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Abstract: Objective The analysis of histopathological images provides essential pathological information for tumor diagno-
sis and treatment, and it is widely regarded by experts as the gold standard for tumor diagnosis. Prior to digitization, histo-

pathological images undergo a complex, multi-step process that includes sampling, fixation, dehydration, embedding, sec-
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tioning, staining, and mounting. This process is labor intensive, has limited automation, and is subject to the subjective
actions of pathologists, which can introduce artifacts. These artifacts may obscure normal tissue and complicate the assess-
ment of true lesions, which leads to potential misdiagnoses or missed diagnoses that can impact patient treatment and prog-
nosis. Furthermore, artifacts in histopathological images can hinder the performance of computer-aided diagnostic sys-
tems, which underscores the importance of effective artifact detection in finalized images. Deep learning methods for identi-
fying and differentiating artifacts with prominent morphological and color distinctions, such as ink marks, tissue folds, and
blurriness, have shown promising results. However, certain artifact types, such as looseness and tissue bubbles, are visu-
ally similar, which makes them particularly challenging to differentiate. Effective differentiation requires models that can
maintain sensitivity to local features while also achieving a comprehensive understanding of global patterns and structures,
which ensures the robust integration of local and global information. However, current methods for artifact detection have
not fully addressed the challenges posed by these visually similar artifacts, which indicates an urgent need for further inves-
tigation in this area. This study aims to address the limitations of existing methods in integrating and interacting with local
and global information for detecting highly similar artifacts. Thus, this study proposes a local and global information inter-
active fusion network MoLiNet (mobile linear net) to improve the multi-classification of pathological image artifacts.
Method In pathology, histopathological images are generally stored as whole-slide images (WSIs) organized in a pyramid
structure. Researchers typically preprocess WSIs by segmenting them into smaller image patches. After patch segmenta-
tion, we further process these patches using an HSV color space-based edge detection module, which is called HSVEF.
HSVEF is designed to improve the attention of the network to fissures. In this work, we extend the concept of a parallel
framework by employing a dual-branch network. The CNN branch utilizes the lightweight CNN MobileNetV3, which
enables efficient feature extraction while enhancing the capacity of the network to capture local details. As image patches
pass through this branch, features are progressively refined from low- to higher-level representations. The Transformer
branch is constructed using MGL-Trans (mobile gated linear Transformer) , which takes dimensionally compressed image
features as input. Within the MGL-Trans module, the conventional feedforward layer is replaced by the mobile gated linear
unit (MobileGLU) , which leverages a gated linear unit (GLU). The MobileGLU design enables the model to selectively
amplify or suppress features at different stages, which enhances its capability to recognize complex image patterns. A
focused linear cross-attention (FLCA) mechanism is incorporated between the two branches, which enables effective inter-
action between local and global features. In our model, this attention mechanism is concretely implemented as the feature
gather module and the feature diffusion module. Finally, the features extracted from both branches are concatenated and
fed into a classification head for categorization. This architecture not only enriches the overall understanding of image fea-
tures by the model but also enhances its performance in complex image analysis tasks. Result The proposed network sur-
passes comparable state-of-the-art methods in classification accuracy and computational efficiency. On the Ningbo Clinical
Pathology Diagnosis Center Similar Artifact Dataset, our model achieves accuracy, precision, recall, and F1-score values
of 0.942 4, 0.947 7, 0.949 8, and 0. 948 6, respectively. These values outperform the dual-branch architecture Dyn-
Perceiver and artifact classification methods AR-Classifier and DKL. Notably, our network reduces parameters and compu-
tational load by 80. 91% and 96. 94%, respectively, compared with DKL. In addition, heatmap visualization analysis con-
firms that our method accurately identifies critical regions of pathological artifacts and assigns higher weights to these
areas, which greatly enhance the accuracy of multi-class artifact detection tasks. Conclusion Compared with similar meth-
ods, our approach effectively extracts artifact information from images. In this network, we designed the MGL-Trans based
on Transformer principles. It allows the model to selectively enhance or suppress features at various stages, which improves
its capability to recognize complex image patterns. We also developed a focused linear cross-attention mechanism based on
cross-attention. FLCA utilizes an efficient focusing function to better capture dependencies between two input sequences
while maintaining computational efficiency and high performance. These innovations enable the model to effectively distin-
guish similar artifacts in histopathological slides while significantly reducing computational resource consumption. This
achievement offers an innovative and efficient solution for the quality assessment of pathological images.
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Fig. 1 Examples of artifacts
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Fig. 2 The overall architecture of the local and global information interaction fusion network

