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Abstract; Sow body condition is an important indicator for evaluating its production performance and
guiding accurate feeding. In recent years, machine vision-based body condition scoring has received
much attention. However, since most of the current studies rely on two-dimensional images and human-
defined geometric features, the two-dimensional images are difficult to reflect the rich three-dimensional
body features of the pig body, so the dimension of feature extraction is limited. At the same time, the
limited number and dimension of human-defined features make it difficult to include detailed features
related to the body condition, resulting in a large amount of information loss leading to a low scoring
accuracy. A 3D point cloud dataset was constructed by deep vision technology, and a class-balanced loss
function — representative surfaces ( CBLoss — RepSurf) sow body condition scoring model was proposed
based on the class-balanced loss function, which automatically extracted high-dimensional features related
to body condition scoring, and realized end-to-end sow body condition scoring. The end-to-end sow body

condition scoring was realized by automatically extracting high-dimensional features related to body
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condition scoring. Tested with 3 093 point clouds of 57 sows at different stages, the results showed that
the accuracy of the CBLoss — RepSurf model was improved by 1. 54 percentage points compared with the
RepSurf model without class-balanced loss, and the scoring accuracies of sows at empty, late gestation,

92.50% , and 85.50% ,

of the sows scored based on the features of body mass and body size. Compared with the body mass and

and weaning stages were 94. 87% , respectively, which was comparable to that
body size characteristics of the sow body condition scoring method, the accuracy was 6. 30 percentage
points, 7. 00 percentage points and 0. 36 percentage points higher, which can achieve more accurate

scoring for different stages of sow body condition and provide feasible method support for the automatic
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scoring of sow body condition in large-scale aquaculture.
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x5 AEERZNHASEERLTESLERITE
Tab.5 Comparison of body condition scoring results of

different models for sows in non-pregnancy %

] iRTIES GRIES [EICES F1 3%
MLP 50.55 10. 11 20. 00 13.43
MLR 82.77 74. 83 72.77 71.65
SVM 84. 44 82.78 76.76 77.45
XGBoost 88.57 87.58 79.73 77.48

XGBoost HRBLIT 7315 B 38 it 44 1 22 A He SRR O
AL , A B B AR 1 A R g 2 A0 7 22, 3 1Tz Ak
AEJT . AR, XGBoost 51 A IE | Ak ML il A 2% Bij 1k T
WG MZ T, MLP BR8] e 280k 2 il
GEIRE Y B A R iR e A e A E . MLR R
R BB AR LM S R BE I A R, SVM
B B AR 7326 b AT D Fe, (EL T X A o A A RO A B
W Z I8 B 52 2% 58 R AN A XGBoost R 3K, I,
XGBoost FE Al H 5 K 4 £ B~ ~J HIL I A IE ) 4k £
AR AR BLE AT 55 P R T i HERCR
3.1.2  XGBoost # Y 7E A [A] B BL P o3 45 4

123 VR XGBoost (R UL V173 e AL A6 Y A L Al L
i P 4 R 391 A W A SRR AR AT I AR A T R
6 Pn . R 6 R, A U U 3 A BT 3 S AR A
D XGBoost (RBLIPF 73 A5 RUAT) e B M R 4 1) 3 1
Mo SRR A IR R 25 8 b () 25 PR 3] S0 6 45 2R R A £y
R UIBR e FREEAS T 2 AL BE Bl . W g SO0 468
RURTHA % T B, W] RE PR A [7] Bsf 90 4 0 A8 £ 52 2 A e
WA BB IR, BRITE , XCBoost F A4 a1 1T
R I TR] I BE X 2 B A — S 3 e

F6 AEMBREHEERITESLERITLL

Tab.6 Comparision results of XGBoost model at

different production stages %
A B e % i % 1 ] & i
2= 88.57 87.58 79.73 77.48
IR 5 85.50 83.55 76. 82 74. 83
RG] 87. 14 66. 36 71.04 66. 96

