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Decoupled feature mining rotational detector based on
proposal enhancement

ZHAO Zhenbo', FU Tianyi', DONG Hongbin', ZHANG Xiaoping®

(1. School of Computer Science and Technology, Harbin Engineering University, Harbin 150001, China; 2. Traditional Chinese
Medicine Data Center, China Academy of Chinese Medical Sciences, Beijing 100700, China)

Abstract: In remote sensing images, small and cluttered objects often appear intertwined, presenting considerable chal-
lenges for object detection. These challenges are even further amplified in rotational object detection tasks. Aiming to
address these challenges, this paper proposes a decoupled feature mining rotational detector based on proposal enhance-
ment (PDMDet). First, a single-stage detector is employed to replace the region proposal network of the two-stage de-
tector, generating high-quality proposals to reduce background redundancy. Second, self-attention is applied within the
same feature dimensions and cross-attention across different dimensions, aiming to enhance intradimensional features
and fuse interdimensional features, thereby improving the capability of the detector to identify objects of varying sizes.
Finally, recognizing that classification and oriented bounding box regression tasks have different feature sensitivities,
this paper proposes a decoupled feature refinement strategy that processes the two tasks separately. Experiment results
demonstrate that PDMDet achieves single-scale mAP scores of 78.37%, 72.35%, and 98.60% on DOTA-v1.0, DOTA-
v1.5, and HRSC2016 datasets, respectively, outperforming existing algorithms in terms of detection accuracy and
demonstrating strong competitiveness in complex rotational object detection scenarios.

Keywords: remote sensing image; object detection; rotated object detection; small object; high density; oriented bound-

ing box; cross-scale fusion; two-stage detector
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mond, BD). #7 %4 (bridge, BR) . }b I [ #23% (ground
track field, GTF). /N 4% (small vehicle, SV). K
T ZE 4 (large vehicle, LV). #% (ship, SH). M Ek1%
(tennis court, TC). #5¥Kk3% (basketball court, BC). fif
i (storage tank, ST). /£ Bk (soccer-ball field,
SBF)., # £ 22 X #% [ (roundabout, RA). #& [ (har-
bor, HA). Ji# ¥k # (swimming pool, SP) Fl & F#1L
(helicopter, HC).

DOTA-v1.501, J&— A5 BAT P ) 12 J2k
SE [8] ELARAS I A KB EoHfE 4, F1 DOTA-v1.0 fifi ]
AE A ER, AHR AR T /N SE B (DT 10 48
F)o MM, BB IRTIN T — A2 R R
H HL (container crane, CC) FHr 2 7, $dis 45 340
403 318 3L,

HRSC20165, S — > fifs fif1 12 Je o ) 25 41 4
51 061 SR MR EIMR, Hrp 436 5K H Tl 2%,
181 5K JH T4k, 444 5K T, A R/ e
7E 300 14 2 <300 14 % ~ 1 500 12 E %900 14 % .
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33 RENEE

AU 2% 2] R UE O 0.01, Zh I E N
0.9, AL FE I A HH 0.000 1 #) SGD(stochastic
gradient descent) fifb . TEUIZRIT 6 I e e itE A
BRI (Warmup) BB, H 2GR 5 2% > 2R W iR
2] EA 173, TR BOA B TR FERT i I 2R By
B Wl B o 2] R k) iR 2E o) Rt KR E
WEHEARRRE . BRI G AR 12 Mk

T DOTA-v1.0 Fll DOTA-v1.5 ¥flide, ¥ bk
FUEHEET N 1024 B F <1024 18K, ESEH 200 15
R, RN R b R G R 25 SR T
LA PERE. DOTA Bda g %A $2 4t
FREE, WITE ZOR I ZR2s S L 15 DOTA RS #Rak s
FHPKEE . XFTF HRSC2016 $dldk, K EUEH T N
800 1R % x800 14K . A T B Lk 40L& LA L kst
R, FEUNZR R R KO | T EURIX FA 2k 3 Ff
B =, MERAER A 0.25. TEFAE A B Uk
e Sk, WU, € [-1/2,1/2) o
3.4 FMIERR

SISO IRE R (average precision, AP) /EA
BTN SRR, BEIONE AP £5675 & T TIIHER
ELHEZ [A]AUERRR (precision, P), A A% (recall, R):

