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Automatic measurement model for recognizing key points and
automatic measurement of key angles of lower limb alignment
on anteroposterior full-length lower limb radiograms
based on deep learning

ZHANG Zijian'*, MA Jianxiong"*", BAI Haohao'*, WANG Ying'?, SUN Lei'?,
LU Bin'?, GAO Zhihao'?, YU Chengshuang'’®, SUN Hanchen"*, MA Xinlong"”’
(1. Institute of Orthopedics, Tianjin Hospitals Tianjin University, Tianjin 300050, Chinas
2. Tianjin Key Laboratory of Orthopaedic Biomechanics and Medical Engineering ,

Tianjin 300050, China)

[Abstract] Objective To construct an automatic measurement model of key angles on anteroposterior full-length lower
limb radiograms based on deep learning (DL), and to evaluate its clinical application value. Methods Totally 634
anteroposterior full-length lower limb radiograms were retrospectively selected, and the key points of lower limb alignment
were marked by 5 orthopedic surgeons, including the center of hip joint, the apex of femoral intercondylar fossa. the
midpoint of tibial intercondylar ridge, the lowest point of medial and lateral femoral condyles, the nadir of medial and
lateral tibial plateau and the midpoint of talus width, then the data set was established. High resolution network (HRNet)
and transfer learning were used to construct the automatic detection model of key points, and the optimal model was
selected with 5-fold cross validation. The coordinates of key points were detected, the key angles mechanical lateral distal
femoral angle (mLLDFA), medial proximal tibial angle (MPTA), joint line convergence angle (JLCA) and hip-knee-ankle
angle (HKA) were calculated by cosine law, so as to realize the automatic measurement of key angles. The key angle
automatic measurement model was constructed with automatic detection model of key points together with the key angles
calculated by cosine law. On 50 randomly selected radiograms., the above mentioned key angles were measured by another 3
orthopedic doctors, then the consistency of the automatic detection model of key angles and the results measured by the
physicians were evaluated. Results The mean values of mLDFA, MPTA, JLCA and HKA measured by 3 orthopedic
surgeons was (88.5042.59)°, (86.41+2.25)°, (2.90%2.27)° and (174.62+3.97)°, respectively, those obtained with
the automatic measurement model of key angles was (88.48£2.60)°, (86.52£2.57)°, (3.11£2.41)° and (174.53 %
3.99)°, respectively, showing good agreement with the physician’s measurement results ( ICC=0. 897, 0. 888, 0. 826,
0.996). Conclusion The automatic measurement model of key angles on anteroposterior full-length lower limb radiograms
based on DL was helpful for orthopedist to identify key points and to measure key angles.

[ Keywords ] genu varum; genu valgum; X-rays; lower limb alignment; key angles; deep learning;
automatic measurement

DOI:10. 13929/j. issn. 1003-3289. 2022. 06. 025

[(E&WB] HEESH AT (2018 YFB1307802) .

(E—1EE] K996, I LB M EEW . BFFE 05 1 B2 AL B . E-mail: 1621552359@qq. com

CEEEE] DOHE, RHER S R BB BHIF T, 300050 KB RBHEY) 14 5 B4 TR N5 5 % ,300050, E-mail: mjx969@163. com
(YA ] 2021-09-11 [f&E B #] 2022-03-21



e 902 - i E B 2R R B R 2022 4E5S 38 #2585 6 ] Chin ] Med Imaging Technol, 2022, Vol 38,No 6

ETREFIHNEEE AN TREREMN X LRHFFPH
TRA&XERREHMNEXERE

5’{"%4 1'2927§d7zﬁ1'2* ’#é%%Lz’i %ﬁlj’;’]‘ ,561'2’)5 iﬁl'29
%2%1'2 ’ a‘_)&‘;xli 93’]“;1%1'2 9274'\:;;‘%1'2

(1. RIERFHRAERGERIF IS, KA 30005052, KETBERAY - S5E2TRERTERE, KE 300050)

