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Abstract: Objective With the advancement of image processing and artificial intelligence , deep learning-based algorithms
have become increasingly important in the tasks of image target detection and recognition. In the aerospace domain, satel-
lite remote sensing object detection consistently confronts challenges, including cluttered imaging backgrounds, numerous
minuscule targets, and wide dynamic imaging ranges. In recent years, convolutional neural network-based approaches
have witnessed significant progress in satellite remote sensing object detection, particularly in fine-grained target recogni-

tion. These advancements play crucial roles across domains such as military reconnaissance, postdisaster reconstruction,
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and resource exploration. Given the challenges of large coverage, small and dense targets, and complex imaging back-
grounds in satellite-based remote sensing images, large and complex neural networks have been utilized to represent image
features for further target detection. Although large neural networks exhibit certain detection capabilities, they are difficult
to deploy in space-based remote sensing tasks because of the high real-time requirements and limited computing resources.
To address these issues, this study proposes a lightweight space-based remote sensing image target detection algorithm that
integrates multiattention mechanisms in the spatial domain and channels. It deploys remote sensing image data processing
and target detection algorithms to a remote sensing edge intelligent computing platform , achieving efficient and accurate tar-
get recognition and analysis for remote sensing images. This approach provides a solution for future in-orbit fast target
detection algorithm processing and real-time tracking of detection targets. Method Based on a You Only Look Once version
11 model (i. e. , YOLOv11n), the proposed algorithm integrates the channel prior convolutional attention (CPCA) mecha-
nism, which combines channel and spatial attention mechanisms. It utilizes the channel attention mechanism to generate a
channel attention map. Subsequently, this map is multiplied element-wise with the model’s input feature map to produce a
channel-weighted feature map. This channel-weighted feature map is then fed into a depthwise convolution module to gener-
ate a spatial attention feature map. The CPCA mechanism can dynamically allocate attention weights across channel and
spatial dimensions, enriching the network’ s target features by extracting channel-wise and spatial attention features,
thereby enhancing the network s feature extraction capability. By employing a 2D convolutional layer based on partial con-
volution (Pconv), which convolves only a subset of input channels, it leverages redundant compression in interchannel fea-
ture maps. This approach avoids the issue of excessive parameters typically introduced by adding attention modules. Conse-
quently, the improved model reduces the parameter count by 0. 48 M (approximately 18. 53%) compared with the original
YOLOv11n. This approach partially addresses the challenge of deploying network models on embedded devices. For ensur-
ing consistent dimensions between the two branches of Pconv, a max-pooling operation is applied to the nonconvolved chan-
nels, downsizing the feature maps to half their original dimensions. Through leveraging pointwise convolution to fully uti-
lize the representational capacity of channel-wise features, this design reduces the computational load while preventing sig-
nificant degradation in the model’ s feature extraction capability. Result During validation on the DIOR dataset, the pro-
posed algorithm was compared with various YOLO algorithms for object detection. Experimental results demonstrate that
real-time detection transformer(RTDETR) has the largest parameter count at 9. 42 M, YOLOv11n has 2. 59 M parameters,
and YOLOv11In_CBAM has 2. 74 M. By conirast, the proposed model contains only 2. 11 M parameters, accounting for
81.47% of those of the original YOLOv11n. Meanwhile, compared with the original YOLOv11n algorithm, the proposed
method achieves a mean improvement of 1. 9% in accuracy and 1. 2% in recall. The neural network processing unit (NPU)
inference latency of YOLOv11n is 19. 6 ms, whereas the proposed algorithm achieves only 14. 8 ms. This result indicates a
reduction of 4. 8 ms in comparison with the original model, representing a 24. 49% speed improvement. Additionally, the
NPU-deployed YOLOv11n model attains an accuracy of 0.799 and a recall of 0.642, whereas the proposed algorithm
achieves 0. 819 accuracy and 0. 652 recall. Accordingly, no potential accuracy degradation occurs during model migration
and deployment. Compared with merely adding the CPCA module, the proposed algorithm exhibits a slight accuracy
decrease of 0. 10% but reduces the parameter count by 0. 66 M. When contrasted with solely incorporating the Pconv mod-
ule, it shows a marginal parameter increase of 0. 08 M, yet it improves the accuracy by 1. 7%. Conclusion Targeting space-
based remote sensing minute object detection tasks, this study draws inspiration from the YOLOv11n model to propose a
lightweight object detection algorithm that integrates multiattention mechanisms in the spatial domain and channels and con-
textual information. This approach significantly enhances detection accuracy while effectively reducing model parameters.
By refining the attention mechanism in YOLOv11n, we introduce an improved architecture incorporating the CPCA mod-
ule. This architecture enables comprehensive feature extraction for minute objects across spatial and channel dimensions,
effectively mitigating missed detections and false alarms in spaceborne imagery. The conventional 2D convolutional layers
in YOLO are replaced with Pconv-based designs, circumventing parameter inflation typically caused by attention modules.
This replacement achieves an 18.53% parameter reduction and model lightweighting. Finally, through NPU-optimized
deployment, the model’s hardware compatibility is enhanced. Compared with the original YOLOv11n, the proposed algo-

