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Application of Improved Cascade R-CNN Algorithm in Target Detection
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Abstract:  An improved target detection algorithm based on Cascade R-CNN network is proposed to solve the prob-
lems of low detection accuracy and target occlusion in the target detection algorithm based on Cascade R-CNN. The algo-
rithm introduces a switchable atrous convolution (SAC) module into the backbone ResNet101, which is composed of two
global context modules and SAC components. The SAC component is used to convolution the features with different void
convolution rates, and the Switch function is used to collect the features to improve the ability of feature extraction. At the
same time, coordinate attention (CA) is introduced in ResNet101 residual network, which embeds position information into
channel attention, and is used to obtain direction and position information better to improve the accuracy of target detec-
tion. In addition, aiming at the problem of target occlusion, this paper introduces the repulsion loss function, which is main-
ly composed of the attraction term and the exclusion term. The attraction term makes the prediction box and the target box
on the matching as close as possible, and the exclusion term makes the prediction box away from the wrong target, thereby
reducing the false detection of non-maximum suppression (NMS) and improving the detection accuracy of the occlusion
problem in object detection. The experimental results show that the detection rate of the improved Cascade R-CNN net-
work is 2.39% higher than that of the original algorithm on the open IFLYTEK Challenge dataset, the recognition accuracy
of the improved algorithm is improved to a certain extent.
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AT Ry S AEAS B A BIAE 5 PRORAE EE L H5 1 )2
JUT A % T0I A TE 2K 4 45 SR eb 0 T A 1 25 2R T o
Fo il s R 3R A 11 38 8 B SR 45 R IEAEAS (5 28 iE AR
A L 5 N, 2R 2 50 ¢ BHASI 21) 5h 1E REAR B9 A5
pr )RR e TEA ANy, I BORG L s AP R7RF
BIRSFE , mAP R7s 1 RS FE (.
4.2.2 7 [E Repulsion Loss {5k 1 &= & £ a9 %t bk 3238
AT 5256 K FH mmdetection T 2L JEAT 5056, A i 42
B X 2% backbone fi Fi ResNet101 , {# J{ ImageNet )l
GRAER 2 2] SRR 0.001 25, Batchsize 38 4 4, I
25 50 4~ epoch. it fili B %% >k FH Cascade R-CNN+
ResNet101 ¢ 47 3£ 5 , 3 45 2 2 Repulsion Loss i 2% bR
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B A FR B, B BICAE o R B, S 25 R R 1
IV
X1 WEXT Repulsion Loss MR ERE

B, mAPEA BT 22 5 . A [6] B He i, 45 21 4n
23 PRILE
R3 HHBIEMMN SAC, CA BLK Repulsion Loss 35 5k iR # [ TEE

B mAP K ER A TNEIEE BRI mAPEKIER

& e mAP/% R G mAP/%

0.5,1 94.21 A 94.03

Cascade R-CNN+ResNet101

1,1 94.53 B 90.21

1,0.5 94.33 A 94.56

Cascade R-CNN+ResNet101+SAC 5 0048

WFE 1A, Y% H Cascade R-CNN+ResNet101+ i 95'29
Repulsion Loss PEATSE5 , AR A KR 0.5 A1 1B, I3k Cascade R-CNN+ResNet101+SAC+CA B 91.56

) ~ ) 1 % r N N -

ﬂjmﬂjﬁ fM b ﬁi%%/jﬁﬁ % A ffjmAP Jy 94217’{’ = Cascade R-CNN+ResNet101+SAC+CA+Re- A 96.42
BRSO 1AL, TR € ATPRIRSE5 FOB o Lo R

£ A B mAP 4 94.53% , mAP {HIE K T 0.3%. 44 HE R
B 1A 0.5 BF, RN AT R AR AR 4 A
) mAP >N 94.33% , mAP{H PR T 0.2%. i ¥ Repul-
sion Loss ¥ 2% FRELIAN B R B0 K/ NA] Cascade R-CNN
D28 RS AT — 22 )
4.2.3 AEISACTRZFAITLL LIS

TE 286 5 F2 | SR A Cascade R-CNN+ResNet101+
SAC HEAT S 46 i, 38 3 2 AR SAC B v i) 23 T R AE 2
FEERE IR AL PR B8 R 4R A #4700, mAP
(YA Fr 22 5. 2428 SAC BB b 4 23 1 2R 1), 45 3
PUEPYVNEE

F2 WIEMTSACERAERRE mAPHEKIER

RTES mAP/%
1,1 94.12
1,2 94.25
1,3 94.56
2,3 94.29
3,3 94.32

N2 78, 24 % H Cascade R-CNN+ResNet101+
SAC HEAT 9256, TR SAC 25 T R0 1 A1, 3R K
K ALPE T RS A 1Y mAP Ol 94.12%, 24451
KON LA 2 B IR TR K AT Bk AR PR A R BOE4E A
B mAP 4 94.25% ,mAP 44+ T 0.13% ; 2423 i 2 Ay 1 il
3EF, MR AT PR AP R B 45 A 1 mAP
94.56% ,mAP B34 T 0.31%; 2425 i 2R A 2 Fl1 3 B, il
EHCR © AP PR H B EE A 9 mAP 2 94.29%,
mAP{H X T BT 0.27%. UiH SAC /4 25 I 28 (1) K /N xf
Cascade R-CNN 2% FHG A — 7 5200 .
4.3 XFLERIE
4.3.1 AEEBFXT L LG