(# ZE] BH ETHEERIOLIEMEA SN E N RKIEN X &R S8 A BRIP4 R R N E. 7
% WU 634 1R T A K IESL X ZR . ih 5 44 B BB I 230 330 b5 1 T TR 20 B AR B G B 5 rh B R 1] 5 T
AR B U e RE R PN 0 A R AR R R P RS S 5 B A L BE R R D R s S R S . SR 40 R
M 4% (HRNeO AT B2 2 14 @ ) Sl 0 OGS s AR08, D 5 47 238 U8 UIE 5 346 o D0 4SS 20, 7 OGS AR A ), 5 X 7%
S FRTT O B A AU B 28 S AU A CmLDFAD L83 3 N O #5 CMPT AD L JBe B TR B 5G 35 RJe f (JLCAD BT BR A
(HKA) 523 A Sl & 0G5 A B, I LAOCHE R A Sl G AR B R0 3o 4% 9% 58 090 i 45 G B Ay 3 36 1R s 1 3l 4 DG A
BERERL, BEMLIEIR 50 B8PS, t 55 3 A RHE I TSIt 138 SCHE A A, PPAl B S 5C B AR B A AL 5 1 O 0 ik 2 SR Y

—EE, BR

3 % 5 B EE T PT mLDFA.MPTA.JLCA & HKA (18 4> 51 25 (88. 50 & 2. 59)°, (86. 41 4+ 2. 25)°,
(2.90E2. 27)° Fe (174. 62=£3.97)°; [ Bl il £ 56 5 £ B B B i 35 4%

SR (88.4842.60)°,(86.5242.57)°, (3. 11+

2.41)° M (174. 533, 99)°, 5 B i i) 42 45 52 1) — Sk 84 (ICC=0. 897.,0. 888.,0. 826.,0. 996) , £5i&  Friy @ [ shi &
TR IEA, X 2R OCHE A B BT RUA Bl T R0 B B O B a5 RN I DG B A
[REIE] BHNE; BINRE: X4 TR, XEME; WES%2T: Bollg

[E4SYRS] R682.4; R445.4 [XHERIRA] A

JE P LA B T 46 BT B AR i S S e R R
CH) A fk 1707 19 BB C ) A il ) Bsf 4] o B M £ o ) 4K
S UAE PR O e R IR A e B
WIS IRE . R AR IEM X L -
2 1 B Ty eI e O B A B R RRIR T N LA B
W T 1) S B, 2275 ol i Rk I U = gl s L T
RS AFTE EIR 2 AR K. WRIE %3] (deep
learning, DL) B )2 H FE2£8UK . 3 F DL
H3h T A IE A X 4 A b i S B AR Y A G
5T 32 <1, 40 PE1 %23 F DL JF & T A gh il &
TREARKIENL X 26 A A 0 - -2 £ Chip-knee-ankel
angle, HKA) £ %5 ; NGUYEN Z£100 #1710 3 By B 35 1
1 22  #% (convolution neural network, CNN) & 3,
T TR EMN X LR P mCamE, A
3T DL Jrik s A shill & F ALK I X A%
S A PSR, IR PPA LG PR AN 8
1 AB5HE
L1 — ekl mUEME S8 2019 4F 10 H—2021 4F
2 7634 {3 A T 56 5 S T R M R 2 R R B ik 12 AR
.95 254 il A 380 i AR 47~83 & P (66. 4E
T.O% RN B 255 B A EE 221 ), 158 i JC B %
RS T NG 0 A S VAN N 5 3 o N o A 25

[XEHES] 1003-3289(2022)06-0901-06

Fr BERLSE R[] I I S s L T R BROCTY . HEBR G
BT ARG S R TR 22

1.2 X#8 5k R H Philips Digital Diagnost
WAB A X KBERGERET R ERKIEAM XL,
WG A6 I S 0 ST T o) BRAE L RE 0 N7 SO T R AR
PRIl o S JE OG5 5 BRI R 1A 0G0 R OC
WOERELER RIS A HE T AR 1.8 m, X
LR A SRR 3 W IXTERR T B 3h DFHE KA.
1.3 RESRRTE  RIEMRIE RS 1 268 @A A
TR TEAL R 3 ] BB L I S R OC T [&
B i 5 2 BAT 10 UL B m K250 09 B R IR BE IR
F Python 3.7 4’5 WY FE T 43 5l b A B I hy 41 G
S AL AR A ST s | JBE B R) B T IR R R TA] 0 rh
AR AR A0 R AR P A A - 15 B
R BE A T8 BE L IR P BE N OLABLC.D.E,
F. G, 3R 15 H A bR, DUAR 78 A6 b5 9 10 S An 28, I
1,