3.2 ETEHEENRZMNEEmM
K RepSurfMSG 59k , 16 25 M 30 & 3% 19 £ L
R ELfl} b JEAT IR 27 ), 41 X AN [8] Bir B ) B4 53
VST T R T R 2 0 IR A AL SRSk T
AN o AT LGS M B I G SR, AT Uk IS S5 R I g A
R PEREA 22 A K Al W, il o i = BES M — E
L DAY 0000 5 M JBE B, A D 0 A5 AR Bl 7 U
g, BT IR B AR TR T R R BT T 1
%7 FELFH B RepSurfMSG BE 5 BH fi 45 R
Tab.7 Backfat estimation results of RepSurfMSG model

for different production stages

AR HOPRIR R E ReRE BiR kE
B Bt #Z/mm PHARE/% iR2E/mm Z/mm? R
25 R 2.37 13.01 1. 84 6. 38 0.61
U IR 5 0 2.12 10.29 1.71 5.13 0.62
475 40 2.11 14.78 1.65 5.23 0.51

3.3 BEEHA=NE
3.3.1  R[A| o B AL K 25

K &5 4 E) B EE PointNet , PointNet + +
PointCNN # 37 f# 14 i 2= 43 HI B AL, [6] KP — FCNN 1
= BB AT HEBE XS b, S5 R ER 8 s, Hofr,
KP — FCNN AR A 58 R 3 4 Bl 32 F1 43 %0
138 9 b A )3k 31 98.99% (94.70% ,93. 94% |
94.32% F1 94. 07% , }1%3 T> PointCNN |, PointNet + +
Fl PointNet $LHY | 7 £ T 48 45 |- ¥ 3% 9 fe L KP —
FCNN 7E A [0 38 | 1) R BB R i, 32 iz R 8 7E
TEAR U T H AR (D) J5 1 B 34 I ROR

£8 ATRESEEBMIXERI L

Tab.8 Comparison results of different segmentation

models %
i MR KR BER FL 8 CFREIR T
PointNet 97.52 94. 44 81.65 87.58 87. 60
PointNet + + 97. 82 94. 17 84. 80 89.24 89.09
PointCNN 98. 05 93. 65 89. 10 91.32 90. 93
KP - FCNN 98.99 94.70 93.94 94. 32 94.07

KP — FONN 2R ] 0] 722 1) = 4E 45 FRUAZ #E A7 R i 4
W, X P T L [ E 45 ARAZ B RE R T 1 10 A [A] =) 3
DI B A5 2 A, TG 5 1 AR AR AR MRE 1 o LAt
KP — FCNN e 45 Bk 2 42 40 48 ) 20 W 408 3, AH 4%
HAAE R R A A K S afe 4877 %5, 78 100 4 58 25 20 A AN
PR A AR B 1 SE PR g b, R B SR A
PRI A
3.3.2 FUEAEEX T FIEUR A R

AR E 1E X KP — FCNN 73 5 4 5 1 fig
A RZ I, o3 U 2R T 6 5 B0 5 {0 30 0 A ST, LA
FAL A7 B T AR 2R Nk 9 TR



% 6 3]

JHET 2 T R 5 2 24 40 G B R R BV 20 D i 265

x99 HTHERBESATHREERNTBEBN K L
Tab.9 Segmentation model test performance with and
without color channels %
] R KR HER FL 8 SFHEORL
R @M 98.87  93.94  92.09  93.01 92. 86
i B 38 T 98.99 94.70  93.94  94.32 94. 07

H1 2 O FTA, ANl B0 000 ) AE 2R v R NS
A BIR FL 38O AF 3529 He B B 38 T8 A
434K 0.12.0.76 ,1.85 . 1.31 1. 21 A~FH 43 .,
Hy g Al UL, Al B0 58 1 B KP — FCNN 335145 Y i B
I Y 2 F R E

K7 B T )Rl e FIRCR e B 7a K
SCARAE, B Th Sy B4 3 G (9 KP — FCNN L 8 7p
IR B T e S ANl B8 3H 1 KP - FCNN 8 7y
FIRR . R B, 2 A A8 0 3% R A O o f 3t )
H A A, 32 S R B A O B X A B
A P TR 3 RO B B AR A o SRR A
055 PRI 122 30, TR R B AR L B9 20 Sh 2 i O = BUB 0%
WIS = SEE S s ME, T RCB EIBR &R
W 7% il A RGB R AR A A5 50 Ji2 B i 5 08 9 2 50 2%
Heo R (Y 38 26, o H AT 75 o8 7 B 45 8 Y
B B AR

