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Myocardial infarction identification from LGE CMR

> Automatic myocardial segmentation from LGE CMR

Combined segmentation for multi-source images

Simultaneous registration and segmentation
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> Notations:

#® DenoteI ={I;|li =1,...,N,} be aset of N; acquired from the
same subject.

® Denote Q) as the common space, which is defined by the
combination of images.

@ For a location x € Q, denote tissue types by labels, s(x) = k,
k € K, and the subtypes of a tissue k in image I; as z;(x) =
c, Cc € Ci.
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# Likelihood function: L(0;1) = p(1|0)
# Assuming all images are located in the common space

# Assuming independence of each location, one gets

pt10) = | [pacolie)

X €E()

% Assuming mixture model on label assignments,

pUE)I0) = ) T - pUCISG) = . 6)

KEK
where ., = p(s(x) = k|0) is the label proportion.
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@ Likelihood function:

L©e:D = [ [ D) me pU@IsC0) = k.6)
X€ keK

& Assuming conditional independence of intensities between
different images:

Njp
PUCOIs() = k,0) = | | pUi (), 6)
i=1
@ Assuming Gaussian mixture model as the intensity

distribution:

pUi Ok, 0) = ) Tie * D1 R )

CECik
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Likelihood function:

L(6;1) = 1_[ 2 ﬂkxl l Z Tikc - q)(li(x);.uiko Uizkc)

X€EQ kEK 1 ceCig
where 6 = {TTy, Tixe, Hike Oixe | are model parameters.
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Fig. 3. The graphical representation of the multivariate mixture model in
three formulations. Readers are referred to the text for details.
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Objective:

Learning parameters of the model from the observed data

 Data are considered as realizations of the generative model
 Registration

Inference given the learned parameters
« Segmentation

Representation

Segmentation Registration

Learning

Inferen&<
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Maximum likelihood estimator (MLE)

Log-likelithood:
Ny
£6;1) = Z In z ﬂkxl_[ Z Tire - P> (%); Hiker 0fie)
XEQ keK =1 ceCix

Problems related to MLE:

« Maximizing the log-likelihood is not a well posed problem because
singularities will occur whenever one of the Gaussian components
‘collapses’ onto a specific data points when we have at least two
components in the mixture

« The presence of the summation over k that appears inside the
logarithm make maximization difficult

Bishop, Christopher M. Pattern recognition and machine learning. springer, 2006, Section 9.2.1 12
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E-step: compute posterior distribution of the latent variables
{c;k, k,} given the current estimate of the model parameters
glml

@ Posterior of k,:

Pk[;cnﬂ] = p(s(x) = k|I' H[m])

p(I(x)|kx,9 )T[kx

ZZEK P(I(x)“xt )T[lx
@& Posterior of {c;y, ky}:
Prex = p(s(0) = k, 2 (x) = cy|1,00™)

itkcx

= p(cix|kx I, gmhp” g

m]
) (Ii (x); /ii;cré ) (O-izkc) ) Ti[;;] P[m+1]
p(I; (x)lkx; H[m]) N
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® M-step: Maximize the expected complete-log-likelihood
under the updated posterior distribution with respect to the
model parameters

# Log-likelihood (marginal);

Inp(I|6) = Z In {Z Ty ﬁ z Tikc CID(Il-(x); Hikc Uizkc)}

xX€() keK i=1 ceCjx

@ Expected complete-log-likelihood (expected joint):
E(lnp(I, Z,S|6)]

= 2 {2 Pk[;"”” Inmy, + z z Pi%;l] (In Tgec + In @(1;(2); pirec, O-izkc))}

x€Q \kEK KEK ceCi
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Expected complete-log-likelihood (expected joint):
Ellnp(I,Z,S|6)]

= 2 [ Pk[;nﬂ] Inmy, + z z PLZZJH (In 7y + In D(1;(%); ke al-zkc))}
keK

X € k€K ceCi

M-step: Maximizing E[Inp(I, Z, S|0)] with respect to 6 =

2 -
{T[kx: Tikcr Hike» O-ikc} gIves

[m+1] _ p[m+1] m+1] _ Zxea Pt . y
Ty, =P, —andm, = =17 Without spatial regularization
Yxeq Xkek Pry
+1
[m+1] _ erﬂ Plg?x ]
tke [m+1]
ZXE.Q ZCECik Pikcx
+1
[m+1] _ Dixeq Ii(x)PiZZx ]
ike [m+1]
ZXEQ Pikcx
m+1]1\? ,,[m+1]
(0_2 )[m+1] _ ZXEQ (Ii(x) ~ Hikc ) Pikcx
tkc N [m+1] .
erﬂ Pikcx 15
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Spatial regularization

Motivation: Voxels with the same intensity distribution in
medical images can come from different structures.