Lo s RERL DL G QORI R 25 4 R Ei e 2k
BT W% S 0 B R M 4 Chigh-resolution net,
HRNet "™ i DL Jy 2 44 g [ 20 K 0 1145 v i 4 9
FBROCTT 2 B Ry LAY . HRNet 5 7 ¢ B A 19 A
JE O T G AR B YR PR R AE R R AR 1 R



] B 2E AR R 2022 AR5 38 #5258 6 ] Chin ] Med Imaging Technol, 2022, Vol 38,No 6 * 903 -

Bk

1 BRVETR B 2 Sk 5 B ) R B 1A

] - K| o 11— ‘—;i | B ey T_-; ll_"; 2
Cmime \ yryYy
R iR S v

K Lo D ik

HH

#i IS THRNetV2

S THRNetV2

PRIEITHRNetV2

H2Wr B

(42 Jm iy SCRAAE B — B i s Bl . iz M & 4 4
AT T R AG I 73 R 4 A B B A BB ol il T —
JZ T 4 TR — 1 0 2% 100 G 8 KO A AR e IR AT T
X 4% 124 3 30 K00 I 1A% L [ B O B R B 5004 DAl
P 265 75 U 28 DR 15 5 0 B R AR A [ N 3OS 2 9 3
SCRFAE . P A Bir Be 22 18] f il 455 B 38 42 o AN [R] 2y
B BRI AR B AT S 4 TR 5, AR T A R OC
FUFFE R IR

7E HRNet Sl _ERE 4 A5 9 26 19 4% 73 B 5 1
RRE R R o AR A L O I R R A D i B R
fIER 7R, 345 HRNetV2, AR 1 S8R OC T T 2 A%
I G SR . T HRNet V2 Ji5 360 AH 1 58 18 450
BRZ AE B B RANERM ML, W
K2,

H T HRNet #4782 5%~ Y 2k F 2L HRNet V2
T BRI 5 73 AT 55 oh 19 BN S AUAEL A Sl 0 36 A
5 285 e AL e, AR I 09 O B A AL B s 45 O A TR
%2 5Nk, INGREF AR AT A& G -G P i
R AR ARAE B IR SR S B T AL bR A B

mLDFA

RERE JLCA
MPTA

HKA

FAM B @

Bl 2 2T HRNet BAL 1 3R | SO SCHE nion B



e 904 - i E B 2R R B R 2022 4E5S 38 #2585 6 ] Chin ] Med Imaging Technol, 2022, Vol 38,No 6

T 1] G132 78 T 5 30 3ok R e A 4 T A 6] Ay O B i Al
Bl . SR 5 3128 B0 UE (&L 3) 5 8 B340 42 Bl AL 3% 43
TEEFEAN S H, UH P~ IS HR 4 AR
YIZREE s B DL 2B IR 5 W 58 Uik LA 4% 2H R A4 Oy 36 4iE
B TTEE B SR AR AU A 30 G AR b Y OC B S Ak bR
55 bR %8 22 1] 22 A8 19 1 IR, DA VPAG A5 3 P i I 1 3t e
PR,

LA Sl 0 A A 4G H A I R OC Y e DG DG B A
LS/ I U N N P ADER S g i N VI Y = g T 4 R I
(mechanical lateral distal femoral angle, mLDFA)
(OA 5 CD Z 8] i) 3 /1) | JB 5 38 s M A (medial
proximal tibial angle, MPTA) (BG 5 EF Z [a] a9 3
)& E IR B R £ 32 £ (joint line convergence
angle, JLCA) (CD 5 EF Z [i] #%& i) #1 HKA (OA
5 BG Z e f) (B 1) 5 DL E Sl il O it o 82 8 0
G DR E T T AR OB A B I [ A A B Sl G B
R

i 5L M ]
(@ ) @2 | ms | @s [ 45 |
(w J[CE ) @3 ) me | @s

() m )@ ) @ ) 4 )
| sz ) @3 | @s | @5 |
(o ) m ) w ) =@ (@5 )

