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Abstract ; Knee osteoarthritis (OA) is one of the main causes of activity limitation and physical disability in the elderly. Early diagnosis
and intervention of knee osteoarthritis can help patients slow down the deterioration of OA. At present, the early diagnosis of knee
osteoarthritis is detected by X-rays and scored according to the Kellgren-Lawrence (KL) grade. However, doctors’ scores are relatively
subjective and vary from doctor to doctor. Grade classification of knee osteoarthritis is a matter of orderly classification. The ordinal
penalty loss function assigns higher penalty weights to the classes that are further away from the ground truth, which is more suitable for
knee osteoarthritis classification. In existing works, the penalty weights no longer change during training procedure, so the training model
often fails to reach the expected results. In this paper, an adaptive ordinal penalty adjustment strategy is proposed to address the
shortcomings of the ordinal penalty loss, in which the penalty weights are automatically tuned in reverse according to the confusion matrix
obtained at each stage (epoch). Furthermore, the performance of the proposed method is validated on several classical CNN models such

as ResNet, VGG, DenseNet and Inception by X-ray image data from Osteoarthritis Initiative (OAI). Experimental results show that the
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adaptive ordinal penalty adjustment strategy proposed in this paper can effectively improve the classification accuracy ( AC) and mean

absolute error (MAE) of the model when the initial weight score difference is small.

Keywords : knee osteoarthritis; Kellgren and Lawrence grading; adaptive penalty weight; convolution neural network
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Fig. 1 Knee joint samples of all KL grades and their corresponding criterion
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Fig.2 Comparison of ordinal penalty loss and cross-entropy loss

FEAS, Bt LATE I 25 9 4% 15, XF— > epoch Y1l 25 J& 55 B ¢
TEXT I A TR VA 6 P 2 R AR 9 AU I LA B X g
FIYIZREE FAanE 3 fr s, ol LA 2, i (3] R ) 96 A £r
BB IR T AR B S S ) A GOk 1) A

1 2 3 4 5

2 I 2 3 4

3 2 I 2 3

4 3 2 I 2

5 4 3 2 1
(a) 351 ¥ AU e

(a) Ordinal penalty matrix

HYAREE

G0 FIRE A BRI RS, — T i 0 5
R IV 0 5 ST A W5, G 4 [ 91 5
PUREE A 7 2 R 2 B BRI, I X4 4% 1 X0 I 00 7 4
S

LR 6 R 1
0114 8 1 0

qullnp 58 5 0
DI
& @

3L 0 5 36 163 19

—_

o
=y

41 O 0 0 7 42

o 12 3 4
BkRL
(b) YRH A B

(b) Confusion matrix

P 3 P8 AU P R A R s 141

Fig. 3 Example of ordinal penalty matrix and confusion matrix
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Fig.4 Example of adaptive ordinal penalty matrix adjustment
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Table 1 Knee KL grading comparison on artificial and
automatic knee data by different optimal networks

( Group 1 penalty matrix)

- AT R AzhE R

AC/% MAE AC/% MAE

ResNet-34-CE 65.0 0.653 64.5 0.656
ResNet-34-Ordinal 65.1 0.606 66.7 0.587
ResNet-34-Proposed ~ 65.8 0.559 65.7 0.556
ResNet ResNet-50-CE 63.9 0.681 64.1 0.656
ResNet-50-Ordinal ~ 65.3 0.576 66.3 0.586
ResNet-50-Proposed  66.1 0.520 65.6 0.534
DenseNet-161-CE  66.8 0.550 65.9 0.564
DenseNet-161-Ordinal  66.3 0.481 65.8 0.500
DenseNet-161-Proposed 68.1 0.490 67.7 0.489
DenseNet  DenseNet-169-CE 65.8 0.608 65.4 0.623
DenseNet-169-Ordinal  65.4 0.552 65.3 0.582
DenseNet-169-Proposed 67.7 0.501 67.2 0.513
VGG-16-CE 68.4 0.523 69.9 0.506
VGG-16-Ordinal  66.5 0.495 66.9 0.494
VGG-16-Proposed ~ 68.6 0.478 67.2 0.466
VGG VGG-19-CE 68.2 0.560 68.6 0.548
VGG-19-Ordinal ~ 67.7 0.491 68.7 0.477
VGG-19-Proposed ~ 67.9 0.494 67.8 0.474
Inception-V3-CE  66.3 0.589 67.6 0.547
Inception Inception-V3-Ordinal  65.5 0.514 65.9 0.479
Inception-V3-Proposed 66.4 0.507 66.8 0.477

