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I N T R O D U C T I O N

Total Number of people suffering from Musculoskeletal Disorders (MSD): 1.7 B

Total number of people suffering from KOA Worldwide: 343 M

Total Number of people suffering from KOA in India: 47 M

The KOA is preceded by only low back and neck pain amongst MSD category W
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C H A L L E N G E S

01 Irregularity of pathological structures.

Uncertainties in delineating both inter- and intra-cartilage boundaries.02

L I M I T A T I O N S  O F  P R E V I O U S  W O R K S

01 Inconsistencies in the capturing multi-tissue context [4,7]

02 Offline and cumber-some implementations of post-processing stage or
segmentation refinement stage [1-3,5]



Multi-Scale Attentive-Unet (MiSA-Unet) model

module (SAFE)

Scale-aware Attentive
Feature Enhancement

To focus on multilevel spatial
and channel context for

accounting relevant local and
global

Diffusion-based
Multiple Tissue Shape

Reconstruction
(DMulTiSR) loss

To address structural
inaccuracies in the tibiofemoral

bones and, more
specifically, the cartilages

C O N T R I B U T I O N S

Fig: Schematic of (b) proposed MiSA-Unet model with (a) SAFE module and (c)DMultiSR loss 
function 



P R O P O S E D  S A F E  M O D U L E

The SAFE module is inspired by inception module, but
includes a qualitative improvements to effectively capture
task-dependent global and local attention.



+=

Diffusion-based Cartilage Shape 
Reconstruction loss

L O S S  F U N C T I O N S

Pixel-wise loss function

Proposed DMultiSR loss function

01 Overall Shape Reconstruction loss 02



L O S S  F U N C T I O N S

Proposed DMultiSR loss function

Loss inspired by CycleNet  and SegRefiner 
model, but architecturally modified to consider the
shape information of multiple tissues and with focus
on tibiofemoral cartilage segmentation. 

[17] [18]



Dataset Details

Experimental Setup

Dataset Size = 512 segmentation maps for each MRI constituting of 160 slices 
MRI Sequence = 3D Double Echo Steady-State (DESS) 

GPU configurations = NVIDIA A100 80 GB GPU

Epochs = 100, MRI slice size = 150*150, batch size = 150, and learning rate = 0.03,
Optimizer = Adam

β = [0.01,0.1,0.27,0.12,0.5], λ = [0.1,0.2,0.3,0.4], γ = 0.7, η = 0.3, m = 4 and
 N  = 2steps

E X P E R I M E N T A L  S E T U P



E X P E R I M E N T A L  R E S U L T S

For Critical MRI slices; excellent results
in FC and TC which are nearly 4.5%
higher for DSC than modified cGAN [3]

Slightly lower results for FC (about 1% in
DSC than Deng et al. [1]) possibly due to
poor delineation of bone cartilage (FB-
FC) interface and greater shape variability
and discontinuous nature of cartilage in
critical MRI slices.

 For all MRI slices, average minimum
improvement in DSC, VOE, and HD are
0.24%, 9.85%, and 17.31% respectively.

Table: Segmentation SOTA comparison with proposed model 



E X P E R I M E N T A L  R E S U L T S

Excellent results for femur and tibia in all cases
as indicated in Figure 2 (a to f), even in the
presence of soft-tissue inflammation (see
Figure 2 a, b and c).

Cartilage performance is improved,
specifically at the cartilage-cartilage interface
as indicated in Figure 2(d,e,f).

Failure in some cases in capturing the shape of
the tibial bone and cartilage.

Fig: Segmentation SOTA comparison with proposed model 



A B L A T I O N  S T U D Y

The combined loss function resulted in a
minimum improvement of 0.5% in DSC
and 4.58% in HD than the pixel-wise
loss functions for all SAFE combinations.

Tibiofemoral cartilages is improved by
adding the loss L  with a combined
loss function of an average of 1.68% in
VOE and 4.72% HD.

SRL,c

The TC is observed with a maximum
improvement of 0.56% in DSC (for
SAFE1).

Table: Ablation study with proposed model 



C O N C L U S I O N

Proposed MiSA-Unet is an end-to-end and single-stage segmentation
network unlike previous studies.

01

Proposed model improved average DSC by 2.33% (on critical slices) while
with post-processing it improved minimum DSC by 0.24%, VOE by 9.85%,
and HD by 17.31% (on all slices) over SOTA. 

02

In future, an effort will be made to eliminate the postprocessing stage and analyze
the segmentation performance for each KOA grade

03



T H A N K  Y O U  ! !
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A U T H O R S :  A K S H A Y  D A Y D A R ,  A L I K  P R A M A N I C K ,
A R I J I T  S U R  A N D  S U B R A M A N I  K A N A G A R A J  

S P E C I A L  T H A N K S  T O  I I T  G U W A H A T I ’ S  T I D F  F O R
P R O V I D I N G  H I G H - E N D  C O M P U T A T I O N A L  F A C I L I T I E S
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