(a) FRICME (b) A EEIE (o) A EETE
T G 3R A 3 4
Fig.7 Segmentation effect with and without color channel
U8 VR B A A SR 2 il i, A LZL AR A
S5 B MR RS RS T o HOXME R L PRI, XA AT B
0 T AN B0 38 A ) 20 A R R B AR Y R
REASHEAT R B A Y, 4R 5 Sk 29038 8 B B JR) 70
o, IR B R S5 R Ik 10 BT .
10 THEBENMAGTHRBEERIBZHIBNEHE

Tab.10 Local segmentation accuracy for models with

and without color channels %
A 35 3 TR
AN 0,3 1 81.92 83.79
3 T 83. 84 86. 87

Tk S Y JR 35 43 ) A A € 3 R R A o
iR K 83.84% , A & T A 45 B (0 3 i A R Y
81.92% 42T+ 1. 92 4~ 43 s o 7EFEHB Y Ja &8 43 )

Hh 7 B0 T AR AR 1Y I R IR F 86. 87 % T AN
P (7, 38 0 A5 0] Sy 83.79% , LU i AR 3. 08 AT 4
Mo I IHRT UL BB BT (0 38 T AR R A Sk 9B I
{1 Jr 08 3 S R fy 3 A A T AT BT AR, (H A 3
TN AT B A 2R A Sk RV S DX e 2 ) P e
JE B B e A
3.3.3  pEIECR

eI R A A T IR S RO SR AR TROR S A
[ 28 25 I AR A, F T KP — FONN 8 A 5 25 3 8L
RUEAT 23 &), PR U IR RT R S 2R BRI RS &
AR AN IEL 8 B s, 0 1 ) B 4 1A A e i
T, VA S R A ST N B A A o e AR A
ROV 7 4 IR S 25 T L BB AR E R AR B AR AL, O B 4
PROLVE o> BB A T ORS 0 T SR A fT A o S IARTE A T
BET, R R 5, & B & k. (A
I, 45 BE AT AR S A R A A T L RIS A
oAb 2L R, 3 TR b BRSCR AR . B, 4y
W L 23 BE NS 0 2 AR A PR R AL, (] I 2 8 8 0 2L
A — LS GBS KRS .

(a) RS S = IRHLIE

() RS R = AR
K8 o HIHCR
Fig.8 Effects after segmentation
3.4 ETR=HERTES
3.4.1 CBLoss — RepSurf $F 4345 %I 0 3% 4%

3.4.1.1 R[FEEAIXS EL

AL T2 Mk m o> R0 Wk PointNet + + |
DGCNN F1 RepSurf 514 7K L 3753 #2281, [7] CBLoss —
RepSurf £ 4% (R B0 IF 43 B 47X E L 25 V1 351 55 4 )
R RN 11 fr7n ., CBLoss — RepSurf #5 KU [ 4325
TERA 2 e oy, B AU SR 2 VR RE B 0, A Il 32 A0 FL 434k
TEPT A R A o d i, {3 FE RS B % |, CBLoss —
RepSurf £ #UAK T Repsurf £ 1 F1 DGCNN #E81 , H
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Tab.11 Comparison of test performance of body
condition scoring models for sows in non-pregnancy

%

e WERR MR HER FL M
PointNet + + 82.51 79. 41 74. 06 76. 64
DGCNN 92. 85 92. 81 90. 76 91.77
RepSurf 93.03 93.79 91.18 92.46
CBLoss — RepSurf ~ 94.87 92.74 93.93 93.29

1% 55 7 1R 2 0 T 0% K 19 06 2, 8 0 I R ok
R A T A 1E 2 B A0 RS 1R I LR RAL, = A
[ e 5 WK 2 A5 R 4% 4% R 43 L OE Y IE R AR
T 4 19 1E SRR A ER D o AR BLIT 438 % T8 S B
(1h M 73 A B, R S I RO AR B R A R 0
B AR A 328 U AT A R 0 S AR AR B AR T o B2, A
I, A [ S5 R AT