N
P P
Nrp + Npp
N
R=_—_""™
Nrp + Npy

Aof PACERMER R, RIVE B H, Ny Nep A
DAYANE S I v = N I 0 S B 9 7 P R
S BB T 58 Y ToU B{E, AN SC 8256 14 B B i
R0.5 3 A A A AS [ 0 AR A9 [l R m] DA 3
AR P-R 4k, 11T AR RN R AP:

I, = fol P.(R)dR

1o
Inap = Nicls IZ:O:IAP
A Lo ACRERING L, 1, ap 1CREIE B 2
(mean average precision, mAP), N~ HFrZE%H .
35 SRS
BEAIYI L5401 2k &) 8(a) Tz, A% SCHF- 51 2% 41

A SR B R S G | A 2SR N HE Y TR 0 AR
3R R A E . RV ZRA R, HC T RE
P, F30 000 YL AT, AR #ETILEL, 50 000
WL R /N 2 e, U RS 2 i — 2P Wk

1.4

— 5Bk
1.2 — [k
10 — Btk

A K< 10¢
(a) PDMDet Il 451512k

85 ¢
80t
5|
=
S0t — O-RCNN
E —+ LSKNet-S
65¢ —+ PDMDet
60

I 234567891001 12
(b) VIR IFAES FE K mAP

B 8 PDMDet il 255 5k #i)ll 2k &£ 30 1E 5 mAP

Fig. 8 PDMDet training loss and mAP of the training and
validation sets

& 8(b) 45 i T PDMDet 5 FE£E AR A /E DOTA
IR R UESE R PERE L H . 78 12 Bl Zhid
21, PDMDet & i H 511 148 1R 5 ) mAP.,

% EH] DOTA BHa L i 2850 Z B, T T
PRS2 30 A0 G 1 ARG P, SRR ) 2 AT R0
O-RCNNUE S BLLL IR o Sy 1 B fiE AR B )92 4k
PR, S50 3 ) il FH 28 3L 1 I 4% ResNet-50 Fll4
BT T M 4% LSKNet(large selective kernel net-
work)®* HEATXT [, 7F DOTA-v1.0 304 45 | 5256
RN 1 PR,

R 1 DOTA-v1.0 HiiE&E EZR L ERELLE

Table1 Comparison of per-class performance on the DOTA-v1.0 dataset %
ey, AP
SRllFA A £ mAP
%5 . AT PL BD BR GIF SV LV SH TC BC ST SBF RA HA SP HC

R3Det-GWDP? ResNet-50 88.82 82.94 55.63 72.75 78.52 83.10 87.46 90.21 8636 85.44 64.70 61.41 73.46 76.94 5738 76.34
R3Det-KLD™ ResNet-50 88.90 84.17 55.80 69.35 78.72 84.08 87.00 89.75 84.32 85.73 64.74 61.80 76.62 78.49 70.89 77.36
A B Bt Rotated FCOS™ ResNet-50 88.52 77.54 47.06 63.78 80.42 80.50 87.34 90.39 77.83 84.13 5545 65.84 66.02 72.77 49.17 72.45

R3Det"
SANet”

ResNet-50 89.00 75.60 46.64 67.09 76.18 73.40 79.02 90.88 78.62 84.88 59.00 61.16 63.65 6239 37.94 69.70
ResNet-50 89.11 82.84 48.37 71.11 78.11 78.39 87.25 90.83 84.90 85.64 60.36 62.60 65.26 69.13 57.94 74.12
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k1
K AP
) ‘T]l =2 XX] é mAP
2451 Rl R M PL BD BR GIF SV LV SH TC BC ST SBF RA HA SP HC
ReDet™  ResNet-50 88.79 82.64 53.97 74.00 78.13 84.06 88.04 90.89 87.78 85.75 61.76 60.39 75.96 68.07 63.59 76.25
Roi Trans."  ResNet-50 89.01 77.48 51.64 72.07 74.43 77.55 87.76 90.81 79.71 8527 5836 64.11 76.50 71.99 54.06 74.05
FR-O"  ResNet-50 89.40 81.81 47.28 67.44 73.96 73.12 85.03 90.90 85.15 84.90 56.60 64.77 64.70 70.28 62.22 73.17
BBt O-RCNNM  ResNet-50 89.46 82.12 54.78 70.86 78.93 83.00 88.20 90.90 87.50 84.68 63.97 67.69 74.94 63.84 5228 75.87
O-RCNNM™  ARCF 8940 8248 5533 73.88 79.37 84.05 88.06 90.90 86.44 84.83 63.63 70.32 7429 7191 6543 7735

