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Label Assignment of Ellipse Gaussian Heatmap for Parathyroid Detection

LI Yi-Jian', LIU Wan-Ling"?, CHEN Fei', WANG Bo’, ZHAO Wen-Xin’

'(College of Computer and Data Science, Fuzhou University, Fuzhou 350108, China)
*(College of Intelligence and Computing, Tianjin University, Tianjin 300350, China)
*(Fujian Medical University Union Hospital, Fuzhou 350001, China)

Abstract: Anchor-free-based detection methods have been proposed successively in recent years, and they transform
objects into key points and assign labels to positive and negative samples in‘ the global Gaussian heatmap. This label
assignment strategy suffers from positive and negative sample imbalénce in some scenarios and cannot effectively reflect
the shape and orientation of the object in parathyroid detection. Therefore, a new parathyroid detection model, namely,
EllipseNet, is proposed in this study, which first«constructs an elliptical Gaussian distribution in GT to fit the real object in
GT, so as to make the assignment of I;OSitiVG and negative samples more fine-grained. Furthermore, a loss function
incorporating the object shape information is proposed to constrain the position of the object, so as to improve the
accuracy of detection. In addition, multi-scale prediction is constructed in the model, which can better detect objects of
different sizes and solve the problem of target scale imbalance in parathyroid detection. In this study, experiments are
conducted on the parathyroid dataset, and the results show that EllipseNet achieves an 4Ps, of 95%, which is a large
improvement in detection accuracy compared with a variety of mainstream detection algorithms.
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R ‘ & e

Size = {(wi, hy)), i € (1,2,3,4) (13)
FL A PR 50 23T 24 A58 e FO 8 — AR 2 T,

NS 1 R, HEE AR 0 TR AR B X,

H GT XIHAR K AME 7 3 5 4 A4S REE RN AR E 3t

17 ToU HYTHEE, SR ToU s KA B2 0 RUBE, R 1% B &

Xy iz R, FEIZ R R B RS R B AT AR

2653 P A B 24 O T

Sk 1 FRRBUN R 41 0

SN FERX, SO BT H BRPRE GT, Bl AR LE - Size.

St - RO I TR .

(D XMatchScaleCalculation(GT, Size);
@ max=0, k=0;

® for i in range(4):

@  temp=loU(GT, Size(i))

®  if temp>max:

® max=temp, k=i
@ endif g \
® end for .

L EIRRAE, LRI S M2 1 R X, ol
73 TE B0 LK) RUEE py BEAT T B AT 35 % T (wi, o)
T 55 HL 0T L 5 K PR ALE P A o, FEISRAGL N/ H A %
T (wa, ha) T 5, HXH R f5e /N FRRFAE B HE pa, PSR AGE DN
KHF.

3 SEER AT
AN SEF AR5 T I HR 55 BB 48 Bt AT
155, DABSE TR i) EllipseNet F8 45 2.

T, XSS SR A AR R AR 2 AT U B IR, DA
CenterNet & baseline #F47 i @l S 56 A be SR E6, d@ it
AT S IR R RR, B8R A SC T H 11 EllipseNet £%
HULE HUR 55 A I o B R 2 A I R
3.1 ZWEH

1) SLER IR : CentOS 6.0 #:4E 24, Intel(R)
Xeon(R) CPU E5-2620 v4 @ 2.10 GHz 4b#25, 2 Bt Tesla
P4 GPU, Python 3.7.10, PyTorch 1.6.0.

2) HUBSE: 9 T 764V AR A EllipseNet £y
Pk RE, A% SC R 2 SE TR 7 S 9 TR 55 1 B o 42
(parathyroid da‘ta‘s!i:t) HEATEE, WE 7 fis. &EdE4E
fIbRaE FE AR B2 RS2 IR 8 B R 2 B DR IR ARG T
LSERR . %A T 458 B T B BRI T R o i B
166 151l fmy i ARAI, FEXT A4 H ] B 3R 55 R 1 B
HEAT AL, Hhi o B AT R B AR R A
P 13740 5K, JF4 M 8:1:1 BEHL A IDUE BOll 2k
£ BTEAR R AR,

7 HURSF IR ERESE

3) IZRZ 5 o N2 BB R R/ 512%512,
batch size Jy 4, W 2% Il 2k i BT A AR 4L 28 4 SGD
(stochastic gradient descent), %% ] # (learning rate) N
0.001, 3h & 23 (momentum) A 0.9, A E FE i R %
(weight decay) 4 0.000 1.