((a) preprocessing process; (h) MoLiNet structure diagram )
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P R A 3 25 AR A BR (Chen 55,2022) . Ry T fiff
Transformer BEEHRTEIFATHESE v BEAT B 5 19 4FAIE H2 X
R, AR CH] AT MobileNet H [ 5] & % 22 He
(Sandler %, 2018) , % J& 51 MLP 1 2] £ 5% 25 Yo 7y
HBR B I AT, ] B Ak 2 B DU A T g 1Y Ry
TESEICRE 7 , BR8] B 5% 22 e 5 1 48 4 0T GLU
BEATIRA LARS 2 1T Y HiT 152 )2 MobileGLU . 2R )5 K
MobileGLU 5 £k % 5 £l 1 &2 JJ (focused linear atten-
tion, FLA) 455 7F i MGL-Trans #it (Han 45 ,2023a) ,
H R LER UL 4 frs , B ¢ il 38 (channel ) o
FRETEIZB S B G #R 1 Rk
Y., = MobileGLU (Y ®FLA(LN(Y,)))  (2)

A, Y, 278 A MGL-Trans B 09 MG AL , &0
MGL-Trans B 55 004 KR R YL LN R JEIH—
k (layer normalization) , @ N & JC R M NHEAE . H
Hi MobileGLU #E e % 7 [5] 4 vb fg 22 HE A 8 23, 3F
Wy

MobileGLU (x) =
x@Linear(MBConU(Linear(x) )@Linear (%) ) (3)

K, Linear WM, © TRt R ARTARAE, H
Hh, MBConv A GnE 4 flis 38R
MBConv(x) = x + (C1 °(C,° C3)(BN(x))
C/(x)= CeLU(BN(Conv'”(x))) (4)
C,(x) = GeLU (BN (DWC(x)))
Cy(x) = Comv" " '(x)
A, RN REE BT, Con' ™ RIR 1 X 14
L, DWC R TR i 45 B (depthwise convolution) , BN 3
7~ #tt 13 — 4k (batch normalization) , GeLU 5 i 7%
PRI
= E i
éﬁrilﬁ’%

=)

P

i

—

itk
Conv Ilﬁx 1, 4¢
ﬂtUJI%Ja
GeL U itk
ch' 3x3
?H:UJL%
GeLU ‘i%lﬁﬁﬁiﬁ
Conv 1I e

Y MBConv

>(%)

L2

3V

K4 MGL-Trans
Fig. 4 MGL-Trans block

2.4 ZHMEREIEFEHNER

— BB DS AT R R i AL, e B AR 2 4
A R ARAE . R, BN A P 2
Jey# B S AN RS A, 30 6 A B O 5 B4 R A4 )
AL, IR X s R il S 2 R (5 RA B Es & .
T B — HAR, AR SCR T 2 SGER PR, I
— I T LR, I — R B A £k
PR ERE LG o X —HLRIAEAS SO £ 200
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SRR OB B AR 2R R R S, LA # T

L5,
X
Y X
| y
LN LN l
i_|_§ l LN L]
et e ! F_LW
v K ] 1744 WK wr
(] K V
RPB
DWC
DWC
X
¥
(a) FHEY B FDM (b) FHIEZR 2B FGM

K5 ZetEREUGER AL FLCA
Fig. 5 Linear focused cross attention mechanism FLCA

((a) feature diffusion module; (b) feature gather module)
H1 T* MobileNet 73 S AV H A5 /INR RS2 B CH:
F LT TR AR o A T IR AR —
BRSO T T FGMEER . 2B RE i 53 S b 78
PR s BRI A RRAIE | DS 82 53 SO0) G DX 8 1) 2R
FEHE J1 . AT HE , MGL-Trans 43 3% ) 55 ] 88 T 4> &)
EUSNINE E /S Tl Sl P S S S A )5k S S T
PRf# , FDM BEH R e H T4 & 0y R 4l 1 5 2
PHCE 2 R FRE . 8Lt FDM AT FGM 33X 1 4> 5
AR AR, SEBL T Rl 5 4 Je Rk Y AN SE B,
XA B B B AR = X Y, o X 3ROR
MobileNet 73 3¢ 3K HCHY Jmy % 45 AiE , T Y 3% 78 MGL-
Trans 73 32 AR B 4 R RRAE . FFAETE FDM AR HR i) $12
U R HR
X'=FDM(XY)=(F(KQ)® V)®DWC(Q)
Q=W LN(X)) (5)
Aorp, X7 SRR 0T R AR . A 1 i Q R
HRRFIE X 222 0 — b P 2o Se M AR AR A5 ), S )
KA ] VU 4 e ) i Y 2o 25U b PEAS 5]
FIRINRAEAPE, BAN
F(Q.K)=,(0),(K)
(%) =f(ReLU (%))