rithm reduces inference time by 4. 8 ms while maintaining detection accuracy, meeting real-time monitoring requirements. The
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solution proves exceptionally resource efficient for space-based engineering deployment with constrained computational resources

and memory, providing crucial technical support for onboard implementation in spaceborne remote sensing systems.

Key words: space-based remote sensing images; YOLOvI1n; attention mechanism; target detection; model lightweight-

ing; algorithm deployment
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Fig. 1 Architecture of improved YOLOv11n network
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A, e i AL BT B E L, o, o BB Sl 4L
1530 — e B AR 2 5y
Params,,,, = k> X > + ¢ (8)
2P BB RST .
H Peonv B35, R4 R0 T 4008 55 UEK (float-
ing point operations per second , FLOPs) &

FLOPs = h X w X k> X ¢? (9)
S R ORI IR R BE 0 R 1 982
[DR=S TR AR NN ]
FLOPs = h x w X k* X ¢ (10)
WAF 5] & h

Memory = h X w X 2¢, + k> X ¢ ~ h X w X 2¢, (11)
AT LU Y A 100 B0 3 3 58 e, Ay i A 30 3 4 1Y)
1/4, W358 48  338  BRAY 1/16, AT U5 [l 104 3
R 14, 0T DL U2 5 I 3 0 35
S
T 3853 R 4 T A S TERR A B PR
B — 1% 58 (pointwise convolution , PWConv) ,
WAL FE T E AR EAY 1 x 1 B RLS T, Bl (R Y
=31

—_

(= RIinYel

Pconv 5 PWConv iE$%)5 , 115 & (FLOPs ) A8
FLOPs = h X w X (k* X ¢2 + ¢*) (12)
A, e i ARHIE T i TE R
MBI, X e, = e,k = 30, A

A BRI R AL G R 1Y 17. 36% , Hizs
HALZE R T DL RRAIC 84% THA i, — B R Lok
T L B AR i A SR A D E ROERE . T
YOLOvIIn (I BER)Z MG R LK s = 2, 35 il 5F
TE B RSE A A RRIE B —2F 8 T BRIER 46
LA 43 32 1 RUSE AR TR] , AR SO A S0 B 30 3

Fr e KM AARAE 4 AT P 08 RS 4 /N R DR ) —
oo I A AR A A T B RHIE A B R AE
AE T, A B BRI A RO SRR i R, A2
W AR R AE 4R I fE

/.

3 ZWERSHW

3.1 EWIZT L HIRSE

AR 328 R 9 B 2R O Nvidia RTX 6000
Ada, 2474 48 GB,PyTorch {4} 1. 10, CUDA A
11,8, 4 fEiF 5 A Python3. 8., M TS F5 B
AT 48 GB, i = BB I ke i M LA S iz 1k e
J1, LR Ak B R R G, R R/ NRCE O 32,
Epoch 4 100, 2~ i 45 84 i i SIGH A6 A A 2L 3
SRAFRE T LA SR O UE , AN SRR S 2 )
B f 2] R ) B R RCE N 0. 937, ) R
#0.01,

Y I UE A R B A P, AR S DIOR
(object detection in optical remote sensing images ) 4%
P AT SC 5 . DIOR 4 5 19 B A5 s 18 ok H
LabelMe T-H3E17 , brif & =0 VOCHE . Ry T bk
B K E BRI F bR G IS B2 B 48, A SCHi 28 Hh
TARERUN AR A B R ER . EHR T
800 x 80014 Z , VIR A1 5 11 725 R EIZ , ik 4
BE 11 738 IR PR A 4 P 20 4 HARZEH
ARHL M A A IR E AR TR R A
RS 2 i, W CHEAT T 4 T A A — 2R 90 AL 4
VB, MR I ZRACR
3.2 TFMIERR