Shy S WA M DA% B R 1 R A B 4 A A5 0k
GERBIRIE M, Q& 9 fif /R . CBLoss — RepSurf 5
RITE ) 43 1E B 09 A SRR A B, S804 i o 1210,
461,204,106 1 129, ¥y @& F H fb £55 AL, {5 BH 4
(False positive , FP) {H J& JF 4% 2 4% H Bl A5 7 152 41
A ECE BRI VRN B DOTR AR BEOL
[a] & ,CBLoss — RepSurf [ FP {873 5l >~ 34 .34 .26 .7
13, 4% 114, M2 F, RepSurf fil DGCNN ff
FP S50 2 155 A 159, IS EATR FPEE &,
ARG B R HE & . RN 7E T, RepSurf F1 DGCNN 7£
PRBCPEAr A 1 A2 (4325 rh FP AR T IX 2 EMEAR
i MFEA Y 48. 16% F1 24. 00% , Wit ¥F4> R 3 .45

1 27 | 12 5} 9 1 46 | 15 8 2

2+ 14 | 461 | 12 1 3 2132 | 450 | 4 0 6

g e
K 3 16 6 [204| O 1 W3F17 | 12 | 198 | 0 0

( m
40 | 0| 1 |106] O 43 | 0 | 0 |104] O
54 |1 |1 |1 |129 5F8 | 6| 0 | 1 |121
1 | I 1 I 1 1 1 | 1
1 2 3 4 5 1 2 3 4 5
JEBIILEY T

(a) CBLoss—RepSurf

l 42 | 10 1 1

(b) RepSurf

l 99 | 41 4 20

237 | 449 | 6 0 0 2138 | 438 | 10 | 3 3)
= o
# 3F 31 11 | 183 1 0 j[?<3* 19 | 63 | 138 0 7
' gt
4F 3 1 0 |102] 1 4F 11 | 15 5 76 | 0
5F 9 4 0 1 | 122 5F24 | 27 | O 0 | 8
Il 1 Il 1 Il 1 Il Il 1 Il
1 2 3 4 5 1 2 3 4 S
Fai(E Fmi{E
(¢) DGCNN (d) PointNet++

B9 2 VR RR AN TR A 2R AR B0 07 43 0 3 5 R IR I
Fig.9  Confusion matrix of test results of different models

on non-pregnancy period sows body condition scoring

PIFEA SR, P R4 FP R, (B K M ( True
positive, TP) 4, <, X 45 # K £ /N, 1M CBLoss —
RepSurf 7 1 1 2 4325p FP /N, 7F 3.4 .5 4325 FP
RAHKEESF 2R TP 7 H /N, R IX 228 FP X R
WS R, S EE AR, B, /R4 CBLoss —
RepSurf (45 5 %4 RepSurf Fl DGCNN 2 /41 4 5
i, H AR Ul B AU RCR T 220 M FP BBLF,
CBLoss — RepSurf B & 510, By L 52 B 130 ) 25
CiEEaS

Hi 181 9 F] 1, CBLoss — RepSurf A5 £ 7E X £ £k L
BN R % 53 2 DX AR o A e 34 0 T H Al A R %
P FEAE P AE A EATE N T M2 19 2 26, SEPR
ROCEE S, 1 2 VR AR A S 280, RepSurf
A DGCNN #5870 T ) 48 15 F B P 7EIX 2 442K,
27 T Al 1) FEAR Z2 1 532 R A 1 A 2 BF
O3 W AE AR 00 50 SR A, AELG FL A P o FE AR 2%, &
AR, M Z T, CBLoss — RepSurf 3L 8 {4,
K151 A CBLoss 24 5l P 45 2 oK, Ao 450 75 151 0 S flg
A Z2 12800, A b AU /A i S AR AR £
F& T X5 AR B VE 43 14 B i M RN S AR P BE
3.4.1.2  A[E BB o> 45 R 0 b