) gk
) &

3 5 P EER B

1.5 MEURERIE XS it 2= BEALEE I 50 7T
AR IEN X LR .5 3 B EA 30 FEU EERZ
By E AT BE O 43 0 ok O AutoCAD 2019 %k
(Autodesk 2 A, £ FH) F o br i 8 5, 370 =
mLDFA . JLCA .MPTA HKA , BUL 1 H 5 5 45
FH T 30 0E DG B AR BE ) 2 I A5 R0 T 45 A B T R RE .
K H] SPSS 19. 0 Ge it ot . b £ s Ronit
R, R Kendall RELCW) ITPAL 3 44 B il Il 45 4%
i RESE SR — B, W>>0. 8 h—Bevetk . LI
56 & %X (intra-class correlation coefficient, ICC) 43
BT B ShAsEAL  OCHAf E 3 4 B U o 4 SR ) — B
P, ICC>0. 75 S — B &4, IF LU Bland-Altman [&]
HW PG H R0, P<<0.05 N ERA S

2 H#HR

2.1 OB OCHE S A SRR 5 4l OCHE T A
S G A L Ay A L TR R R ST S AR AR S AR A
fi) 2% 14 S BB 48 58 1.01.0. 94 J% 0.97 pt(F 1),
Sy MLASS 3 Pra R S A 5 1 YT AR S B 3 T A
RIS RN S AR S50

15 A RHE R B SRR IR R
RO S i AR b 5 bR 2 2 A 22 1H (pO)

KA HRAL 41 4 2 43 44 45
O 1.01 1.04 0.98 1.03 0.98
[ St 0.93 0.94 0. 94 0.95 0. 94
BROG 0.97 0.97 0.95 0.99 0. 96

2.2 OQHEMEEH S A AL A5 A R RCRE 3
&5 B BE I mLDFA . MPTA.JLCA,HKA 1) —
BOPEI M 25 (W $=>0. 95, P ¥<C0. 05) , FL {8 43 51
H(88.50+£2.59)°,(86.41£2.25)°,(2.90+2.27)°,
(174.6243.97)°, KB EE B 2 & B8R Fik
£ BE 4 B R (88.48 £ 2.60)°, (86.52 £ 2.57)°,
(3.1142.41)°,(174. 5343, 99)°, 15 [ Jifi il ¢ 45 3 Ay
— BV B AF, ICC 43 R 0.897 [95% CI (0. 851,
0.929)>7, 0.888 [95% CI (0.838, 0.923)7], 0.826
[95% CI(0.752, 0.879)], 0.996 [ 95% CI (0. 994,
0.997) ],

Bland-Altman & (& 4) &7~ , B 3h il & 5 4 B
LAY By s I 45 R0 2508 03 A T 95 00 — Pl SRR
WEEE 1. 96 X ZE MR HEZE), —F —BH®
U, HillH mLDFA MPTA.JLCA Hl HKA 14 258 4
FHA(—0.013 5£1.178 9)°,(0.112 6£1.143 3)°,
(0.2126=+1.3826)°F1(—0.092 240. 359 7)°,

3 itig

B e M A e A OGO AR OGS TRt Y
PR G T R e B OE T, T
VETIPS ¥l TEZEE (5 SR NN & = g E R =
JI8 i R ) 0 v L TR R A 0 R A A R B A L R
AT B S5 IR L BB R T 8 A OB LY
PrE ML E . PO F K IEN X LR d Lk
SR 7 B R 5 A 5 O B AR R A 2 R, AT
FERHE [ Bl 0 O Bl AR A, DL RS OGS S AE T A
SRIEN X 2R iy A br o JF 10 TF 55 4 G 88 AR R S
3B IBCHTE L T B R OGS TR AR SRy O B S Bl A D A
BRI 25 A A B 06 42 DL D 0 A A5 B L B AR B L 3
SR AR o DI R T RE 3 AT ALK BE L BT AR B AL T
MEFERAE 1 s,



[ BE2F AR AR 2022 AR5 38 %5 6 ] Chin ] Med Imaging Technol,2022, Vol 38,No 6

3.00¢ .
: > e t1:965 2.2972
2.00F I
- -
L] . LI L -
L . T TR
_ 1.00 . Z ‘.. o ..:‘ .
= . - " . . *  mean-0.0435
f':‘%“ U'()U . : .. .. . = 1 [] .
~1.00} . A, .0
.. o4 .
b . .
-2.00r ' ot o —1.96s —2.3242
.
—3.00¢ g i i n L i
82.50 85.00 87.50 90.00 92.50 95.00