R T AT TAR B4 D7 R RO PERE L SR R TR
& (precision, P) . [A1%& (recall ,R) F-HPRS BEI(E
(mean average precision, mAP) . =% & i & &
(FLOPs ) FIASE R4 B8 B2 A W B PN 6 AR . B
(LSTEE|

TP

P=p s rp (13)
TP

R_iTP+FN (14)

AP = fp(r)dr (15)
1<

mAP = ?Z AP, (16)

U, TP O RS TN TE A A EREAS , FP g A 8 Tt
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FEIR I TREAS | FN R BERY T 45 22 () IEFEAS AP Hy
R IR AURG A 3 — [l et 2 (P-R i) A AR

SRR TR BRSO B, SRS R A
BRAE H s T S e TR IR AR AR )N A
TR 3 R R R S TR e R R 7 4 o i A B
T AR S R H A SRR, S T AR A8 SR
3.3 XtbbsRIe

R T UEA SCE AL YOLOv L In B3 e B N
HLH A9 A 201 , 78 DIOR i 5 L E47 T 4 56Xt L
SEE . BT YOLO BEARYELAT S a7 42 Ja JBR AT g
T8 B R 1S YOLO B 2 7 22 Jk G B An Ui
5z . AR SCGEPRE I T CPCA 1
B AHLHARLR S YOLOV In JBLEAECAY T8 T %
FHVE R HHLHIAY YOLOVI In B8 YOLO £ 4159+

BN 2 W YOLOv8n LA K H A 0 S5 4l A7 11 5
7% RTDETR (real-time detection transformer) (Zhao
5 2024) . FFCA-YOLO (feature enh-ancement, fusion
and context aware YOLO) (Zhang &:2024) #EF7 %)
LU, FE PR IE A B AR 4R BRI B - 5 R
Bragbr— B TS T TR . XAy 84,
W 1 7R . “YOLOvI In_CBAM” % 3£ 7E YOLOv1 In
BB AN I CBAM 788, “YOLOvI In_GAM”
FRETE YOLOvI In B He v 75 i 42 Jay 1 28 ) B B
(global attention mechanism, GAM) (Liu &, 2021) ;
“YOLOvI1n_EMA” fU7E Y-OLOv1 In #5235 i1
B £ RE A & 71 (efficient multi-scale attention,
EMA) (He,2023) ; “A 307U AE YOLOv] In 8
ASIN CPCA A

®1 AEHEZEDIORHIESE ExfLL
Table 1 Comparison of different algorithms on the DIOR dataset

i GRS PENIE:S mAP_0.5 S EM FLOPS/B
YOLOv8n 0.768 0.626 0.680 3.01 8.20
YOLOv11n 0.799 0.642 0.707 2.59 6.50
YOLOv11n_CBAM 0.804 0.643 0.709 2.74 6.60
YOLOv11n_GAM 0.811 0.652 0.720 3.60 7.90
YOLOv11n_EMA 0.804 0.646 0.710 2.62 6.70
RTDETR 0.781 0.648 0.615 9.42 16.30
FFCA-YOLO 0.792 0.651 0.620 1.37 11.20
AL 0.819 0.652 0.722 2.11 5.80

TE IO T RS % 9 e L4 2R

MZE 1A LLE ), 76 DIOR 53 45 |, YOLOvS8n
(1945 15 25 BLH T YOLOv L Ino 3 H H FrAd: i) 45 5k
BT RTDETR . FFCA-YOLO 1 He 38 i i 25
BLHI Y YOLOvI In 53645 73 B0 . AHXS T4 G iy
YOLOv1 In A5 AY , U IS W] 3 22 07 A5 B i) e ok ) 4%
Yt o e T, A “YOLOv1 In_CBAM” 5% 7l
()RS i 2% 28 0. 804, A 11 % 4 0. 643, mAP_0.5
0. 709, {H J2 4t %} YOLOv11n, HoKs 8 AR TF T
0. 50%, A [FERALARTF T 0. 10%, P BE 4TI 5 FH X6}
BN AT, R H CPCA B A | Af X F
YOLOvIIn, & 8 R T+ T 2. 0%, A F R LT T
1.0%,mAP_0. ST T 1. 50%, A4 R $2 T+ 1 B
(R RE , U B AR SCI T T 2 Ty BIL T T 3 B R 15
SR UNER 7R el = Sy € ) i A il B Eu BN