P TR TR R EE R, FE 1 A2 g T
VI, 0T STRUR o 225 e A SCHE Hh ) 5 i
£ AC 5 MAE 55 LT E

3 54 PRGBS 22 MR B ECR, WEATH
SRS E AR I O RAE AC 1848 ER R AT E
23 W N TARTERORAY =20 AC 455548, 22 4 TP 4
Fetl, EATLIES, JLT A MAE g 5 A s
P I BB A SCHE 1 38 0L R I BE A5 A R0 [
ik MAE 4845,

L5 LR A SCHE I IS R SR I, B A TR LR AL
B ERACAEE, ST R, AT AR TR ACE 1Y
Ay ZERINIE AR SCIY I kT DO AR R AR5 19 0 B it —
AR S O T RG22 [ B R AR, )3 514
P 2T BAR BN T RS AR, BRI A SO
ATV X LA A S ek

*2 ARREMBEATIFNEIIBRETEHIE LW
FEKT KL 53R Eb % (5 2 A FIAUERE)
Table 2 Knee KL grading comparison on artificial and
automatic knee data by different optimal

networks ( Group 2 penalty matrix)

ik AT} A3 A
AC/% MAE AC/% MAE
ResNet-34-CE 63.8 0.679 62.8 0.664
ResNet-34-Ordinal 65.6 0.613 64.9 0.649
ResNet-34-Proposed  65.4 0.533 65.3 0.554
ResNet ResNet-50-CE 63.3 0.618 66.3 0.599
ResNet-50-Ordinal ~ 65.8 0.548 64.7 0.575
ResNet-50-Proposed  66.1 0.542 65.5 0.519
DenseNet-161-CE 65.0 0.556 66.6 0.560
DenseNet-161-Ordinal  64.8 0.556 65.7 0.537
DenseNet-161-Proposed 68.4 0.459 66.3 0.482
DenseNet  DenseNet-169-CE 65.8 0.638 65.7 0.630
DenseNet-169-Ordinal  64.9 0.566 66.0 0.577
DenseNet-169-Proposed 66.5 0.496 68.4 0.499
VGG-16-CE 68.1 0.489 68.7 0.493
VGG-16-Ordinal 68.1 0.484 69.2 0.474
VGG-16-Proposed  68.9 0.454 70.2 0. 447
VGG VGG-19-CE 69.7 0.531 69.2 0.537
VGG-19-Ordinal 68.2 0.443 68.4 0.436
VGG-19-Proposed  69.1 0.424 69.5 0.431
Inception-V3-CE 66.1 0.570 66.4 0.556
Inception  Inception-V3-Ordinal 67.0 0.560 67.1 0.540
Inception-V3-Proposed 67.4 0.487 68.2 0.474

x3 AEREMEEAIMENRETHELHN
BEXT KL 53R (58 3 A SAUAERE)
Table 3 Knee KL grading comparison on artificial and
automatic knee data by different optimal networks
( Group 3 penalty matrix)

ANTHE R H3iE R

Jik
AC/% MAE AC/% MAE
ResNet-34-CE 62.9 0.733 62.6 0.726
ResNet-34-Ordinal 63.2 0.556 64.7 0.551
ResNet-34-Proposed ~ 64.7 0.484 65.3 0.504
ResNet ResNet-50-CE 63.7 0.639 64.0 0.626
ResNet-50-Ordinal ~ 66.7 0.582 66.2 0.565
ResNet-50-Proposed  66.2 0.548 64.6 0.529
DenseNet-161-CE~ 65.8 0.569 66.2 0.534
DenseNet-161-Ordinal  65.1 0.536 64.4 0.487
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&R3
ANLE A A &