Probabilistic atlases:
Ty X Ty - p(Akx)
where p(Ayx) = pa(s(x) = k).

OIS

Fig. 4. The three orthogonal views of the atlas intensity image (a), and the short-axis views of the four probabilistic atlases of myocardium (b), left
ventricle blood pool (c), right ventricular blood pool (d) and background (e). The probability maps are superimposed onto the intensity image, and the
color bars indicate the mapping between the probability values and displayed colors.
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® M-step with probabilistic atlas: Maximize E[Inp(I,Z, S|6)]
with respect to the proportion parameters {m; }:

Ellnp(I,Z,S5|6)] = Z z Pk[;nﬂ] InT,, + const.

xXEN kEK
where

> ) BT nme = ) BT Inmep() — In ) mp(4)

x€EQN kEK x€Q) kEK [ JEK

17
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Parameters are initialized based on the atlas prior probabilities

[0] _ Zx p(Akx)
Tr " =
o Yk Zap(Al)

"L'.[O] = 1
tke 1 Cigel
0 0
[0] _ “z[k] +a Ui[k]' |Cix = 2]
ikc — [0]

|2 |Cix. = 1]
(O-i[lgg)z = |Ci| (Ui[i?])z

[0])?
[0] _ Y Li(OP(Aks) o2 Za(li)-np ) plAkx)
where ;| = =250 75 and (o) % P(Ak)

18



General ized EM (GEM) Jxéﬁéﬁ"a’&%

School of Data Science

# The M-step yields the same solution for the segmentation
parameters 8™*1] as in the case of the independent model

% However, the M-step remains intractable for the MRF
parameters @. Instead of aiming to maximize L(q, ®) with
respect to &, the GEM seeks to change the parameters in such
a way as to increase its value.

> EXxpectation conditional maximization (ECM) partitions the
parameters into groups, and the M-step Is broken down into
multiple steps each of which involves optimizing one of the
subset with the remainder held fixed.

19
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Fig. 5. Segmentation results of the three CMR sequences, (a) bSSFP, (b) T2-weight, (c) LGE; myocardial boundaries are highlighted in yellow color;
the motion shifts are pointed out by the red arrows. The images in the green boxes of (a)-(c) are the shift corrected images.

The motion shift of a slice is modelled by a rigid
transformation:

p(1(0) e 0, Gis) = Pire (1 (61500)

where {G; ;} are the transformations for correcting slices.

20
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% The misalignment of the atlas against the common space

@ Introduce the atlas deformation D for correcting the mis-

registration:
pa(s(x) = kID) = pa(s(D(x)) = k) = A4(D(x)), k=1,..,K

@ For the independent model, the log-likelihood is
reformulated as:

{(H,D, {Gi,s}) — Z In {Z Tkx|D l_[ z Tike * Pikc ( lS(x)))}

X€EQ keK i=1 ceCjx
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ICM optimizes the segmentation and registration parameters
alternately

« Update segmentation parameters 8 by EM algorithm
* E—step
* M-step
» Update registration parameters D, {Gi, S} by gradient ascent of the
log—likelihood

initial

mages-+atlas /g
Wil
¢ommon spacg

registration
{G:d},D
registration ICM segmentation
._intra-/ inter- EM optimization
image correction o
El s e /\\0
result onverge2>———
\Q\\v/

Fig. 2. Flowchart of the proposed myocardial segmentation method from
the MS CMR.

22



X EZR

School of Data Science

Hetero—Goverage Multi—Modal ity Imagesh"‘

In medical imaging, data from different acquisitions can
generally have different resolutions and coverage of the ROI.