O-RCNNM' LSKNet-S*7 89.66 85.52 57.72 75.70 74.95 78.69 88.24 90.88 86.79 86.38 66.92 63.77 77.77 7447 64.82 77.49

O-RCNNM™  GRAF”

89.27 81.71 53.44 74.17 80.01 85.07 87.97 90.90 86.08 85.51 66.92 68.37 74.19 72.58 68.48 77.64

AL PDMDet
Jrik PDMDet

ResNet-50 89.20 82.36 52.32 78.60 78.74 83.64 88.43 90.84 86.97 85.17 67.39 69.38 75.54 73.23 65.74 77.84
LSKNet-S™ 89.83 82.32 52.04 78.29 77.33 84.47 88.44 90.89 87.26 86.67 65.69 64.60 76.60 77.57 73.62 78.37

TE IR R ARSI R SR o

XF B B B A A £, 5256 ResNet-50 7€
B R3Det!" Fl S2ANet!"?) |43 FIHLAE T 69.70%
1 74.12% B9 mAP, 76 FHAH R B 1 9 45 717 O
N PDMDet % T R3Det Fl1S*ANet/ 5 #2 T+ 8.14
F13.72 EHAr A

T I B BeAS: 1 2% o, PDMDet 7518 FH 8 T ™
%% ResNet-50 I35 5] 77.84% 1 mAP, %8 T

AH TR E T 2% 1) Faster-O-RCNNM il O-RCNN 43
GHETE 4.67 F11.95 H 4315,

DOTA-v1.5 $#a & b SEg 25 R a3k 2 o
PDMDet 7£iZ 84545 F#Y mAP WikF] T 72.35%.
5 HH [R] 3£ 26 1) LSKNet Fl PKINet(poly kernel incep-
tion network)"*! A1 43 42+ T 2.09 #10.88 A
3 i

4NN O

R 2 DOTA-v15 #HIEE LR FEMHAELLE

Table 2 Comparison of per-class performance on the DOTA-v1.5 dataset %

LRl

AP

PL BD BR GTF SV LV

SH TC BC

mAP

ST SBF RA HA SP HC CC

Mask R-CNNP? 76,84 73.51 49.90 57.80 51.31 71.34 79.75 90.46 74.21 66.07 46.21 70.61 63.07 64.46 57.81 9.42 62.67

HTCH
ReDet!"!
LSKNet-SP!
PKINet-SBI
PDMDet

77.80 73.67 51.40 63.99 51.54 73.31 80.31 90.48 75.12 67.34 48.51 70.63 64.84 64.48 55.87 5.15 63.40
79.20 82.81 51.92 71.41 52.38 75.73 80.92 90.83 75.81 68.64 49.29 72.03 73.36 70.55 63.33 11.53 66.86
72.05 84.94 55.41 74.93 52.42 77.45 81.17 90.85 79.44 69.00 62.10 73.72 77.49 75.29 55.81 42.19 70.26

80.31 85.00 55.61 74.38 52.41 76.85 88.38 90.87 79.04 68.78 67.47 72.45 76.24 74.53 64.07 37.13 71.47
80.70 83.05 52.86 77.70 59.43 80.72 88.56 90.86 83.33 76.89 58.67 74.28 74.88 73.24 72.04 30.35 72.35

T MR A B L 4h

DOTA-v1.5 W& VF 2 A% /NS4, kB T
PDMDet 7E/NSE B F 3 R4 . SL U 25 ik %
B, PDMDet i85 B8 F H i K 2 50 5% B bk
D25, LM BE A 32 T I A AU TR B T
M 4% . PDMDet RE % i N AS 7] 1 B T M 45, I 76
B2 H T W4 1 2 3 B AR X T SR AR AR A Y 2
T, M LA B a5 A4 A B AR e Mk T sk e % H
FRAG I

£ HRSC2016 £ dli 4 LS gm 45 R =k 3 fr
/Ro TEVOC2007 #5845 T, BUF T 90.68% KAL)
255 75 VOC2012 F545 T, HUAS 1 X L 52 50 v e
fEZ5 R . PDMDet % T O-RCNN, LSKNet #
PKINet 43 %4 0.98.0.12 1 0.04 1 4> 2T
PDMDet 7£ HRSC2016 %4l 5 b AH 4% T XF b AR Al
Pevig /N, EEEAE VOC2007 #8545 T A K Y B 32370
RS, PR R 02 B 4R S A I0 B — 2 51, 4