F PR SR AR R A SCER NS
B o 2. 11 M, 8 R 5. 80 B, 78 4 TE 488 5 4% 1
ARG MR RTEE T A SRR A B b
T RS B R R A P S

R TR G b R R B A TR R AR B AR
SCEE A Y B b A S A MRS SRR ] R
TS5 P-R K. P-R R & DL A 1R (R) 4 fik
Ap i IAE 2 (P) A AL bR, 7E P = RAL Y £ 5]
15 S-S AR, 2R TR ) G T 23
K v HL G/

7E DIOR 4l 4E |, & B AU Lk 434 P-R &1, 4
K37, Al LA AR SCOR ik R TR M B 2 o T 0k
T YOLOv 1 In Ay H A P28 A5 A T 2T YOLOv1 In (1
D) 245 5 8 1 BB 2 v T3 T YOLOVS 1Y W 45 PR fE
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Fig. 3 Comparison of P-R curves of different algorithms on

the DIOR dataset

AT HAt 0 5 A AP RE
3.4 BUHBIMRELAZunER NN ER B I IE KR

TE i) R o JR AR 1) 552 o oy Y 5 oK, oy S B4
H A it R A A YOLOV 1 In RS B B 1 b T 78
fE W, A SCHE NPU (neural network processing unit)
[ EREARTY AT AIAT PR SE R . O T SEBLNPU
(BRI 8, 5 T T 4R Ry Atlas200 JF & AR 132 17 TF
KB, Atas FRCE T — A1 310NPU /E 157
W, 5 —A> 8 4% ARM-CPU /i ML, 5 R
B NS DAy 2 ) A P — ST 1) A9 22 0 24 o
4 DSA 1, FsmsE g2 — DR ERGE, AW
2 AT 518 : AlCore il AICPU , H 7 AlCore $2:11
P22 W 26 5501, AICPU I T /K #H A S [ 2R T 5
NPU HfE i PR AE e 3k 2 B

NPU #E Bl i 2 B¢ F JF A& 36 58 ' CANN 2y
Ascend-cann-toolkit_3. 3. 0. alpha006, Min-dStudio bl
MindStudio_2. 0. 0_beta3 .

TEA S NPU (4 B 7 328500y 5 4> 20 3R
(3 F7R) -

*®2 NPUBHEE
Table. 2 NPU hardware configuration

BEEIT AR5

AbER 7S ArmCortex-A55 8-Core 1.6GHZ
[y 8 GB

NPU 2-CoreAscend310
BIERS Ubuntu18.04

Tt S WA SO S YOLOv In 5 4R AR Y
4 B B) 2R AT L #C, i 4 TR o YOLOv11n fY
NPU #EHFER} 4 19. 6 ms, A S 15 1 NPU HfE BRAE
WY 14. 8 ms, AH%F T YOLOv1 In JEIAAR Ry /> 1
4.8 ms, EFH ST T 24, 49%, 545, YOLOvIn
16 NPU #B 28 0 B 0OKS 55 2K Ky 0.799, 4 [l & Xy
0. 642, A SCRLVATE NPU 3 ARG % 0. 819,
AR 0,652, FH LA UL, 15580 i) 3 B 50 8 IF A
SN AL R IETE ARG BE B % Il AR AT AT
PESCES, B0k 1A SCRAR 5 T B R
A A B s AL T RE A8 A A5 b el /5 Y 1) 4
PRI A, 1155t F 51 AR LS T ok 1) 2 40
I R T S SO TR e 3 B ) [, 5 LRI, 36
UE T ASCH IR AE NPU RS AY A R U A& 1, fE%
15 R S R UG A B TR H -
3.5 HEXWER

R B A SO S B HE I CPCA B3 L) K Peony
L B AR R B B2 0, 7E DIOR 2540 4 b HEA 7 18 mil o
55 o XSG B3 O 4 4 4393 b YOLOvl I,
YOLOv11n + CPCA ,YOLOvIIn + Pconv DL A U5
DA 4 TSR ST LA RN 5 s, 458
mr,