TE25 3] CBLoss — RepSurf {4 58 31 73 fi 0 4 1
(LA b, T8 I B A ) O il A IR i 3 R O
WY Bl L AT BRI S, A5 R 12 iR, 4
% J5 1] CBLoss — RepSurf 4450 P73 B B HERA 3 A 1
A B FL 538003 Bk 3] 92.50% .92.72% |
93.02% F1 92.86% , [f] =5 P51 14 AE #5 F- AH L Z
T, W A0 AR Y ) P R R X A 22, 43 Sl 85.50%
76.18% .88.67% #11 81.95% , X Al e =M T &5
TEWT RN 2 5 1 43 W A 3L, 5 BOS IR B AR AR 1K
DUV 338 3 O 0K o [7) IR BT 4073 300 110 4 0 5 90 4 rh £
TE ™ F R FEA O3 A ANV AR DL S0 N1 ~5 By REA
5 g 3 o 58.27% .20.87% . 15.65% .5.21%
MO0% . JL4 it CBLoss #E 4T 1 #E A 1 iy 14 1 14
B A AN AT R AR B OR 7 A T AR F R

F 12 A[E M B CBLoss — RepSurf # 2 i 45 R

Tab.12 Test results of CBLoss — RepSurf model at

different production stages %

A B B W R LIRS PEN RS F1 534
== R 94. 87 92.74 93.93 93.29
WEUR 5 92.50 92.72 93.02 92. 86
W87 473 44 85.50 76. 18 88. 67 81.95

AR A 0 25 2R AR R T A IR S A T 5 )
CBLoss — RepSurf A0 43 R B TR B FEL R, AN 10
JE7R 15 W b R R T B 2 T 4 SR 0 40 A

SR E L2 A I 300 10 B R R X fig 2k b 9
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t i

\
4r- 5 6 2.0 4F 0 0 0 20 0

501 | 0] 0] 0 |39 5F0 ] 0|0 ] 0O

L | 1 L 1 1 1 | L L

1 2 3 4 5 1 2 3 4 5
FRE T E

(a) LRI (b) W34
10 AN [ B B B A 0 7 23 I X 95 2R 1R - 6 B
Fig. 10  Confusion matrix of body condition score test

results for sows at different stages of production

FEA SR A AR 115 3 38 WAL U o 2o B 0L 45 ) A
AR WY 4328 b, R R X S A b ) T S
TRBLVE 3 AR A B FRAE o R BL, 4 O 5 301 A0 1 4% 0
() CBLoss — RepSurf {4 % 3 73 85 ALK SR O/ 47 T 3¢
G E R PE . B W5 1Y CBLoss — RepSurf {4 i
Oy AR ST 1 B RE AR W £ b B R )
KRS 2.3.4, BARE =500 16 .8 13, X &
LEER T T RCR I, X JE T AR A B R
¥t .
3.4.1.3 TR E AR R AT 5 = W4

K 2 Bh 5 R AT B AR BT 43 - O DLt
SCE AR A AR RO S il RRAE , 38 i XGBoost 5
RUBEAT BERE AR LT 730 @ T i =, i A 342
B 4E B 4E ) CBLoss — RepSurf 455 8 Yk £ 5 AR B0 37 43
A2 FhVE 4 T B AE O A B B i 45 SR 45 X L,
# 13 i,

13 ETHREFRMETRAZMNESERITLE
Tab.13 Comparison of scoring results based on body

weight body size and based on point cloud %

AP B FEAE HERRE RRR AEE FlL A%
o RN 88.57  87.58  79.73  77.48
A mn= 94.87  92.74  93.93  93.29
RN 85.50  83.55  76.82  74.83
FERE PN 92.50  92.72  93.02  92.86
y R R 87.14  66.36  71.04  66.96
Wi Mz 85.50  76.18  88.67  81.95