RS G I N 0 R A 2 %)

D

4.00F

2 s % % A1.965 209225
2000 Ly Lo
—_ * . e -
> Ry R . mean 0.212 6
F 0.00F 4o e TP =
-.E a}.. ‘ . - . . -
. AT e .
-2.00} o Co. ~1.965 ~2.4973
_4.f}n L L .I 1 L 1 1
000 200 400 600 800 1000 12.00
YRR A IR A EE ) (4C)
4

TETHSR AL 58 ST s H A A I OC 5 AR 5GBS
Bt LB RPN N/ NC 2 PN ¥ PN 312\
SRS DU NS G 50 A 55 . R R kb 2 TR B 4 2
TR OG5 1 15 G0 A B 2 I 458 5N E R RS
T A5 FRAE , DU & RR A 20 B %, H1JF N BE 58 42 7k b 25 1]
Oy HER IR . AT R HRNet €37 H s /i ¢
SRR AE AT 2 BRI 4 e B AR
BT 2 R R A U Y35 3 o R FRoR L JF
i L T 2 2 W) bR AL B R R, ] 7E — R L SR Ab
DL 75 %2 K A A 19 Bl B o i T B2 2 IR AL 31T 55 h
EEE L TN N T F e N E AT e T =
T — O HE SR A —E R X R R
AW 5 D 8 I 2% B 0 e R 85 TRl ) X B — MR R
A8 HEAT TN L BB A8 4 o e A G BE SRR BE . SR 5
Y138 U, 38 2o b A5 5 B o5 [ Bk I AR 8D ey s 1) %
A5 AR AR 5 AR A 2 T 1) 25 {E LA 0 A P S A B e
LIPS Je valllki7i

ABIEFE 45 5w F sl G B A R R A 5 B
Bl mLDFA .MPTA.JLCA HKA 4 — P45 4.
HKA 1 ICC % T mLDFA fil MPTA,JLCA f&/M; H
—# HKA W & {5 1 2 H /N T mLDFA il MPTA,
JLCA e K. Wi, AT REZE T JLCA SH G54k CD

{22(%)

o

b

4.00+ *
2 +1.965 2.353 5
2.00F s e o .
- - - -
. . e - . .
. . . - * F ]
. 3 s "o mean 0.112 6
0.00F ; LY I ._.,- = o
* : - -o {- :
*e . o * 1965 -2.1283
-2.00 . .
80.00  82.00 84.00 86.00 88.00 90.00  92.00
TR 8 0 0N 0 ek (R 2AMEL(0) @
1.50F
1.00F *
) A e '__-_i-l__,_f)ﬁ.\' 0.6128
0.50+ R . g .
0.00 = ke g - "_" ‘"'b' « mean 0.092 2
0.50 s LT X
-0.50+ ¥ ¢ M S
’ o« Y 1965 -7973
—1.00¢ .
_I-S(}‘- L 1 1 1 I
160.00 165.00 170.00 175.00 180.00

FELTR o A 04 i 2 4E0)

D

1 2y I O i B A T 5 O 4 45 S 1Y Bland-Altman B A. mLDFA; B. MPTA; C. JLCA; D. HKA

5 EF ¥/ HKA J& B v OA 512 B LA b
BG 13 .CD.EF By K E L/ OA F1 BG K JE,
A A I G B A 07 B A AR R 25 B LT L JLCA fir 32
F KT HKA.,

Zi L LLDL R F I RAKIEN X &R a
[ 1 2O i G 58 A BE R A A Bl T B B B O I OGS
SO DG BRI R TARROR . AR
Jry BR M - Ot AT 57 IE F AR B L 75 2 [ B 2% et bR 7 Al 2k
AR TS WA T A 43 BT 2 AR AL BT WL B g
AN B s O B b 5T, T BE A7 7E B0 W F2
Qi i N T AR RGN b 2 AFAE EMIRE

[52% 3xk]

[1] MacDESSI S J, GRIFFITHS-JONES W, HARRIS 1 A, et al.
Coronal plane alignment of the knee (CPAK) classification[]].
Bone Joint J, 2021,103-B(2):329-337.
LIU X Y, CHEN Z, GAO Y, et al.
Review of techniques and biomechanics[J]. ] Healthe Eng, 2019,

2019:8363128.
CHO Y, SHIN H K, KIM E, et al. Postoperative radiologic

(2]

High tibial osteotomy:

[3]
outcome comparison between conventional and computer-assisted
navigation total knee arthroplasty in extra-articular tibia varal[J].