D FE YOLOv 1 In A5 e fify | HU34 i CPCA Bk
BF, O AL 3 T AL (A5 455 AU e J PR 8 s B

&3 NPUBEERSR
Table 3 NPU inference process steps

R
PR

R

AR LA pt S0 PyTorch JiE . CANN 58 (0 25 HEBRER IR

PR ALE SRR e R Ak B

BRSBTS o LA T A A A SR

ABEA CRAER A SRR TS A B, OF 5 GPU BOHEBRAS SR BEAT X L, 29K 25 GPU B BEAS A ) , DI WAL Y 3R 2 1 2

APES PEREINIA , ik P Y ) 4 B2 DL S A ) TR
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&4 NPUHIEATE
Table 4 NPU inference time

R NPU #fi B isf 8] /ms A% Al
YOLOvl1n 19.6 0.799 0.642
AL 14.8 0.819 0.652

T L P SRR 5 S R A4

B E $ B B0 5 40 RN 4 T, R R LT 2. 0%,
HRIET: 1. 0%, BE A% T 41 1 ZRAF KB Jk 15 v
Tl BRR B RRAE S B o (HJE, T3 T CPCA 7E
BEPLH, S EEBR S H SN T 0.18 M, &
I T 0.6 GFLOPs.

2)7E YOLOv 1 In 52780 | U3 i Peonv ALERET , 41
X T YOLOv 1 1n #5578 | Peony #4855 1 Ak 1% T EAR:

TEREHY RN H A3 Ao U A B2 AT 52 T, BB A8 1 A5 2
SRR 0. 56 M, KA R D 1.4 GFLOPs, 2
FHEERY B HE R L

3)ASCHE PSS A EE T U CPCA &
REH, B RSB I /1N 0. 10% , 1E R () 250 [
i 7 0. 66 M; A1 EL T 2 Peonv A H | B 9Kk 25 05 0
KO.08 M, (HEBIA PR B R4 T 1 1. 7%

Y St - WA PN Su R KL UNER Y s
DA 55, AR SCHR HE ) B30 v i 8 T A R i 1 A 7Y
X 3 R UG G RRAE R A B 8 T, 38 2 3h A 43 e AL
6, MR SC T A IME AR (R B, B R TR R
FG HARRFIESS B A ZRAE BT iL , BIERE N T Peonv
P AT, ZERR AR TSR SR R T, W
R S5 IR o A A DR 2

RS HBMIEER

Table 5 Ablation experimental results

el RS PENCIE mAP_0.5 ZHEIM T /GFLOPs
YOLOv11n 0.799 0.642 0.707 2.59 6.5
YOLOv11n + CPCA 0.819 0.652 0.722 2.77 7.1
YOLOv11n + Pcony 0.801 0.643 0.708 2.03 5.1
ES'S 0.818 0.654 0.722 2.11 5.8

T L P SRR % 8 B A2 2R

R TR s T S g v A SRR A AR
AR SCAE A BE N A S BT W ST (gradient-weighted
class activation mapping, Grad-CAM)# 77 & 1) )7 %
(Selvaraju %5 ,2017) & Al 4L YOLOv1 In,YOLOv1 In+
CPCA FIAR SCR L IX 3 R 1y H AR RN RF A . 3%
J5 ) F G R ik B b O B B A o7 8 05 2 A AR AL
SR FHRR B2 A s e 5, 1) FH AR 1 1% 7 X & fin
BN 4G MG - BV S OCTE X S, Fi T [ v 6,
1) T e B WA B3I 1) 5 B, 0 s T %) DX 3 BH A
SRR R R 1Y) DX s 3R B OB, An A
4R  £LAA BRI DI s DG TR R B B o RS
CPCA F &2 B H i m] LA ROCR 1B s i e ml L) 5 |
SRR T AR v G 1 R PR G S H BRI
ARSI A 4(c) AT LR 2, BERLHS A Bk
R 2235 (0 B 3 B 10 Sy 68 B TR 1 DX, e A
TRV 1 DG 1 3 T SRR 5 h R K37 RIS 4237 1) 4240
SR A X, T 4 (a) YOLOV In 553 X i 35k )
DL R A5 2235 ) A A A A T A PR 196 OO0, T3 D AR Sk