1 13 AT, T 08 o 1Y 07 VR TR ME A R RS A
B S TR 1 O W o G VS 3 i e S N TR
R Tk —J5w, M SRR i i i vg
Vo M B RS — YRR B AEAR L, R B
S BE A% 2 WA MR A 1 5 105 25 R AT 7] IR RE 65 2 AIE 4%
AT BB 2 2 = 4ERE AL . 9 4 S A 16 5
JE R B AL A S A R Y 5l S R A L
W B SCHERR . E3E i CBLoss — RepSurf £
B B4R IR 2 i s AR AR AR [ SE SR B

SR RURRAEAR e, P20 HERG PR TR S . 5y — 7 TE T
M.z W) CBLoss — RepSurf #5471 1T £% *2 ] fE J1 B 5k o
I O 40 R bR 273 3 4 R JB A RO AE R /N T L
i oE A BRI IR B o 2] Be ) 2 B A U 7 4 R S 4
FT I I 1A DL VT J3 v, BE T 2 0 TR B 2 ) AR A
R T AR
3.4.2 (KBRS 4

BRI vh Y 25 A0 48 KRR IR IS S
LRSS WD) 4 SKRESE , 0 Jil i BE TR BT A AR R
1 XGBoost 1 R Fl 3 F 5 = i) CBLoss — RepSurf 1
RYBEATARBL VP 43, 5 RNk 14 FoR., 3R 14 W] L)
AL ET AN LS ETHIER I AR 3
B BeREAE T o 45 R A 22 3 Sk, BB 5. 26%
BE TR BT AR R P23 J7 46 5 3 T BE R T EE At 22
8 Sk, i LY 14.03% , R L, B T s W 77 ¥k 5
THERINERE MG SR EZ RN . WA
7] 73 ROV 45 RO R, LT 8 2 10 07 15 ALEE 1 79 8
W7o R 1 ~5 Sy R ECE 221650 % 1.1.0.0,
1Sk, AT R ¥ 2] o INBESE AN [) B B3P 3 2 1 45

RKRF 25 VIR BT A I 300 B A B sy A v 1
— 5 R IR T 25 R IR R B S RS %, o5 — T

THT A 5 e AR S 300 R0 BB 4% 300 £ R AR R DN e AT
G A RAFTE — B REPLIE N R . BRRE
Tz BB R DL VT 43 R A5 AR S e A~ 4 37 1
UK 5 e K-
®14 FEMBRITSERGIT
Tab. 14 Statistics on scoring results of different

production stages
.
B B FER- J5 i

Loy 25 34y 45 54

5 27 11 5 2 3
23 PRI 48 MAFTEIAR 26 14 4 2 2
o 28 10 5 2 3
I 1 1 1 1 1
U iR 5 4 5 HEEAR 2 1 0 1 1
N 2 1 1 1 0
I 2 1 1 0 0
187 373 481 4 EFEERER 2 1 1 0 0
S 2 1 1 0 0
BT R WITEE N 1 ~5 90 R BUE o

B 32.12.7.3 .3 3k, H RS 1 4y (9) R 2 43
() A BE R B 4 22, T DL AZ S 36 0 39 vh W BE S
PR VE 23 3R, R B ARl 922, 41 O PT 4 TR A0
B 0 ) M
3.4.3 CBLoss — RepSurf & &I 45 1F v £ k,

T fift CBLoss — RepSurf #8571 2% > 1| T g 14 (1)
WP 2L AR AE, HE ST T OB B N A S TS B ( Gradient
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weighted point activation mapping, PAM) ™' 2% 5.4
BT BT PR i 20 3R 7 A B R L B o 900G
AR DX I, BT 4k i R s R A A A 8 Dy B R B AT
DI, W5 3R R B D O i X, 2R
TE R VR 0 36 HE DX S, 17 A DX BB % 3R AE 4 1K
98 = A 4 RRAE (9 F %2 X 3, CBLoss — RepSurf
TR 18 ) A 2 8 R DX B O B AR AE o 7E RS R R
(AL N = = P T 4o N N i R A o
TSR 21 BE A5 4 T S W A AR R 1Y 45 A 4k
JE R O A RCRAE o W AR R, T 03 A AR
T AR — 0 114 300 5 DX R R S A0 A A X B, T
AR B R R P 38 R A 2] — ) Y 4 AE BD AT o i Ak
WO 58w 15 2, DRI 20 W g — ) B 14 301 25 ¢ AR
A TR E D T OCHRAE, 7 WL, CBLoss —
RepSurf {4 B¢ PF 73 86 B4 52 8] 1 % A4 (A B 2 A
5 W) A G BERRAE