J Orthop Surg (Hong Kong), 2020,28(1):2309499020905702.



* 906 -

(4]

(6]

(7]

(8]

(9]

i E B 2R R B R 2022 4E5S 38 #2585 6 ] Chin ] Med Imaging Technol, 2022, Vol 38,No 6

AHMAD O F, SOARES A S, MAZOMENOS E, et al. Artificial
intelligence and computer-aided diagnosis in colonoscopy: Current
evidence and future directions[J]. Lancet Gastroenterol Hepatol,
2019,4(1):71-80.

WANI T M, ARORA S. Computer-aided diagnosis systems for
osteoporosis detection: A comprehensive survey [J]. Med Biol
Eng Comput, 2020,58(9):1873-1917.

AL-ANTARI M A, AL-MASNI M A, KIM T S. Deep learning
computer-aided diagnosis for breast lesion in digital mammogram[J].
Adv Exp Med Biol, 2020,1213:59-72.

NAYANTARA P V, KAMATH S, MANJUNATH K N, et al.
Computer-aided diagnosis of liver lesions using CT images: A
systematic review[]J]. Comput Biol Med, 2020,127:104035.
AHMED S, HOSSAIN T, HOQUE O B, et al. Automated
COVID-19 detection from chest X-ray images: A high-resolution
network ( HRNet) approach [J]. SN Comput Sci, 2021, 2
(4):294.

PEI'Y, YANG W, WEI S, et al. Automated measurement of

hip-knee-ankle angle on the unilateral lower limb X-rays using

(10]

(11]

(12]

[13]

[14]

deep learning[J]. Phys Eng Sci Med, 2021,44(1):53-62.
NGUYEN T P, CHAE D S, PARK S J, et al. Intelligent
analysis of coronal alignment in lower limbs based on
radiographic image with convolutional neural network [J].
Comput Biol Med, 2020,120:103732.
CAO Z, HIDALGO G, SIMON T, et al. OpenPose: Realtime
multi-person 2D pose estimation using part affinity fields [J].
IEE Trans Pattern Anal Mach Intell, 2021,43(1):172-186.
SUN K, XIAO B, LIU D, et al. Deep high-resolution
representation learning for human pose estimation[J/OL]. Los
Alamos: 2019 (2019-02-25) [ 2021-08-25 .
https://arxiv. org/pdf/1902. 09212. pdf.
JE SR, R, AR R T I B 2] R = A A R 2 0 2 A
Jifi g5 L1 . o B BE A2 AR R L 2020, 36 (12) : 1882-1886.

SCHOENMAKERS D A L, FECZKO P Z, BOONEN B, et al.

arXiv e-prints,

Measurement of lower limb alignment: There are within-person

differences between weight-bearing and non-weight-bearing

measurement modalities [ J]. Knee Surg Sports Traumtol

Arthrosc, 2017,25(11):3569-3575.

BEARLCREGERETERERETERETGERERGEGEREGERERGE R RGEGEREGE R RE G REGE RGN RERE RN R RE R RERERE LG RE R R RO RERE RO

R TUIAE R — S K VLA A A AR

s Bl A1 ey R B 1 — i st )

HE GB/T 15835¢ H MWy L8+ ik B xE )

(DFEGETHE R Begm 5 A SUHE S T A 85 65 TE SO B, /NE ., o B v 20 O B i) <& IS 20 4 o
EOASE e 8
(OAEDUT P B 4 BB T) TR A B 4 W T8 25 R 0 20l DUTR 205, Bl N . — R O7 B L = 4ERE S L O

(BR T LR B LSS, FUI (0 B4 B0 i L SCARAS O 19 b J5 0 17 2 (88 P B iz A1 B0 . 38 30 R 1
I, AT AR SR W% T R R R —
OB F R RGN T 1B /NBORRT T Y% (0O A REE XL 40 0. 32 AAEH AL 32.