The ROI of the subject is divided into Ng,- non-overlapping
sub-regions {Q,: v = 1,..., Ny, } and Q = UL, Q.

bSSFPCMR (1))  V, = {1,2,4,5}

‘Ql 011:Q1+Qz +Q4+QS
Q, Q3 |LGECMR (I,) V,={2,3,5,6}
Q‘!Z =QZ+Q3+'QS+‘0‘6

T2CMR (I;) Vs = {4,5,6}
QIS :Q4+Q.5 +Q6

* LLg, and LLq, use univariate mixture model (N, = 1)
* LLg,,LLqg, and LLq_ use bivariate mixture model (N,, = 2)
* LLg_ uses multivariate mixture model (N,, = 3)

23
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Hetero-coverage log-likelihood:

2(1|10) = ? z In {z Tk ﬁ z Tike * Cbikc(li(x))}

v=1x€y keK i=1 ceCiy

The optimization of the segmentation parameters Is similar to
the case of congruent data:

plm+1] _ p(1,(0) ks 6™
T e p (1)L 6wl

[m+1]
Lm+1] _ ergli Fikex
tkc — [m+1]
ZXEQI ZCECik Pikcx
[m+1]
ey _ ey, i )i
Hike = [m+1]
ergl, ikcx

+1] [m+1]
2 [m+1] ZXEQI (I (x) — 'ulm ) PLI?clx
( ikC) 2 [m+1]

XEQIi ikcx
24
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Experiment and demonstration

Data: MSCMR dataset

Experimental setup:
« Mono-modality synthetic data from the same image slice

» ‘patient] DE image slicel2’
* Intra-patient multi-modality image slices

« ‘patientl DE image slicel2’, ‘patient] CO image slice5’,
‘patient] T2 image slice3’

Original images and labels Original images and labels
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Initialization

def init_parameters( , images, prior, device='cpu')

._spatial_filter(prior[:, 1:].sum( 1,
image_utils.gauss_kernelld(

.mask, list(range(2, 2
True) torch.sum(prior
utils.compute_normalized_prob( .pi

.pi torch.sum(prior
.mask,
.prior prior, 1)
.tau = [torch.full((
for i in range(

.num_subjects,
.num_classes)]
mu_k = torch.sum(images * prior.unsqueeze(1) .mask,
list(range(3, 3 .dimension)))

torch.sum((images mu_k.view(1, -1,
list(range(3, 3

sigma2_K .num_classes,

.dimension)))

.mu [1
for i in range( .num_classes)
if .num_subtypes[il 1
.mu.append(mu_k[:, :, [i]].squeeze(B))
else
a torch.linspace(-1, 1,

.mu.append(mu_kl:, :,

.num_subtypes[i])

[il]).squeeze(8) a.unsqgueezel(8)

.num_subtypes[i]), 1

torch.sum(prior.unsqueeze(1)

[1] .dimension))
torch.sum(prior.unsqueeze(1)

ofgh) A 418 % R

0 School of Data Science

True),
.mask_sigma)).gt(

.eps).to(torch.float32)

.dimension)),

list(range(1, 2 .dimension)),

.num_subtypes[i])

.mask,
.dimension))).clamp(
prior.unsqueeze(1)
.mask,
.dimension))).clamp(

list(range(3, 3

list(range(3, 3

sigma2_kl[:, :, [il]l.squeeze(0).sqrt())
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Initialization

.tau [torch.Tull(( .hum_subjects, .num_subtypes[i]), 1 .num_subtypes[i]) A9 A0 21 A v
for i in range( .num_classes) ]

mu_k = torch.sum(images * prior.unsqueeze(1) .mask,
list(range(3, 3 .dimension))) torch.sum(prior.unsqueeze(1) .mask,
list(range(3, 3 .dimension))).clamp(
sigma2_k = torch.sum((images - mu_k.view(1l, -1, .num_classes, *[1] .dimension)) 2 * prior.unsqueeze(l) .M
list(range(3, 3 .dimension))) / torch.sum(prior.unsqueeze(1) .mask,
list(range(3, 3 .dimension))).clamp(

.mu []
for i in range( .num_classes)
if .num_subtypes[i] 1
.mu.append(mu_k[:, :, [i]].squeeze(0))
else
a - torch.linspace(-1, 1, .num_subtypes[i])
.mu.append(mu_k[:, :, [1]].squeeze(0) a.unsqueeze(0) sigma2_k[:, :, [il].squeeze(8).sqrt())

.sigma2 [sigma2_k[:, :, [i]l].squeeze(0).mul( .num_subtypes[i]).repeat(1, .num_subtypes[i])
for i in range( .num_classes)]