3.2 iFERR

AR AP (average precision) SRl AR 7Y i 14
RE. A TIUIAE 5 3 SEHE A2 9 bL K T — & BB I A
DTS TE A, A5 WA PRI ES %, 40 A Pso W B 227
1E5 0.5. K AP AE VTN i b5 78 B SRR IR = A 1
R (Precision) W [FIIN, 0 ERAUE =19 A [l 2% (Recall),
HoroRs R A A B R TR AT
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TP
Precision = ——— (14)
TP+ FP
TP
Recall = ——— (15)
TP+FN

Horh, TP AR TN O T2 2K ) IR AR AR, BAS I 45 2R
AR 55 R, SEBR 2 FAR 5% I, FP 37 A A8 0 F0)
RIERR SRR, BRI S5 588 FOAR 53 IR, RSN
5t FN R BB 000 o 57K 1 TEAE AR, BIAEAE
R 55 IR A0 V50 A6 A e I B e A A . AP TR A S
R

1
AP = f Precision(Recall)d(Recall) (16)
0

3.3 HRASEI

VRl SELG LL CenterNet 4 baseline, AR AN [ I #4
R MR 25 TN BARTERZ d 4 2 ek £
AR 75 BB 2 ROBE T R HE AT S5, FLARSE4H S50 i
BIGN R 1) 78 GT AR 83 ELARIEL 4 ) R A i CNV
(CenterNet-Vertical). 2) 7 GT N ¥ @ MR #1417 55
43 A ¥4 il CNE (CenterNet-Ellipse). 3) #) 2 51k 5] #4
J3 RS AR I TRV 5IN H BRTZAR 29 H 45 2K R 350K Ji CN'S
(CenterNet-ShapeLoss). 4) £ T Eﬁﬁ(%ﬂ:&k HAs AR b
By LN, 76 GT Hp A 2 Rk [ 1) #4 7 25 7 107 4%
i, I B R RS 5 o6 R 2 R
FA RSG5 1 EllipseNet F5. B BRSL IR 45 R I 1.

P R B RS ISR I A B (%)

CenterNet ~ GTX 1 T AR R WiAHEE < H FRTZARZ R4 2k ZRBEETN  APsy AP;s  APsog9s APy AP, 1iH]
v — — O — — 87.0 447 469 419 485 base
\ v o N _ — — 90.0 458 479 420 49.0 CNG
y o W — — — 922 459 482 425 492 CNV
N w ' N — — 937 463 495 447 518 CNE
v v — v N — 945 472 502 459 524 CNS
N v — v N N 950 48,5 512 47.6 53.7 Ours

SEih 45 B R, CNG. CNV 5 CNE 7E 4Ps, 1453
AL baseline $2F+ T 3%+ 5.2% Fl 6.7%, IXFW T 45
INER T R AT BT 98020 DR SRR AR 1R . 4%
RAE LA ARHM I 7E GT Py S5 KRR B ks #4477 A
S TE Real-GT b, 456 HARTEARFFAE D %A I 25
RO REAR, e S 1 g 1 T BRE A 1R AN P47 1] R
I HLH TR A [ 23 A 2 5400 & Real-GT, S A& HAx
PR TR T [e, RIS WK FE 4R T B . BRI Ah CNV

CNE £ & Hin. KHMR EA T ARRERNSE &, K

B T 1E anchor-free 7775 F0KE #4  sdy-Ai fe AAR B b il
FRE HARFEE R X 3L BG5S IR0 £
SFUREA™, TT LA M T R (A4 0

LYK, CNS 7F CNE HI3ERL 131\ T HARRIR 23
FIH R BB, 7E APsy AR LEL R baseline 37+ T 7.5%,
tt CNE #2717 0.8%, fE K Hbr H%5 Hirfebs Lt
AR TR 4R o, R T %40 2 B B A

CNS #1 baseline H4 I 2SR xT b & 8 Frs. M
G 25 (R SR X LT DL, A T AR R 25
(945 5k R 85T DL SE R A 5 B0 AR 0 AL B, R AT
AR B B AR5 G0 B, A AR 0 HE S WK 3 2L IF
1) H ¥R E Real-GT.
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(b) CenterNet-ShapeLoss