P AN AL, 3 B R AR A PR H AR Gk S 0 K
P )3 RIS

® 3 SHEHAMERTE HRSC2016 ELLE
Table 3 Comparison with other models on the HRSC2016

dataset %

CoRllE BT M% mAP(07)  mAP(12)
ReDet!™”! ResNet-101 90.46 97.63
O-RepPoints™*!  ResNet-101 90.38 97.26

Roi Trans.['” ResNet-101 86.20 —

GWDB ResNet-101 89.85 97.37
O-RCNNU! ResNet-50 90.40 96.50
O-RCNN[ ResNet-101 90.50 97.60
LSKNet!* LSKNet-S 90.65 98.46
PKINet!*! PKINet-S 90.70 98.54
PDMDet LSKNet-SB 90.68 98.58

E: mAP(07/12)F 78 VOC2007%% VOC2012 5 R, “— R
BREAS, KL S A B B 45
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3.6 HRLICIE

T Al S 7E DOTA-v1.0 $0Hi 4 b kT, Hg
SEuG v E B SRR — B TH R 25 R
k4 FroR . R EAE AT ] A1, PEN BB A
WA E AR A mAP, 5 MFMN 44 5 mAP A
MR e . e, 7E A DFRN #5458 1y
mAP ik F| S E R LE 78.37%.

T4 HEHERBZIW

Table 4 Module ablation experiment %
oalllE mAP
baseline 75.87
+PEN 77.14
+ PEN +MFMN 77.53
+PEN +MFMN + DFRN 78.37

TE: ISR A B A4

3.7 BRMESH
3.7.1 REIGEBA UM

R T LR R R S B R A RO, W IR AR R R
FIHE TR S5 B B R AT AT AL XS e . ] 9(a) AR 2
PERIRACR, K 9(b) R A PRI MR . N
o v LA B, 38 i 38 9 5 0 $ AT DL B
TUARIIAE, IR BB S BRI AR W HE , E 3T
SIS OE T N G AR (= i s = I
(1% 5 22 R M08 2 oy B AR 1 0%, O o T R R R BB S
PTG i .

(o) Bk (b) M
Ho HBRBREML
Fig. 9 Enhanced proposal comparison

N T S CBAM fE— i BeG Il & Hh A9 7R A,

ARICK CBAM A B S8 UL 5 Frs . hr &

HBCHE TR, CBAM ] LATE JLT- A3 s 8 2

AR AR O T 4R R mAP. XA 4R T

CBAM & — Bir B il s o 0 2 70 0] U3 79 75 HL

CBAM JEft it E 1.

£S5 CBAMARMELR
Table 5 Effectiveness study of CBAM

\ St W FAER

il = . 0
il £ 10° Wis) YA 10° mAP/%

PDMDet 59.97 10.1 248.12 78.37

PDMDet-CBAM ~ 59.96  10.1
T IR R A e 4s

248.12 78.30

372 % EAFIEATIEA B ST

R T MR R MEMN $RAE il & O RCR:, AR 3¢
Xof o £ R AE Bl B 41T . FPN 43R10F il A 481 1 MEMIN
FROERLA FRAESEAT T T4k, W 10 iR . it
FRAE T ALAL B A3 AT, o 22 b & 1 R AF (R e = BH
FA) J2 R, M DUAT R0 DX 43 15 s il B Ar o R
FPN @il & FFAE7E — 8 B B 28 8 T KR U ARAE, {H
5 8RB T B M X 2 B R ARG I 2 1)
PERE . 1M 283 MFMN fill& 09 FR1E BB 98 43 85 25 bR

EI=N=
H 23 H;E\y

'3 ¥ ¢

(c) FPN F#iE

10 HHERAEXIEE
Fig. 10 Feature fusion comparison
MFMN 7E [ LT g i o 11 85 )2 fil
L A A TR S o O T SR M
B R B AT R, AS SO AN [R] il 5 S R AT 1 52
5, AR 6 R

%k 6 MFMN L& %88

=z
op

Table 6 MFMN fusion strategy %
SRR 2 TE (=TI 2 R mAP
L BriRELSES Wt a 77.26
W R ERRG 76.88
PERRG W R 78.37
PRRG e 78.01