NE .
PO ”

T

o, a7 X & PR IT R AT p UCRHRAE , AR
B, AT AAS Bl 2 00 AR TR AE AR U R | FRIETE
LS I 9 RSO TR, B0 | = | /(=) [ B % ok e
AR R THRE T ). AE FGM BEHe b o 4> 0 37 £
B ASFESEAT 75 FDM A% O BRAE AR S A b 2
DX AR T 1530 1) s ] 400 90 7 | AT A X A7 i 22
(relative position bias, RPB) , LA % 5% {57 B 15 B I 184
SRR (1] DG 2 IR

=

3 % Iy

3.1 HIEENA

TR 27 20 5 R 0 i & 8 i R b 9k 3 T
PREME Dh g Ao i . R an ik, H Rl B
5K Z M T FA A B s 4 A FF T Y B
A5 AT H i . B IR BOUE AR E BHS BOR
3 5 £5 B 428 UL A, 51 4 HistoQCRepo /X A1 25 171 18
1% (Janowezyk 55 ,2019) o BLAN, LA 10 £ Bs 45
A T T BB 0% S 3R A AL DN S AR Ay 2R AT S5 1Y
LR

R T v R — AR, AR S T T I AR B2
W O T A 2R RIR AR T 2 552 I 4 ) 5]
B4 ,2024) 0 XESEURH L0 1L &5
F & R L KRG DR TE S A H %, Xt
R G T & P AR AR SCIE TR B
FIE bR, N U] BR a5y il T 256 x 256
BEMEGY . RIF IR T H b 4 FpoAa L th
AL SV BN TR, R B IR IS AR TRy
IEH SN IR Gk 2 R £ 42 NCPDCSAD, 4%
F ) BAABCRS TR 1.

%1 NCPDCSAD #iE&E#HE %t
Table 1 Statistics of the NCPDCSAD dataset

KI5 B /M
FAHL 84201
HAH 34277
2 96 599
TR 108 292
EH 82 754
pEsah 406 123
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3.2 LRiEE
AL LIS F — B BLAS AT Intel 19-10940X @
3.30 GHz Zb PR E$ A1 NVIDIA GTX3080Ti it #3144
Blo SEEGFT R R BE 2 2 HESL & PyTorch, BUAS
112, 1, 7ERCHIII SRR B, R T 4 9% 1R IR g >k
PHRE A 2] B iR A 2] R e R 4E-3, Rl E T
— /N 3] R E-6 DR IR I hoad 72 A R E 1
WEAb, A T bR R ) i S R BEE T 20 4 JE 4
(2% ) RN B o DAL D T, e T 45 A AL
I AR B9 AdamW A8 1L 2% , FH weight_decay 2%k
WHEN0.05, SE5 1 B batch_size 24 128, F&~I|
Rt BT RIIAT 200 M FE VK . R T AT DA AR A 1
BB, VE A T HERGR RS0 CH IR F1 o405
B, X BEFE AR N 253 FAT 55 I 2 T3 25 5
A AN TR] A B S AR R () A2 o AR S BT
b B EESELL 60% . 20% 11 20% B LB REHLRI 43~
YIS B FIEE . N T B IR R LG 7
5] AT Dropout iF ALF A
3.3 b
Sk 56 I AR SR MR N 2% A R B o b | T
NCPDCSAD %4l £ 1 4% 4 3C J5 1: 5 MobileViT-XS

(Mehta F1 Rastegari, 2022) . VanillaNet-5 (Chen % ,
2023) . AR-Classifier . Dyn-Perceiver il DKL (deep ker-
nel learning) (Kanwal 4§ , 2024 ) 5 [ 25 55 74 i 47 %)
LSRN 2 P o AEIX LERERI T, MobileViT-XS
Fl VanillaNet-5 & I T 43 AT 55 1 32 38 73 25 000 2 482
-, 3L MobileViT-XS H3 17 45 & T CNN #1 ViT,
Dyn-Perceiver E—PNIHHAT454 T CNN 5 Transformer
(W53 S P25 470 - AR-Classifier F1 DKL & % [ T4
XU B RS D52 03 28 ek D50k o O TR L
BRI , BT A BB A S A SRR 20t T AR ) Y
AR B, 54 o AR Y RIAR RO R 48— B 5 Ry
224 X 22418 %K,