Jrik
AC/% MAE AC/% MAE
DenseNet-161-Proposed ~ 64.0 0.528 64.1 0.463
DenseNet  DenseNet-169-CE 66.5 0.610 66.3 0.615
DenseNet-169-Ordinal  64.9 0.608 66.2 0.614
DenseNet-169-Proposed 67.5 0.603 68.0 0.611
VGG-16-CE 67.9 0.500 68.3 0.491
VGG-16-Ordinal 66.4 0.500 69.2 0.463
VGG-16-Proposed  68.8 0.435 68.9 0.438
VGG VGG-19-CE 68.4 0.498 68.0 0.523
VGG-19-Ordinal 70.0 0.410 69.9 0.436
VGG-19-Proposed  68.2 0.450 69.4 0.429
Inception-V3-CE 67.7 0.583 69.3 0.542
Inception  Inception-V3-Ordinal 65.7 0.517 67.3 0.512
Inception-V3-Proposed 67.5 0.481 66.8 0.502

*4 ARAREMBEAINBIIRETEHE LN
BEXT5 KL S REL (5 4 ESIIUAERE)
Table 4 Knee KL grading comparison on artificial and
automatic knee data by different optimal networks
( Group 4 penalty matrix)

ANTHE R A&
Tk
AC/% MAE AC/% MAE
ResNet-34-CE 66.4 0.585 65.4 0.652
ResNet-34-Ordinal ~ 65.8 0.550 64.9 0.580
ResNet-34-Proposed 64.3 0.513 68.5 0.548
ResNet ResNet-50-CE 65.2 0.618 65.3 0.598
ResNet-50-Ordinal ~ 62.7 0.591 62.8 0.590
ResNet-50-Proposed  63.2 0.563 63.1 0.581
DenseNet-161-CE~ 66.6 0.519 66.6 0.524
DenseNet-161-Ordinal  65.2 0.524 64.1 0.529
DenseNet-161-Proposed 66.9 0.515 67.5 0.509
DenseNet  DenseNet-169-CE 65.5 0.572 65.8 0.589
DenseNet-169-Ordinal  61.2 0.570 61.9 0.567
DenseNet-169-Proposed 64.0 0.481 64.4 0.490
VGG-16-CE 66.8 0.538 68.5 0.525
VGG-16-Ordinal 68.0 0.431 68.6 0.430
VGG-16-Proposed  69.1 0.428 69.6 0. 422
VGG VGG-19-CE 66.6 0.511 67.3 0.496
VGG-19-Ordinal 68.1 0.450 67.8 0.436
VGG-19-Proposed  67.4 0.464 68.0 0.432
Inception-V3-CE 66.5 0.563 67.0 0.550
Inception  Inception-V3-Ordinal  63.4 0.550 63.8 0.520
Inception-V3-Proposed 65.8 0.506 66.0 0.511

3 & i

ARSCHR M T — b S8 N SR SR T T B Y
PR R JEAT B G R W KL A3y %, TEIR
KATR KL I3 AL 55, d I 28 J i CNN 73 2 45 A 1Y
PEATHGAUE . 52 GERY 38 SUR B % LA K [ 5 114 1 371 ) AL
PR LE, T 4 A4 [ 07 SR s o — 2D e 1 o 2R
AE , JUHAE 8 A7 R 10 F3 AR T b3 25 5 1 92 b 48 22 [A) 1Y
MAE {8, U W% s 75 KL 2» 0 AE 55 P il 1, 925
SERFH A SCHE A A 35 81 A SR I A A
USRIy 255N, BEAS A R 4R T U 28 22 it CNN ]
B RBAEE 5T B 4t iR 22 M BB, 5 ResNet,
DenseNet L} Inception [ M 2% A L, 300 J5 1) VGG #5
RUAR T e hF 53 26 1 BE

ASTC Y A 3 SR T ) B AN T 22 ORI A R
AIER T A TAR | S5 SE BRA PRI T Bl R SR | LAARAS B 4F
OB THACR . AN, S0 o B0 5 ) AR AR O AR AU 21
BT A PR AR U 3, A OGN
KL A 37 SR B hr i) Bz i

Bt
B A ) A SRS AT T80 55
Sk

[ 1] CONAGHAN P G, PORCHERET M, KINGSBURY SR,
et al. Impact and therapy of osteoarthritis; The arthritis
care OA nation 2012 survey[ J]. Clinical Rheumatology,
2015, 34(9) :1581-1588.