FE IR R AS SR AR

PARTE 3 2k 4 €Tl IS | = o T AR R B o By
PEATBSJR RS, T A T b A A 5 ) B
HERLG o X2 K FE MFMN Z i, fAE 2458

I\
=
e
i FPN #E47 T4 ERE G, FPN 385 RFEFIE
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SELA T L EiEa A . Wik, 454 FPN A
B ST S T e = I ST I N SO R T i =
flE LA e 1R I A e AT e SR
REA RAZ 0P VA 104 48 779 R AT
3.7.3 FRABAEAE mALA ZOM ST

9T B UE P-MHSA A %0, SER T T 5
F MHSA #l P-MHSA 523 () PDMDet, 52 46 45 5
WER 7 FiR o S BT8O 26 B, 70 ORS B AH 24 1
10T, P-MHSA 8 2 /b 1 B8 i 2 i Fiit
W, EE N E, MHSA 76K 8057 1 25 B
B2, i H MHSA 4 g 0 155 057 34 43 0 H Be Ak
P 6.9 Ml =38 8 EIG . i ad b AL B A, BT LA
W REAR MHSA it R, IFREREMW LT
SCfE R, T2 S i . 3L P-MHSA [ 455 5 5
¥R Fb g AL B 10.1 Wi EIME, tk MHSA #2175 T 3.2
/s

Fz 7 P-MHSA EREHELLW
Table 7 P-MHSA module effectiveness

Sfg W FRBH

Rl i 10° (W) Wi MAPY
baseline 41.14 16.2 211.43 75.87
PDMDet(MHSA) 7080 69 27832 7833
PDMDet(P-MHSA) 59.97 10.1 248.12 78.37

TE IR R ARSI iR A4

B, T B E e e A AR RE AT Ak P BLELR
WA A AR B, AR SO FE T 18 A BRI e FE 6 A
f) 79 A 2 i S % . ORPool Al ORAlign, # 7 &I A]
AL LE & 11 FiR o

VNV A A SR \
AAEEERIEREERE S S

A AN S Y

VNOUMIRAL A AN
S AR

AN AR A AN A

(a) J5LA (b) Conv

B 11 ARERHBNE
Fig. 11 Different convolution heatmaps

M I B R L, R SR e B i B s R e
Fe iR 1 o s i A, R WD ie 5% 6 AR BE %
AT b 7 2] B e e Wy R B RRAE o SR T, ORA-
lign 75 3052 3 A i@ & 2 BRUZE A I AR I R A T
ORPool, EA{AHLLE ORAlign REW B 17 #i 4 v i
BT KA Re g 2 m Py R J7 ml B L & o XS A
i ORAlign £ B T J5 1) 47 &, 3 2 e 38 % 55 52 )
Ji& e A%, T ORPool 3 3 i Ak ] AL RPAIE, #5125 17
ACE

T Ak PDMDet £ 8 57 2% B, AR SCHE BHE
JZWIFEIE T 3 EER, sleE: BRI R R
JE AT AT SR e A ) 4 T R AR RO 2 ) 14 (AR
K SRR 8 Frow, B8 &dls 51 A SCiHk [291.
Hop n AURFIIRSE | d AURYEIE | k2 ERER
AN BT E RN m R A AR R ) H I 8
K. X T A SCBOA B b Ak F ] {12, 16,20,24},
AR m > o~ ) RS UL
A7 P i S T AT $AUE T i A e e 6 ¢, TR A 25
ot 25 19 2 DU 55 22 O () WL e #24  IG Ak, 52 i 46
T 2F 2 BE T B — 4> S B DA 3R B2 o i AR AT
T 1) % 8 RS2 1) A 9 0 B R B o AR P AT R i
N i R 9 4 2 TR A B AR UL, o S B AR
TR 7 5

(c) ORPool (d) ORAlign

x8 BREZESN
Table 8 Complexity analysis of modules

R TR IR PIRER AN N KA R KA E
HERN om*-d) o(l) o)
PEFR 10 22 o 4% O(n-d?) O(n) O(n)
LR 2% Ok-n-d?*) o(1) O(log,(n))
ETEOATEEN O(r-n-d) o) o(n/r)
FFH ik B RS O((n+2m)-&>+2n-m-d) o) o(1)