FESZ G FE TR, 23 900 7 R 45 e A AT )4 as R 2

L AR BRI BL R L & Repulsion Loss 5 2% BRI, 1

IS TFIRE IR R AT B B P08 L ECHE 45 A F B R4 T

W3R, K SAC, CA & Repulsion Loss 235l in A
#l| Cascade R-CNN [ 2% #E 47 5256 . 24 % H Cascade R-
CNN+ResNet101 #F 1752 56 1, 3R IR € AT B A5 3€
W SUBUE 4R A R B 4E B 1 mAP 43 51| R 94.03% F
90.21%. 4 % JH Cascade R-CNN+ResNet101+SAC #E 47
SEas s, MR AT BT R R A A Eds
4E B B9 mAP & 94.56% 1 90.48%, mAP 43 | # K T
0.53% 1 0.27%. 4 % H] Cascade R-CNN+ResNet101+
SAC+CA HEATIZIR I, MR IR € AT PR B H 4L
PE A A FBCHE 4 B A9 mAP 4 95.29% F191.56% , mAP {H
M T 0.73% F11.08%. 24K il Cascade R-CNN+
ResNet101+SAC+CA+Repulsion Loss ¥ 17 3 256 B, I
AR ® ATPR AR R 4R A FIEE 5 B 1Y mAP
53 31M 96.42% F1192.34% , mAPH X 43 34K T 1.13%
F10.78%. B SAC, CA DL Repulsion Loss Xt Cascade
R-CNN ¥ 265 B A A7 — i 412 17, [a] Ik el P 4008l 4 b
KA —E .
4.3.2 AEEZHIITLLE

TSI B, 3 B Y Cascade R-CNN 333k
55 oAt B BRAS I B85 AT XS L SE 5 6 mAP A
WrbndfE. LI EERANER 4 PR .

®4 SHEIEEA BRI E E 3 Cascade RONN HiE Y
mAP K ER

SRAN AULERES mAP/%
Cascade R-CNN+ResNet101+SAC+CA+Repulsion Loss 96.42
Cascade R-CNN+ResNet101 94.03
Faster R-CNN+ResNet101 91.25
Mask R-CNN+ResNet101 92.43
Retinanet+ResNet101 89.21
SSD+ResNet101 86.63

£ 4 R~ B o 1 Cascade R-CNN & 1 5
Faster R-CNN, Mask R-CNN, RetinaNet A SSD . 3k #: 47
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X525, 24 R B RY Cascade R-CNN B4 5k 4752 56
B, R TR TR AT PR AR TR SE R 4E A B mAP R
96.42%, >4 % ] Faster R-CNN, Mask R-CNN, RetinaNet
Je SSD BIEIEA TS, AR IR ALBR R 0% L %
PR A 1 mAP 43514 91.25%,92.43%,89.21%, 86.63%,
mAP /K T 5.17%,3.99%,7.21%,9.79%. 16 Bk
f{) Cascade R-CNN B 50 WU B8 15 L B By B BB s
FERG B LA — e i

4.3.3 BHEEATHREESE FAXI LR

TESEI R A, 4 B 2E Y Cascade R-CNN G872
T VOC B e b7t b s, i FH mAP 1E AP
PRt . SEEGEE R S iR .

W s s R e 5k T VOC2007 B 4E
BEAT I, 24 /i ) Cascade R-CNN+ResNet101 #F 7 52
56 % P, 3R BOYE 55 mAP H 79.6%. 24 XA SAC F
He 5 MR E 3 42 mAP 9 80.1%, mAP S K T 0.5%. 4
A CAREHR S, MR 4 mAP 4y 81.3%, mAP 3

R5 DBHWIFKHEERE VOC2007 HIBE FHI mAP KB R

I mAP/%
Cascade R-CNN+ResNet101 79.6
Cascade R-CNN+ResNet101+SAC 80.1
Cascade R-CNN+ResNet101+SAC+CA 81.3
Cascade R-CNN+ResNet101+SAC+CA+Repulsion Loss 81.7
Faster R-CNN+ResNet101 78.8
RetinaNet+ResNet101 79.4

£ T 1.2%. 2 X A Repulsion Loss f& , I i %4 45 4
mAP 4 81.7%, mAP X 35K T 0.4%. vt B (i () Cas-
cade R-CNN 3% VOC 454 i H bRA I i 4 A —
SE R
4.3.4 MR

i 33 7F Cascade R-CNN P45 HJin A SAC, CA DL}
Repulsion Loss 55 2iCHEAIL ] , 60 % 2 8090 4 IR L
JRB R RCRA T — 2 827 . Bl R AR R 7
FioR .

JEUFE R AG N SR

AT IR [

&7
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5 HFRiE

A HET Cascade R-CNN W45, 75 W 28 2544 1) 3= 1
P 2 rv e | AT BT 488 723 ] A RS HR R A s v AL >R
P TR IR SR IR 77 . RIS, ZEBUR R B0 5 |
A Repulsion Loss 51 2% bR E5H] T P H A 388 $4 174 7] &
55 B DA S H At BB B RO B AV A L, ekt Y
SE ARG TNAR J3E R RBP4 [P B A — o T
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