[2] KELLGREN J H, LAWRENCE J S. Radiological
assessment of osteo-arthrosis [ M |. Annals of the
Rheumatic Diseases, 1957:494-502.

[ 3] CNLVENOR A G, ENGEN C N, @IESTAD B E, et al.
Defining the presence of radiographic knee osteoarthritis ;
A comparison between the Kellgren and Lawrence system
and OARSI atlas criteria [ J ]. Knee Surgery,
SportsTraumatology, Arthroscopy 2015, 23 ( 12 ).
3532-3539.

[4] NIUZX, ZHOU M, WANG L, et al. Ordinal regression
with multiple output CNN for age estimation| C]. TEEE
Conference on Computer Vision & Pattern Recognition
IEEE Computer Society, 2016:4920-4928.

[5] SHAMIR L, LING S M, SCOTT W W, et al. Knee
X-Ray image analysis method for automated detection of

osteoarthritis [ J ]. TEEE Transactions on Biomedical



57

XUFF5E 45 T A IE PSSR

JIE P22 R 4 B B B SR R 153

[11]

[14]

Engineering 2008, 56(2) ; 407-415.

HE KM. Deep residual learning for image recognition[ C ].
IEEE  Conference on
Recognition IEEE Computer Society, 2016:770-778.
SIMONYAN K, ZISSERMAN A. Very deep convolutional
ArXiv

Computer Vision & Pattern

networks for large-scale image recognition [ J ].
Preprint, 2014, ArXiv:1409. 1556.
SZEGEDY C, WEI L, JIA Y, et al. Going deeper with
convolutions[ C]. Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, 2015; 1-9.
HUANG G, LIU Z, WEINBERGER K Q, et al. Densely
connected convolutional networks[ C]. Proceedings of the
IEEE Conference on Computer Vision and Pattern
Recognition, 2017 4700-4708.

LI QJ, YU B, TIAN X, et al. Deep residual nets model
for staging liver fibrosis on plain CT images [ J ].
International Journal of Computer Assisted Radiology and
Surgery 2020, 15(8) . 1399-1406.
GULSHAN V, PENG L, CORA M, et al. Development
and validation of a deep learning algorithm for detection of
diabetic retinopathy in retinal fundus photographs [ J ].

Jama 2016, 316(22) . 2402-2410.

SKAKTE, oA, X, 5. BT KSR ETS) IR
SIREG D HI k5[], AR, 2017,

38(2): 416-424.
ZHANG Y D, PENG J CH, LIU G, et al. Research on
prostate MRI image segmentation method based on level
set[ J]. 2017,
38(2): 416-424.

Chinese Journal of Scientific Instrument,

SRR, WK, SKON. T N €0 B I
IR AR [T]. AR AR 2= 4, 2017, 38 (1):
236-244.

YUAN W Q, CHANG L, ZHANG B. Corneal ageing ring
segmentation based on multi-scale colour replacement[ ] ].
Chinese Journal of Scientific Instrument, 2017, 38(1) .
236-244.

Phoatiin, WAL AN TR BEEE G SR WP
W AR G HE R [J]. b ARG G 4 e R, 2019,
53(9) :790-793.

ZHONG J X, YAO W W. Current status and progress of

Ju =
AR s,

research on artificial intelligence in osteoarthritis imaging

diagnosis [ J]. Chinese Journal of Radiology, 2019,

53(9) :790-793.
ANTONY J, MCGUINNESS

et al.

K, MORAN K

s

Automatic detection of knee joints and quantification of

[20]

[21]

[22]

knee osteoarthritis severity using convolutional neural
networks [ C ]. International Conference on Machine
Learning and Data Mining in Pattern Recognition, 2017
376-390.