(a) YOLOvlln  (b) YOLOvlln+ CPCA (c) AL
P4 I Rl S0 AN [ Bk R T T A AR 2
Fig. 4 Heatmap visualization results of different algorithms in
the ablation experiment ((a) YOLOv11n;
(b) YOLOv11In + CPCA;(c) ours)
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Fig. 5 Confusion matrices of different algorithms in the ablation experiment ((a) YOLOvI1n;(b) YOLOvIIn + CPCA;(c) ours)
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3.6 RFIMTRILER

h T B R A SO A A T 4 H ARG
M (40 YOLOVS . YOLOv In) B4 3 6 3 K8 1k
HAT T HE ., B 68 YOLOVS ., YOLOv1 In FIAS 3245
e IR 5 pe e S B UN S NI N St B 0 B e
FUG rh eI e TR R I R B RS 21 423
() 240, A 2 UG S SR A 0T 4 5L
BP0 R, AR SO LA 8RB 4, 4455 13

(a) YOLOVS (b) YOLOvI1n

(0) AX
Ko AR DR HARGIACR K
Fig. 6 Effect images of object detection for different algorithms
((a) YOLOv8;(b) YOLOv11n;(¢) ours)

Wt 4 AR BIE 6 A BLC AT D Y52
B XF H AT LUE ] 6A S RHLE S FE I HLIA (EHL
B AR SO T CHL A R mT LA S0 4 H
FrREIREZ B 6B S R AN BB 53, A
SCHEERERE X B ARSEA TR I ELRE S G M 1 TG
W X 6C Hris il B bR /N — S IE B, 12 58
() YOLOvS F1 YOLOv 1 1n %t K /N F H AR 77 A e K6
155 B, T AR SCAA v 3 Ao el 4% () 5 30 3 AH fl G v 1
PRI REAZ S H AR Y 78 AT

F6 L5 T 3PN L - ERS B Y mAP_
0.5, Al DL, AR SCHEVEME T YOLOvV8 #il YOLOv1 In

ek WA HAR mAP_0. 5E S mii . £HxE 6D
FRE AR H , mAP_0. 535 0. 928, B A S04 1k
FPEREDE T AL P A

®6 FEEEHmMAP_O.5
Table 6 The mAP_0. 5 of different algorithms

H bR YOLOvS YOLOvI1n AR
BBl 4 0.545 0.550 0.558
il 0.926 0.926 0.928
®HL 0.744 0.741 0.817
37 0.752 0.781 0.797
| 0.541 0.560 0.599

T L PSR S AT IR RS 2R

B XS R 18 R PR R U N B ARKINAT: 55, A SUAR
Y YOLOV In B8 42 3 1 —Fhfl & 22 13 2 1 HL ]
14 5% B A 1Y) R e B SRR B B AR R I 3 . 1
96, X YOLOvT In 58S vh i) 3 2 T MLk 2647 2
HE 45— I T CPCA T B I B e iy el i A A5 A
2R, BEASAE 25 W] RV 8 7 [e] b S X6 O e e Jk [
AN HBR B RRIE AT 52 3B, 3t O B S 2 AT 1 %
TN AR BT AS FIAE G2 38 5 LU, SR T3 0 5 AR
i 4 BUZ BB, B YOLO iy “HEERUZ
A, ARSI I B T ok i S o K )
ML, SRR T 18.53%, SEI T B R A R Ak 5 B
J& L8 X R AE NPU L (305, Pk TR 511
BV 6 R B PR A LG T I5LAR 19 YOLOV In A, 78
PRAE bR K HORS B A0 1 2 T FE BRI A 45 T
4.8 ms, AE i i 2 SC AT W DU A 5 5K SR 113 9 s R
W2 B A R TR IR IR 7 A AT o

BJRA SCRBERIRT T T8 AR M T H ARt 247
TERARE IS , s 3 S S A i g 5t . A
SCF 22 TARKAE LU T Py TR - 1) #F— Ak
LAY 285 g X AR R T 0 B9 461 2% oR %, T ]
Focal Loss fift 28 Bl A , 55 58 42 28 9 1 (com-
plete intersection over union, CloU) , PABE i 5 % 451
AN ER 7N AT P P T N I K DO K AN SR 7Ok
JE01E 17 SO 4 oG = i (T w1 A = g o = i DO 7
H AR 57 2], T4 T4 /)y 5 bR 9 4 ik 42 B BE
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