11 CBLoss — RepSurf {A&#L 7753 KR ) PAM
Fig. 11 PAM of CBLoss — RepSur body condition score model

3.4.4  HHARSCEOTTIEXT

AT RS AR DL PF 2 F 58 KB o 2 26, sk 15
Pz o — 2835 T N SCHY A 58 0 | TR A 3 46
SR (A E S (TS| K NSV A el L1 DI e e
R kAT RGBPRMG, i VR 2 ST
AT AR B PE S 2

®15 HSHMXHITLER
Tab.15 Comparative results with other literature
T5 ik R T FEAESR B X FEAE E- R WA/ %
SCHk[27] Bl 2 > R NT5E X T 0 3 T L R e AR Rt R AR WIEEIR 91.70
SCk[21] B2 ) B ANT5E X RETRC L LRI 5 1L RGB 1% 93.13
3cmk22] TREE 2 ) A B 3l 1 Bt e A R A RGB 1% 80. 06
A3 WRBE S BB EE=IF73:14 P v 4 R A Mz 94. 87

BT NN 5E SRR AR Y J5 3k X R R 2 S 4 JE
SR ARMERE SORR B N1 R o [R)I, BILAS ° ) A
TR AN TRV RFAIE ) PEL 5 BE 7 32 BR o 30 a9 32 2 > A 7
REAZ A 30 1927 ) B 5 A DL PP 23 AH OC 59 B v A s 4 15
A ARAIE , A I 7 3 3 AL % 0 R A B 0 A DL 3T 0 T
TR 7R T B A S . i RGBT IR
DUVFAM 715 o T 4 TR ORE 05 32 38 1 R AE 4 B2
52 R, PRI [ BE A% 3 1K 0 1R 52 J AR BB R iE 19 1 5 A
Lo, PE S M R

4 it

(1) Mo AR R[] A 350 0 43 22 [ A 78 AR G
BT AR A M v R L e A Y
XGBoost BEFE A B PF 43 #5784, 25 PRI | 4T 4R J 300 0 187
W ATE S IR R 350K 88.57% .85. 50% F1 87. 14%

(2) #a  14 oi B s KP — FCNN 35 2 43 B AR 7Y 512
MTHEERTRMEZRMES TS 0%, B
TN B2 35 %) 98.99% |, W 25 1 T I 48 i 4 = 43
R, 5l ABEME B T A RS 6F LS, B8

R BE AR TR 0. 12 A1 23 A, [5) i X S 200 308 1 8 2 A
J R GETH I A5 A s, B0 A5 B A SR 3 DX i
[ESISE AL SN

(3) BE XS PR BLF 23 B AR B A< B2 70 A [R) AL, 2
(02 TR 5 15 0 5 = 19 28 1 2 17 451 2K 1) CBLoss —
RepSurf {A&BE VP43 BEAY , ST B T B2 AL 58 14 B 4
PRI A ShPEoY o [R5 M o i A RUAY A B3 53 O vk
M, ET R Ik ke E L. 5ARME
ol 143 0 450 O AL B A LG, vE AR AR T 154 A Ay
Mo ZE VRN AR S0 R DR 40 304 BT 3 oE 6 R O3
Hik%] 94.87% .92.50% F1 85.50% ,

(4) BT =4k xi = WO T vk 5 2 T IR
(7 2 e VT 43 M 22 5. 26% |, [l B, X6 R[] 43 BT
PR ZE S BUN, ER A K A O SN T
st Bl 25 P A R 00 A0 T 5 300 A D B B B A B A
IR o 1245 2R RE A St BRSSP L 23 A1
KV, S AR 57 B rb B A B4 A 7 P B T Al ARG v
TR SR AL T M SR, X B T A BHK P AR 7R AR
HAEEE
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