.posterior .prior

.pi .pi.to(device)
.priopr .prior.to(device)
.posterior .posterior.to(device)
for i in range( .num_classes)
.tau[i] .tau[i].to(device)
.muli] .mu[i].to(device)
.sigma2[i] .sigma2[i].to(device)
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Forward

def forward( , images, prior, **kwargs)

flow_scale sorted(kwargs.pop('flow_scale', (0,)),

for s in .flow_scales
if s in flow_scale
.vectors|['scale_%s' s].requires_grad
else
.vectors['scale_%s' s].requires_grad

1T .dimension 2
upsample_mode 'bilinear'
elif .dimension 3
upsample_mode 'trilinear’
else
raise NotImplementedError

.flows [F.upsample( .vectors['scale_%s' sl 2 S,
True) for s in .flow_scales]
if .transform 'rigid!'
.theta [torch.stack([torch.cat([torch.cos( .rotate_params[i]),
torch.sin( .rotate_params[i]),
.transl_params[i][0]]),
torch.cat([torch.sin( .rotate_params[i]),
torch.cos( .rotate_params[i]),

upsample_mode,

School of Data Science
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Forward

for s in .Tlow_scales
if s in flow_scale
.vectors['scale_%s' s].requires_grad True
else
.vectors['scale_%s' s].requires_grad False

if .dimension 2
upsample_mode 'bilinear’'
elif .dimension 3
upsample_mode 'trilinear’
else
raise NotImplementedError

.flows [F.upsample( .vectors['scale_%s' s], 2 s, upsample_mode,
True) for s in .flow_scales]

if .transform 'rigid®
.theta [torch.stack([torch.cat([torch.cos( .rotate_params[i]),
torch.sin( .rotate_params([i]),
.transl_params[il[01]),
torch.cat([torch.sin( .rotate_params[i]),
torch.cos( .rotate_params[i]),
.transl_params[il[1]11)]1).unsqueeze(0)

for i in range( .num_subjects - 1)]

reg_mode kwargs.pop('reg_mode', None)
warped_prior .transform_prior(prior)

.warped_mask .transform_prior( .mask, "nearest').detach()
warped_prior utils.compute_normalized_prob(warped_prior .pi)
warped_images = torch.stack( .transform_images(images, reg_mode), 1)

return warped_images, warped_prior
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EM update

def update( , warped_images_grad, warped_prior_grad)

class_cpds_grad, subtype_cpds_grad .compute_subtype_class_cpds(warped_images_grad)

subtype_cpds = [[cpd.detach() for cpd in subtype_cpds_grad[il] for i in range( .num_subjects)]
class_cpds [cpd.detach() for cpd in class_cpds_grad]

warped_images warped_images_grad.detach()

warped_prior = warped_prior_grad.detach()

data_likelihood torch.stack(class_cpds, 1) .clamp( .eps).log().sum( 1) .exp()
.posterior utils.compute_normalized_prob(data_likelihood * warped_prior, 1)

.pi = torch.sum( .posterior .warped_mask, list(range(2, 2 .dimension)),
True) torch.sum(warped_prior / torch.sum(warped_prior .pi, 1,
True).clamp( .eps) .warped_mask,
list(range(2, 2 .dimension)), True) .clamp( .eps)

or i in range( .num_classes)
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EM update

for i in range( .num_classes)
tau_ utils.compute_normalized_prob(
.taul[il.view(1, .num_subjects, .num_subtypes[i],
[1] .dimension) * torch.stack([cpd[i]l for cpd in subtype_cpdsl],
2) .posterior[:, [i]].unsqueeze(1)

tau_ tau_ .warped_mask.unsqueeze (1)

.tau[i] utils.compute_normalized_prob(
tau_.sum( (0, *[1 3 for i in range( .dimension)])),
1)

.mu[i] torch.sum(
tau_ + warped_images, (0, =[1 + 3 for i in range( .dimension)])) / tau_.sum(
(0, «[1 + 3 for i in range( .dimension)])
).clamp( .eps)

.sigma2[i] torch.sum(
tau_ (warped_images .mu[i].view(1, .num_subjects, .num_subtypes[i],
[1] .dimension)
) 2, 0, *[i 3 for i in range( .dimension)])) tau_.sum(
(0, *[i + 3 for i in range( .dimension)])
).clamp( .eps)

return class_cpds_grad
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Likelihood function