5 HAE AL, AR SO R B T b iy P
fiE, HEAf % (accuracy ) IR EI] T 94. 24% , R 1 [F] AL
3 2 BH ) Dyn-Perceiver UL} & 1 TIN5 43 25 10
AR-Classifier 1 DKL. 1t 4b , A SC 7 i 76 11 57
(Flops) F1Z 4 (Params ) J5 L B on TR # . 7F
JIr A X7 s AR SO ETE S R EAAOR T
MobileViT-XS, i 735 5 B2 fefiRmy . xR,
AR ST B AE DR G DU B 1Y [R] B, A 1l 2 b DR
TEARRI TS

K2 ARFEHMERESELER

Table 2 Performance evaluation results of different methods

FEETR HERfR =R KRR VN F145348% Params/M Flops/M
MobileViT-X$S 0.9313 0.937 4 0.9359 0.936 5 1.94 909
VanillaNet-5 0.928 2 0.9355 0.936 1 0.9357 11.80 3070
AR-Classifier 0.936 9 0.943 1 0.944 3 0.943 7 11.17 27336
Dyn-Perceiver 0.9389 0.944 2 0.946 4 0.9452 5.78 256
DKL 0.937 1 0.943 0 0.944 8 0.943 8 27.67 8 038
ES@iRS 0.942 4 0.947 7 0.949 8 0.948 6 5.28 246

T L P SRR 5 8 B A2 2R

3.4 HERIE

RT B R AR SCIR TR A TR St T
NCPDCSAD ¥4t 4 L ilbA7T 17— R AN A IH AL 5

DHSV Bt ih e Gt . ARSI ARGT T
AN [ A Sl b B X R R MR RE A S ) . SE IR 2
WL 3 [w, 1 95 BITE RGB i el L A HSV Fi
B BT TSR, 25 R AE HSV B 3 b 1 S0 5
MR EDL T RCBEIEI . XK, 7F HSV i a2
(1] v &b B 2H 2 B R 93 AT 55 I, B8 B 4l 4

B o A e IS RS e M PR RE R, RSSO T
DR AR R UG S B R (1) OCTE , AR SCHETF HSV B
23 [Af FH Canny S ko I SR P2 O 2E 0 2% . T
HSV & (6,25 [6] B €4 58 (hue) 101 (saturation ) Fl4%
J& (value) 3 /™38 18 2 B , A< 3C 53 I 76 B> 38 1
SEN T Canny R HEA TS0 0G . SCHR S5 LR,
M7 AN E R Canny 898508 I A G [l iFAE 3
A8 LN Canny FORCR AT X #E— 22N i T 257
A FF HSV St 3 4~ 18 {5 8 I BB
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Table 3 Ablation results of HSV color edge fusion module

T4k 3 WEE OKSERR AR F1a%
RGB 09192 09256 09296  0.9270
HSV 09413 09466 09484 09475
H+Canny 09400 09454 09472  0.9462
S+Canny 09390 09444 09466  0.9454
V+Canny 09407 09463 09482  0.9472
HSVEF 0.9424 09477 09498  0.9486

TE R R 7R 245 9 e L4 2R

2) MGL-Trans £ 8 o 25 1 V¥ 4l FLA £ S
MobileG LU #5 B X6J 452 78 4 G 1) FLAAR 52 i), A BF 5 3¢
it T —RAE A SR, R R AR, SR ZE
3k H & A (mult head attention, MHA ) #1779 )2
20 1 A T 5 I 2 (MILP) A Ry B v AR . A ot JEE il
b BRR T FLA BEHOE A MHA W E DL 3, 200
s 22 FLA BIAE R B LIS TR Ss R .
— XTI T 2RO R R AT ERCE  f145 GLU(Dau-
phin %, 2017) . ConvGLU (Shi, 2024) 1 MBConv
(Sandler 55 ,2018) FF A8 fA . SR, X Le AR T 2619
SEE R I AN FAR . A SCHR Y MobileGLU FE 8k
FEE I GLU W I HLH 3 42 T+ T IR 4tk A #E e
J7, A5 W 2% e 1 A A2 4% (1) AL S 45 4 rh il 412 21 58
RN E S S W 0 S BU NG N RS =S
MobileGLU % He i 2 & T 1 Hif 45 J2 19 43 11k 52 H BE
I7 ke T AR G v RRAE 4 BURE T N 2 A T
LT 1S MobileG LU 5B 7 41 T3 7R 3% (A0 14 g
VA S (S

