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Task-aligned Object Detection Algorithm Based on Random Scaling
Mixture and Cross-Scale Feature Enhancement

WANG Guogang, LI Jiaqi
(College of Physics and Electronic Engineering, Shanxi University, Taiyuan 030006, China)

Abstract: Aimed at the disadvantages of poor robustness, some semantic information loss in the top-level feature layer of feature
pyramid network in the TOOD algorithm, and existing a semantic gap for feature layers with different scales, a task-aligned object de-
tection algorithm based on random scaling mixture and cross-scale feature enhancement is proposed. The 2X 4 hybrid augmentation
method is used to enrich the training samples, and improve the generalization and robustness of the model. The multiple residual fea-
ture enhancement module is constructed to adaptively fuse the context information with different scales at the top level, and reduce the
semantic information loss at the highest level. Moreover, the proposed method constructs the stacked pyramid convolution module,
reduces the semantic gap among the different scale features. and improves the effect of multi-scale feature fusion. Experimental re-
sults on the Pascal VOC data set show that the mean average precision, precision, and recall of the proposed algorithm are 3. 76% ,
15.71% and 6. 28% respectively higher than that of the TOOD algorithm. The presented algorithm is superior to six mainstream
comparison algorithms in the F, value and mean average precision.

Keywords: object detection; TOODj; scaling mixture; feature enhancement; pyramid convolution
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ized Focal Loss, Sparse R-CNN #iI TOOD & ¥ ¥ KK T
boat H#r. HA TRSFCME kWA & MlimI 4., i
S 3
3.5 HEXE

HJ T4l TRSFCME B prp 2 X4 A . MR-
FEM, SPConv BEHRIYA R M, HE4T T 4 HIHRESE, S
ZEIRINFE 4~T PR,

FAGHIMT 2X A RAHEI Y. MRFEM, SPConv ##
Beryirph e B A R . AR 45 1. 8 AT R, TOOD 5 1e
Pascal VOC 2007 ik 4 F /) mAP Jy 78.26%, R4 2X4
RAEWR . MRFEM f1 SPConv %t f) TRSFCME &
M mAP Jy 82.02%, TRSFCME &1 mAP [t TOOD
FERE T 3. 760, MR AW 5, 8T AL B 2 X4 R
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(h) TRSFCME

(g) TOOD

(e)Generalized  (f)Sparse R-CNN

Focal Loss

11 (a) AFEMAEA 5, (b ~ (h) N ARRFS %ML g 5

AR ITIERS, mAP FRET 1.22%, X UiH 2 X4 18 4 1
SRR TSGR GE R, 28 7B R0 &z
fbBedy. T4 6. 8ATAIAE M, Gt MRFEM B, mAP
FRET 0.35%, XU MRFEM 3> T T2 /9 i {5 B 3#37
K, FETHUEMANENZRE LT XFER. & 4H
7. 8 f1 W &/ i, &k SPConv LI Hf, mAP T T
0.33% ., X UiH] SPConv MG /N T A ] RUBE RFAE 2 22 8] 1)
WM, A TERERENMEHR. HEAE 1~4
TAAL, 8 2 X4 R G35 ) . MRFEM F1 SPConv £ 3t
435I A B TOOD 8k, Sk mAP 435 #2 7 T 1. 79 %,
0.39% . 2.14%, XULHI 2X 4 IR A58 J7 k. MRFEM Al
SPConv FE X} [ 44 ) M BE KB A BT 48 7+, H SPConv L HLfY
Ay XoF ) 2 P i 19 42 T BTk e K
# 4 TRSFCME % %% i 3 i 52 56

SPConv | MRFEM | 2X4 {R&HsR 7 | mAP/%
78.26

J 80. 40
J 78. 65

J 80. 05

J J 80. 80
J J 81. 67
J J 81. 69

J J J 82.02

KOHHT 2XAREHEITEIIH AL R, kR
5L, HIEMERIEM L. Mixup, Mosaic, 2X4 R & H5®
DAl TOOD 8k i mAP sy 425 T 0.63% . 0.77%.
L79% . ATLAA . 3 PR 1G98 0 b, 2K R H IR
T ERIROR BT . XIUE T 2X 4 R A 98 A Sk

52X A A I 5k 0 S

1T mAP/ %
TOOD 78.26
TOOD+ Mixup 78.89
TOOD+ Mosaic 79.03
TOOD+2 X 4 B 45 458 )7 ik 80. 05

%6 41 T MRFEM (038 SR04 R, i 6565 1, 2,
SATHIA. SHAMMA AL 2R EL AL mAP # 5 T

0.03%, M4 R KA mAP BEALT 0. 1970, X KHF-
¥t b s KA TG . R 6 55 3. 4 AT H A1, MET
SR Ak . AAP il mAP $21 T 0.04%, X UiH] AAP
RELR B T 24 M T H AR A9 15 2.

%6 5 4. 747 A, #HEK T sum., RFE {ff mAP {2
5 T0.04% , X ULH] RFE B 22 ]ROE R 4E 1 il 07 X
F sum, 6% 5~14 {741, ¥4 MRFEM #1 RFE [ «
WEMFR, R MRFEM ) mAP ¥ & F RFE, X &Y
MRFEM bt RFE fg B i & 2 REIE UG E . h1%k 6 %
3. ATRAEAL, o FHUE R MR TERE; BEE o« IR E AR
W, Fkrre Wi iR, EREZEHEM., SE%IER
EPERE RN A B . TRSFCME HR 8 0.1, 0. 2,
0.3 3aiXxHE,

#% 6 MRFEM [ 35 fh 505

Al oy 20| Ak = a mAP/% | FLOPs(G)
HEUE P 45 78. 26 110. 32
sum GMP 78.07 110.52
sum GAP 78.29 110.52
sum AAP 0.1,0.2,0.3 78.33 110. 35
RFE AAP 0.1 78.29 111.02
RFE AAP 0.1,0.2 78. 30 111.72
RFE AAP 0.1,0.2,0.3 78.37 112.47
RFE AAP  [0.1,0.2,0.3,0.4| 78.40 114. 22
RFE AAP 0.1,0.2,0.5 78.32 112.53
MRFEM AAP 0.1 78. 31 111.04
MRFEM AAP 0.1,0.2 78. 45 111.76
MRFEM AAP 0.1,0.2,0.3 78.65 112.50
MRFEM AAP  [0.1,0.2,0.3,0.4| 78.77 114.57
MRFEM AAP 0.1,0.2,0.5 78.43 112.57

e ZAEY R A 97 X sum I RFE 1}, X5 P5 2l &
AAP N HE R T ¥ fh s GMP 4 mix Kiifb; GAP b4 /P
BIAL s o S A [6) i L) 1 152

R T4HET SPConv BRI AL L IR 45 K. h&R 7 7]
1, 5 FPN #H k. PA-Net, Libra, SPConv fJ mAP 43 i
BHAT 0.83%., 0.47% ., 1.78%, FLOPs 43§ T 3.58
G. 0.98 G, 0.32 G, AJLLF ., H# FPN Y4 fil & 8
W, fgEER) SPConv B Z /N, MRERIF. XIUET

SPConv BLHL A 511 .
% 7 SPConv 55 18 fil 52 55
il A 77 2 mAP/ % FLOPs(G)
FPN 78.26 110. 32
PA-Net 79.09 113.90
Libra 78.73 111.62
SPConv 80. 40 110. 64
4 HRIF

AR SCHE Y BEAL A IR A 5 B R R AL 3 9 10 AT 55 %) 57
bRk, AR E 2 X R Ay, FE %
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