8 CenterNet 5 CenterNet-ShapeLoss F#: il % % b

i, 76 CNS FISEAE EnN 2 RBE T B, o
AR R e anchor-free 5092 5 R (% B 4 Hb J& )37 H
AR 55 BRAS I AR AE 1R H bR RBEAS P47 1] R, DL v
AR R /NE H b BOASRS B2, #4B% EllipseNet £2%). H
SEIG gk AT LA A, A SCRTHE H ) EllipseNet 15 8 7E
APs, T6¥5_E MRS CenterNet ] 87.0% $27F5] 95.0%,
T T 8.0%; 1EH 55 HFRIRIR APy MUK HAR AP 5
BEETHT 5.7% F15.2%. fHUL AT %0, EllipseNet B84 7E
ANTRI R /IS B b A 000 G A P 5 v, ASE 2R A W 2K
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i H AR SN A

RELT.
3.4 XfEESELE

T 785Ul B EllipseNet #5784 (RS 25 5L, AR S0k
535y F A B AR LS AT XS L A, R
EAFE P B E ARSI 57 Faster R-CNNL HLEY B H
FRE 519 YOLOV3, EfficientDet 535 DL K HiAh
anchor-free 57756, S0 HL&h R L3R 2.

2 ANFIRRAE R S5 IR SR A0 L SR IR 45 R (%)

A APs AP35 APs0.95
CenterNet 87.0 44.7 46.9
FCOS 80.1 36.2 40.4
YOLOvV3 80.9 30.5 31.3
Faster R-CNN 82.6 43.5 43.7
RetinaNet 84.5 449 42.2
EfficientDet 90.4 50.3 51.1
Foveabox**! 87.7 45.6 47.6
YOLOX? 92.1 55.7 533
EllipseNet . 95.0 " 485 51.2

T

M 2 AU Y, A SCRITE H 503 EllipseNet A
LT 28 S0 P B BRI $272: Faster-RCNN. L H BUR:
M%7k YOLOvV3. RetinaNet. EfficientDet. YOLOX
SEFERTINRS BB ORI B2 A3 7T EllipseNet A3,
454 FOIR 55 B iR B % B R R, FE 4G A A 7 ]
RIS figk, A5 A [T e S A ST AT A 2, S 2 3 ) 4 T
A, “BRGREAR . SAREA, I A I 2R S A
FEAR, BT b e 1E 7R AS 1 AN 48 o) R [R] I, T
e T R UK A A, AL R P RN R B AR TR 2 R A
2K R HCSE B i H bR 11 58 2 AT TR0 UE, A4S 5T A B b
WhIE B IE R B #5747 B Real-GT; 5 /5, EllipseNet 157
I Bl BCHE A B 3R 2R A3 B9 AN [F) RUBE ) 0 d0s, RiA

% REETN 43 32, Bt SRR KRS B, 45 I Al i

[y EllipseNet 5% 75 FO{R 32 i b iz 5 b AGERA L 24
HESTH T LRSTofe 1 A

T 2 A SR, T RIEHENE
HEPE, AR SO T LR S [ 3 SRR R BE F FROIR
F IR P TR, 25 S 9 Fr. o, 18 9(a)
KA RN FOR 38 9(b) T AR R A E LD
A, [F i PR 5 S0 5 2 1 R S5 T, H AR A
AR, 25 5 UK 1B 9(c) IFARTITH T AR
35 T, R0 T P O . AR M 2 SR PR b T LA 8, A
SCHEH A EllipseNet BT [/ FRE A/ g IR 3%
BRAETFAR TR . AT 78 1 LA S FROAR AR 7 35
e S — 0 53 2 47 0 A AR A R R TSR

¢ O FRT TR
b E 9" EllipseNet I ZR

\

s

4 R

AR SCTEFEF AU IR 1 FRCR 35 s M 7 o
B HH— A0 2 T 0 B0 40 b 2 4 SR, 32 T
W) EllipseNet B8, ¥ 46, 3T GT M EMIRTZ IR
{1 725 397 B MO 240 A, B KRS BE ML 4 GT HE PP
Real-GT, 15 1F G0 A< 143 B S INARALRE ; HCUk, AR
HARIEAR (5 B (045 2 B 8, ot bR o AT 205, 3
— 3B AR R T (KRS JEE; FRIERT, ZEAG LA T g e 2 R
TR, AR 5 58 M K0 0 /S 10 L, A
e R 55 R R 0 P A R S P £ e L. S 4
SR, S EllipseNet 76 APy EOK ) T 95%, 4
HJ5i 4% anchor-free 1l 83 CenterNet 21327 T 8.0%;
E%Wﬁmﬁwgﬁmﬁ&*ﬁ%ﬁ%mympx
S H, ARSCRRAE APy 42 THT 2.9%. 8.2, oG
fty EllipseNet A7 L F- Al 2 o 2= 8 (0 R 005,
WK FEE 947 AR AR FE 4 T

S 30k
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