%4 MGL-Trans #RE LR
Table 4 Ablation results of MGL-Trans module

ERES AiBUE  MERR ORTERR AR P13

MHA MLP 0.9403 0.9463 09474 0.9468
FLA MLP 09411 09468 09480 0.9474
FLA GLU 09401 0.9457 09472 0.946 4
FLA ConvGLU 0.9391 09451 0.9464 0.9457
FLA MBConv  0.9404 0.9459 09476 0.946 6
MHA MobileGLU 0.938 8 0.9448 0.9457 0.0452
FLA MobileGLU 0.942 4 0.9477 0.9498 0.9486

T L PR R S S R A4 2R

3) MR EASGE R I . ARSCHESE T AN
A& SO R A AU PE BRI 2 . AR 5 R,
BT T HRT A EE JIHLE Y cross-attention AR
AISEE . BEIS XS LA 1 AR A i A TR B A AR
BERDWC 5H RO . 455 %M, 5 cross-attention
HIE, FLCA BB B 5§ T TSR PR RE . Bedh, i
FIADWCHLHR 3458 1 RRE R Z2FE0E , N TTHE 58 1
RAMETE R BRI R IR RE ), i g BBV R Ok
T —ENRTE.

x5 HEREXTNIFENEREHER

Table 5 Ablation results of linear focused cross

attention module

AR R KR HIER FI5
cross—attention 09408 09462 0.9484 09472
FLCACJGDWC) 09412 09470 09479 09474
FLCA 09424 09477 09498 09486

T L P SRR S B B A4 2R

4)MGL-Trans 73 3 it ABFFE . A SCIEBETE T
MGL-Trans 53 3¢ H1AS [ iy A58 30 25 S 1 52 1), 78
mobile-former F1 Dyn-Perceiver 1 X 43 37 HE 2L 1% 11
H, Transformer 73 32 I fi A ] T AT 2% 2] Y B AL Z
o ASCHE—DIRR T HEMA RS B NZ
SRR RIBOR IR 6 s, SR 45 R 3R B, 7E AR
P AORLEE Sy 250 vh , il B A B AT A i A fE
o R BT AT R 2 ) O Y N TERRAIE L 3271
TR b BRORS A0 A0 0 25 S N RO MERE

%6 MGL-Trans 7 X FJHI N iH B 5 R
Table 6 Input ablation results of MGL-Trans branch

A R KR B FIAK
FEHLAT2%2>] 09396 09454 09468  0.946 1
RPN 09424 09477 09498  0.948 6

T IO SRR R S e LA R

5) R SR USRI, Sy 1R IS Y )R
PR AE IR 2 I, A BF 5008 b S 36 1 A AR bl 48 I 2%
ResNet (He %45 , 2016) . RegNet (Xu 4§ , 2023) L J&
MobileNet-V3, 525G 45 4N 7 it . 76 Fr A VAL 45
pR_L, MobileNet-V3 27 Ji 8 H i BCHAIA R (1 P4 fE
YE 4 MobileNet ZE J 1 B O, AR K T Hi AR
AR B)TREE ] 73 B B MBI 3R 22 45 i i, i 5 I A T
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B — Il A B (squeeze-and-excitation block ) 2 i#F
— AR TH 25 (R IE R K RE JT . MobileNet-V3 71
Ot R AR 1 Rl W2 T AR R AR
I, 7R 3C %% 5 MobileNet-V3 1E 4 J&) 3 45 1iF $2
Hgs

RT BEFHERBURIREH R R

Table 7 Ablation results of local feature extraction module

HRAY W OREEIE BN FIA
ResNet50 09343 09412 09419 09415
RegNetY 0.9413 09469 09483  0.9476
MobileNet-V3  0.9424 09477 09498  0.948 6

T L P SRR S S R AR A 2R

3.5 EEARBERRLST

kg JRE 7R A5 BRI X} 20 285 B AR v DR 5 IX s A 56
TR, A 30 3 Grad-CAM (Selvaraju %5 ,2017) , 43
BB i 5 — A BRZ W0 B AR AT L DL i
7 ARG BRI DG X R 6 JE 7R T AR B 44
FIE B LT AR e B . FTRAER
ARSI ) R DX s B LR R A3 A S s 1Y
B A XA, T W5 S HESL (Y Dyn-Perceiver £
X IROCHE b 5 A SO I A 2 G T L
A DKL ESRTETE R E A BRI A] L (H
A B A S B LA INA SO A i . 27557

