m, BATRERIME LS, RFTHER, £
RLRE B AR E LB S HUR IR R 1 P s AT T I E

F 1 ZRE b E MRS RS 59 R
Table 1 Parameter setting and experimental results of multi-

granularity location module

k wEER #AE K m AP APs APy AP
3 P, P, Ps 64,238,424 100 47.2 30.2 50.4 62.4
4 PyP3P,P; 54,153,285,426 80 47.7 30.6 51.0 62.7
5 PyP3P,PsPs  42,136,248,342,436 70 48.3 30.9 51.5 63.1

AR SCEE R = 3 e SR AR R 43 AT B S 0 AT R B S
5. AR COCO i 42 %t /1N B b5 ALE R E B 45 09 7 P 3
AT A 3L BE S R BIE S 4L 51l 32X32,. 3% s: Jy 95X
95, SEEZEIRANIE 2 BT, XS E0 45 S AT 00T MK 3R 2
54 ATIRCE /N BARIEUBIE thre. oo 1 thre, o » % B H AR IE 1
Y {H thire,po, Bl thre e o

(a)Faster R-CNN
VAT &S g5 4 2 AT R /N B AR 00 A S5 5 S AT W B N 5.
B 7 AEYG s s =t

Fig. 7 Visualization results comparison of different scenes

(b)CornerNet

F# 2 SSPORFEAR RSB S HOR E S SR 2
Table 2 Parameter settings and experimental results of three-way

decision sample division module

thregpos  thregneg  threg o threy o, AP APs APy APy
0.65 0.50 0. 60 0.5 48.4  31.0 51.5 63.0
0.65 0.50 0.65 0.4 48.7 31.1 51.7 63.4
0. 60 0.45 0. 60 0.5 48.6  31.3 51.4 63.1
0. 60 0.45 0.65 0.4 49.1  31.5 52.2 63.7

4.4 X

AICHE COCO ¥l 4 B BEAT XS LL 5L 58, W AK T AR H AR
o AT PR RE . X SR AR AL A B A TR AE Y B b e T B vk
To A HE B bR A 5 3L AR Transformer ML B B b5 K 0 &
P, MR EIR R 3 frdl,

# 3 XS EE R

Table 3 Comparison of experimental results

A & F R4 AP AP5y AP;; APs APy AP

Faster R-CNNEIOT  ResNet101  36.2 59.1 39.0 18.2 39.0 48.2
Mask R-CNNE11 ResNetl01  38.2 60.3 41.7 20.1 41.1 50.2
Cascade R-CNN[12) ResNet101 42.8 62.1 46.3 23.7 45.5 55.2
RetinaNet[14] ResNet101  39.1 59.1 42.3 21.8 42.7 50.2
YOLOv316) Darknet53  33.0 57.9 34.4 18.3 35.4 41.9
SSDLI3] ResNetl01 31.2 50.4 33.3 10.2 34.5 49.8
CornetNet-21J Hourglass104 42.1 57.8 45.3 20.8 44.8 56.7
ExtremeNet[21] Hourglass104 43.7 60.5 47.0 24.1 46.9 57.6
DETRI28] ResNet50  43.3 63.1 45.9 22.5 47.3 61.1
Deformable DETRI29J  ResNet50  46.2 65.2 50.0 28.8 49.2 61.7
DAB-DETR:30 ResNet50  46.9 66.0 50.8 30.1 50.4 62.5
Ours ResNet50 49.1 67.2 52.7 31.5 52.2 63.7

R X bl S 8 45 R AT, AR SO AE mAP LR T
49.1% .78 APs '3k 3] T 31.5%. 5L H A DAB-DETR
M. mAP T T 2. 2% APSHRTF 1.4% , b4, 5 HAL A b5
R ASS AR LE, AR SOOI AE 2 A PP R AR LR L T B R Y
M,

Y TR T O b R s AR SO 1 I A AP R EH M AR S
JE7R T AN RIS Y 7E AN ] 7 5t R AT IRAR 25 . &I 7 45 i
T 3 dNTR] AT R Ak g SR L

(c)DAB-DETR (d)OURS
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SHE R T E W AIE SRR 5, o 88 4l 1E
RN EREESTINE Y5, BARNRA 4 #OR R
K 9%, 72 B 47 R UK 2 : Faster R-CNN, CornerNet, DAB-
DETR DA KA SCRE . % b R — 20 6] B i il 285 2R ke 3, A
SCH AT LA TR o b T N H R 3 A AR 0 R T
AR B E T AR SO TR M Rt . X EOR TR] EL R AG  4
BRI AEFTE R G 55 b AR SCHE LR T H AL L %
T 3 55 A8 AR TAT R M A D 80 S 36 UE T AR SO B IR A 22 A A
7B R S TR
4.5 HERIRES

T TG 5 TR AR SR R R H A AU L A X 2 kL
H A% & AL (MGL) Fl = 3 PSR R AR 1] 43 B 3 (TDSD) 347
TH AL SE S . T Al SE 96 25 R K 4 R,

F4 OHAERLS
Table 4 Results of ablation experiment
MGL TDSD mAP APg
46.9 30.1
N 18.3 30.9
N N 49.1 31.5

H T8 DAB-DETR X &) F Fll 5 % 56 A IE f1 b
AR Gy o A S AR Hf o 8 S U A Rl 4 PR 0 G 1 4 A 3
LRAAY R B = S R R AR R A e . XTHEER 4 A 1 AT
5 24TV LLR B W N £ kL B AR E A AL (MGL) J5
mAPBFT 1L 4%IHH APHEFAT 0.8%., X —45REH,
W L B AR AT B AR A B U, TT LA R AR AL Y
PP RE it T A6 3 S BOR WA 0 1 50 T B A TR A 22
g, WX HR AN 2 TS SR IESIA =X
SR FEAR A A B (TDSD) J& » mAP 8T+ T 0. 8% , APs##
FHT0.6% . X388 2 % FE A 45 8] 3E AT 4H0RL 19 3548
B RN T /N B bR BE AR R HE 51 BB A B i DA 4R
TR RS B

GEHIE RSN E AR E AR 22 RS AR SR I T £
W7 E bR A, N2 AR R B RR A B AR B IR B
ASRLEE U H Ar A7 # R J7 2 iR D T/ B AR B R0 E AR
FORE O R 22 ), XN B AR I SRR A A i ) L A
SCEE T = S P SRR AR ) A3 A X R A 2 [ HE AT A R 42
I8, AT B /I B AR A B B, S0 25 R UE L AR SO
WARTE T /N B AR I RE R E B E T B AR A I AR RO
BE. SR ASCHIA T B2 0S50, 5 BB R 31 3 35018,
TS REMRERT AL ZSHWATR T B & i w
L TR f G 0 i

2 % X w
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