374 KRG LE oA

AT B E B ) ) PDMDet A5 B 1 ia 17
JiE, 520 R FHBABK 4090 8 X BB 1) 5 4 B E AT
PEAY, 32 B AR L 45 e PR N SR, e A
AN 9~10 FroR o 4 M7 28 o 85080 ] a7 4 A A
[A] 4 1 2% 14 155 15 PDMDet 3 A5 i 2% it 2 14
WO, WA B E ISR, AR E W

I BEAGL I o X T4 L MR A P4 o

x9 MHEIREEITEE
Table 9 Comparison of speed before and after improve-
ment Mii/s
EaRiES O-RCNN! PDMDet
ResNet-50 16.2 14.8
LSKNet-SB 13.6 10.1
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Table 10 Comparison of model parameters before and
after improvement 10°
EaniES O-RCNN!" PDMDet
ResNet-50 41.14 45.89
LSKNet-SF 55.31 59.97

3.8 AL LU R IRESERE

AR 3CXT PDMDet #1 O-RCNN 7 DOTA-v1.0 %
P4 b m A 25 R AT TR Ak, S AR an s 12 fr
o MEH A LLE 1, PDMDet 76914 2 % 5 1%
st (285 AR A5 0 240 DL R K 8 L B K I 3 53¢
CAnMr B2 AHS ) h, TS AE SO S AR . It
&k, #8%F O-RCNN, PDMDet 7£ /)N H A5 k60 7 T
REE A SO DTk . T4 284 S i ekidk, PDM-
Det 143 RACR WAL T O-RCNN,

HENGR

(RELERAIRLELETITILIRERTE

/NEFR

IES IR

YA PN

LV.GTF.SP .BR.HA

(b) PDMDet

.sv

(a) O-RCNN

12 SRR
Fig. 12 Results visualization comparison

T 54k PDMDet #7338 3R B, A< 3043 51l
%7 O-RCNN il PDMDet /£ DOTA-v1.0 I /IR %
FEE, WA 13 R, o BG AR 5. IR
VBRI AT LI M, 8 G oS o B2 58 | R AR RS
VA SRR O3 32, o RKG HEBE A B T A R T, 4
ol e A SRR A A2 3 2 (K B LU R AR, 32

R REA W1 B, [R] I, A 2 301 ) 73 NG JE 4
fE—E R LA T

H—1k
TRVE R /%

pL B8 3] = 100
BD - . 6 L 90

BR 80 18
GTF A 76 4 - 80
SV A 81 3 15 | L 70

" LV A 488 6
= 7] e 1R s
ﬁ?\ BC 2 95 ||
ST 78 21| | |40

SBF A 6 83 7
RA 87 11 - 30
HA - 86 13 | F20
SP - @3 ¢ o

HCA 89 7

BG4{2 6 321820 31182 LLlo
T T T T T T T T T T T T T T

PPFES S PP QG TI S
T bR
(a) O-RCNN R IEH

H—1k
TRVBHEIE/%
PL 07 2] o 100
BD+ 97 2 L 90
BR - 91 8
GTF A 91 1 - 80
SV 90 7 L 70
" LV - 392 3
% SHH 92 6| 60
% TCH 99
X - 50
ﬁ BCA 98 1
ST A 78 21| | |40
SBF 6 89 3 i
RA 97 2 30
HA 93 6 - 20
SPA 9% 3
HC - o7 1| | ['°
BGH2 6 341720 3 8 2 Lo
L T T T T T T T T T T T T

PPFES S PP QG TI S
TbRZE
(b) PDMDetiR 4 [
13 DOTA-v1.0 il SR &L M TG 55 iR /B B FE
Fig. 13 Confusion matrix of the DOTA-v1.0 training and
validation sets

4 #5RE

A SCER XS B ARSI s H 2% L | K TE E A
KA B Ty a1 AT 75 HE 50 0% 4 A G ) ) A, 4 T
PDMDet A5, 2455 5 3 52 i FH — Biv B A 0l 2
e RPN SR TR L i, IF 51 A 2 4ERRAE 1248 9
2 VLA SRl & 2 ROEFRAE, [ I, 45858 %) 43 2
Wl AE 55 347 TR IE L . 5 O-RCNN A L,
PDMDet 7E 241 i B U8 B A 42 1, 2 32
T T E BRI RS

S % k-

1] s, R, IRIERE, 45 ) iR I S % F A
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