27

SR i
MobileViT-XS

VanillaNet-5

A 28 MR B3 5 T R T AR SO R I RE S T
PR 2 1) KB DI, 0 ok 2 XN T 1 45 e A

FRGRTE T DhEs 240315 MR
4 i it

G543 2 R 6 T AT, AR SCITHE A 1 0 45 A L
A TR o 0 26 A5 4 2 BB TS B b DL RO B 52 IX 5
M) STE EARA R T el . 5 a LB MoblieVit-
XS F1 VanillaNet-5 1 b , AR SCH 8 43 25 M6 A
BEMEETE i H AR SRR R R TR A
% MoblieVit-XS, MoblieVit-XS 5 74 3 77 ¥k — FEfl
AT CNN [ Joy 0 I8 A7 B R VAT 1Y) 4 Je JaR sz 187, (H L
CNN FlI ViT B2 B AT Y, 17 AR SCI AL TR SR T 9F:
T8kt o XA IFAT A 145 CNN I VAT 43 3 S
57, I8 S 2t 28 R R LA T A RS L, AN
FELRRF AR 53 12t 1 [) BF SE 00 2 A 34 B 4D , A=
BUE 8 M RRIER R . AHLLZ R, VanillaNet-5 (T
JEFET CNN P ] B2 IR G5 A SE 3 T BRI S 4k,
XA AR AR AL B R B 2 T LA S AT 55 B RE )
ZR

5 R 52 5 5 A ) AR-Classifier £l DKL
FHLG, A SC R RITE 2P e LA P27t B 7E TR
w S HGE A E B . AR-Classifier il i
I FH 224 B0l v A S A SR 18 5 o AS i) 2 £ JXUAS )

Dyn-Perceiver DKL

AR-Classifier

K6 FTA XTIk i = 1A

Fig. 6  Attention maps of all comparison methods
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RUEE b b BRAN R4 15 8, 456 GLU M 1 AL, A5
RUAT DAAR IR AT: 55 75 oK 20 285 b ) 8 e Ak i ) 3o 6
I AL T2 SR A B $ B i 22 LT L
FLCA . ZHLHI e 114 Jay Al Jmy B RRAE 22 ] 4R 47 T
IR R 28 ., 38 o 2 v 3R AR i R A5 B A R
B SR AR IR P AN S R AR S5 R 2 1] ik
FIP-A , DTiH AL IR 1 g

SREARSEAIM 5T T EL M HIT GLU,
IR H T MobileNet S [ {1 2 %t At 3 4, (AR
WS BRI AZAT MobileViT-XS A9 3%, 3% 1 fiE
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HERNIESBUES ERCRAE W3, B oy S a3t
GRS (S S -Wik: Y AL ki N3l
A BRAYHE 0T JC R ARy Z ik — DAk P 5k
LB R AR

ARSI T A 1 O s KD RE L AH I
RS VAT e i — D iE . Kok SR T ARl 2
I B PEIG TT  45 ) R 40, W AR IR WSTEAT U1, £
RGBTt AR T D . MR AN ) 26 8
PSR 2 W 1 52 i A8 B TR0 A1) 2R 4, 3 3 A
TR A BT 5 P43, DA T S5 IR B8 PR 1) Jo £ 1
i o WEAN LB TE I AT A R 2 W 4 T 4 4
PREMR AR BE12 WSk T AR b, X5 A 1) o B R
B EAT Oy i e , 0 Bk T R 52 Wi Jy 5 B0 02 R 12
AR 5T et PR, DA TR (A2 W 1) ] S PR FORS JE

5 & it
T SEMEAT D 50 TR A R i B R

T3 LR JRER, LR AEAR LN R 50 207 AN 2, R 3C
B — T 4 et o PR R D 32 22 20 R Sy 4

Jai S .28 H Rl A W 4% MoLiNet, B 5%, 51 % 2H 4
PR UL o5 i UL K 4E BRI, TR T —Flolr
() AL B E HSVEF , iR AE HSV B 6,25 (1] v 45
A Canny ZAGIHE A, DA 58 X 488 FRAF 1Y 56 12
W R IR T Transformer 1) MGL-Trans #5535 , Bl
TR MR B AR T R ) R A BT 9 15t 2 MobileGLU.
MobileGLU %545 T MbConv Y 8] 5% 2% 45 ¥4 A1 GLU £
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