ANTONY J, MCGUINNESS K, CONNOR N, et al.
Quantifying radiographic knee osteoarthritis severity using
deep convolutional neural networks [ C]. 2016 23rd
International Conference on Pattern Recognition (ICPR).
IEEE, 2016 1195-1200.

ANTONY J, MCGUINNESS K, MORAN K, et al
Feature learning to automatically assess radiographic knee
osteoarthritis severity [ M |. Deep Learners and Deep
Learner Descriptors for Medical Applications.

Cham, 2020 9-93.
GORRIZ M, ANTONY J, MCGUINNESS K,

Springer,

et al.
Assessing knee OA severity with CNN attention-based
International Conference on

2019:

end-to-end architectures[ J].
Medical Imaging with Deep Learning. PMLR,
197-214.

TIULPIN A, THEVENOT J, RAHTU E, et al

Automatic knee osteoarthritis diagnosis from plain
A deep learning-based approach [ J ].
Scientific Reports, 2018, 8(1) :1727.
ZHANG B F, TAN J M ,CHO K H,
based CNN for KL grade classification;
osteoarthritis initiative[ C]. 2020 IEEE 17th International
Symposium on Biomedical Imaging (ISBI) IEEE, 2020.
731-735.

FREUND, YOAV, ROBERT E. A decision-theoretic

radiographs ;

et al. Attention-

Data from the

generalization of on-line learning and an application to

boosting[ J]. Journal of Computer and System Sciences
1997, 55(1); 119-139.
CHEN P J, et al. Fully automatic knee osteoarthritis

severity grading using deep neural networks with a novel

Computerized Medical Imaging and

ordinal loss [ J].
Graphics 2019, 75. 84-92.

EZ '

X338 , 2013 4F T [ B I R 2= kA5 2
24,2016 4 F BT TR 2ERAFI L2240,
WA E TR LR A, FE R M

e S,

E-mail: 23220180155106@ stu. xmu. edu. cn

Liu Weiqiang received his B. Sc. degree from Minnan Normal

University in 2013, and received his M. Sc. degree from Xiamen

University in 2016. He is currently a Ph.D. Candidate at



154 U #H £ ¥ W

F42 8k

Xiamen University. His research interests include artificial

intelligence and pattern recognition.

FHF CGHIFIEE) , 1986 4T H TR
SFABEY, 1991 4E T T TR ARAFI 127
72,2007 4FF BT R ARG 1 L2, LA
JEITR 8%, EEWEFETT 0 B 7~
B BEIZ A AL AR
Aub PR 4 BB ST

E-mail ; luolk@ xmu. edu. cn

Luo Linkai ( Corresponding author) received his B. Sc. degree
from Xiamen University in 1986, received his M. Sc. degree and
Ph. D. degree both from Xiamen University in 1991 in 2007,
respectively. He is currently a professor at Xiamen University.
interests include machine learning,

His research pattern

recognition, data mining, computer vision, bioinformation
processing and financial data analysis.

BEE, 2017 FF TR A B R AT
2037, 2020 A FAR PR RS PATAR 15
A, B BB 27 B [l = e AT e = Uil
BT 0 BN RGBS W,

E-mail; 352069570@ qq. com

Zhang Qimin received her B.Sc. degree from Hubei
University of Science and Technology in 2017 and received her
M. Sc. degree from Huazhong University of Science and
Technology in 2020. She is currently a resident at Tongren
Hospital of Wuhan University. Her research interest is the
imaging of the skeletal muscle system.

B ,2009 TR PRHAAGT £
207, 2012 AR T AR R R AR A 1
i, B FPRHE R 2 [R5 5 27 Bt it Js P A
P e Rk BRI VR BRI, 32 E A5 T5 10
KATGN Kz S 2R
E-mail ; drhuangwei@ 126. com

T

Huang Wei received his B. Sc. degree from Huazhong
University of Science and Technology in 2009 and Ph. D. degree
from Huazhong University of Science and Technology in 2012. He

is currently an attending physician at the

Medical

Department of

Orthopaedics, Union Hospital, Tongji College,

Huazhong University of Science and Technology. His research
interests is the diagnosis and treatment of bone and joint diseases

and sports injuries.