I'ELuUrll LtildSs>_Lpus_yi'du

def _compute_data_likelihood( , class_cpds_grad)

data_likelihood torch.stack(class_cpds_grad, 1) .clamp( .eps).log().sum( 1).exp()
return data_likelihood

estimate_posterior(

return .posterior

loss_function( , class_cpds_grad, warped_prior_grad, alpha=0.1, beta=0, gamma=0,
likelihood ._compute_data_likelihood(class_cpds_grad) warped_prior_grad

likelihood likelihood .warped_mask
sum_likelihood likelihood.sum( )

log_likelihood = sum_likelihood.clamp_min( .eps).log()

mask (likelihood .eps).to(torch.float32)
loss torch.sum(log_likelihood * mask) / torch.sum(mask).add( .eps)

regularization ._compute_regularization(alpha, beta, gamma)

loss regularization

return loss
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rep

Tools

images [image_utils.load_image_nii(name)[0] for name in args.image_names]
labels [image_utils.load_image_nii(name.replace('image', 'label'))[0] for name in args.image_names]

atlas_label = image_utils.load_image_nii(args.atlas_name)[0]
original_atlas = torch.from_numpy(atlas_label).unsqueeze(0).unsqueeze(0).squeeze(-1)

images [image.squeeze(2) for image in images]
original_images = torch.stack([torch.from_numpy(image) for image in images]).unsqueeze(1).unsqueeze(0)

labels [Label.squeeze(2) for label in labels]
original_labels = torch.stack([torch.from_numpy(label) for label in labels]).unsqueeze(1).unsqueeze(0)

images [np.clip(image, np.percentile(image, 1), np.percentile(image, 99)) for image in images]

images [image_utils.normalize_image(image, 'min-max') for image in images]

labels [image_utils.get_one_hot_label(label, args.label_intensities, True) for label in labels]
atlas_label - image_utils.get_one_hot_label(atlas_label.squeeze(2), args.label_intensities, True)

fig, ax plt.subplots(4, 3, (12, 10))

images = torch.from_numpy(np.stack(images)).unsqueeze(1l).unsqueeze(0)

images = torch.stack([image_utils.separable_filter2d(images[:, i], image_utils.gauss_kernelld(1)) for i in range(3)], iy
labels torch.from_numpy(np.stack(labels)).unsqueeze(0)

atlas_label = torch.from_numpy(atlas_label).unsqueeze(0)

prior image_utils.get_prob_from_label(atlas_label,
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plt.show()
for step in range(training_iters)
optimizer.zero_grad()
warped_images, warped_prior - model(images, prior,

for j in range(EM_steps)
model.update(warped_images.detach(), warped_prior.detach())

class_cpds_grad, model.compute_subtype_class_cpds(warped_images)
loss model.loss_function(class_cpds_grad, warped_prior, bending_energy)
loss.backward()
optimizer.step()
if step display_steps (display_steps 1)
print(model.pi.squeeze(), model.pi.sum())

dice [1
warped_labels - model.transform_labels(labels)

for i in range(model.num_subjects - 1)

dice.append(Dice(labels[:, 0], warped_labels[i + 1]).mean().item())
warped_atlas_label model.transform_prior( atlas_label, 'nearest')
atlas_dice = Dice(labels[:, 0], warped_atlas_label).mean().item()

print("[Validation] Step: %s, Loss: %.4f, Dice: %.4f, Atlas Dice: %.4f" (step, loss.item(),
np.mean(dice), atlas_dice))




Contents

@ Introduction & Motivation
« Combined segmentation for multi-source images
« Simultaneous registration and segmentation

@ Multivariate mixture model

* Problem formulation and representation
» Expectation-maximization algorithm
 Spatial regularization

» Hetero-coverage multi-modality images

@ Experiment and demonstration
@ Conclusion

36



Conclusion Jxéﬁé@*‘a’-‘%

School of Data Science

Probabilistic graphical model integrates inference and learning, which
combines segmentation and registration in a unified framework.

Generative modelling facilitates combined computing from multivariate
Images by presuming suitable conditional independences and designating
proper data generating distributions.

Further reading:

« Zhuang, Xiahai. "Multivariate mixture model for myocardial segmentation
combining multi-source images.”" IEEE transactions on pattern analysis and
machine intelligence 41, no. 12 (2019): 2933-2946.

 Blaiotta, Claudia, Patrick Freund, M. Jorge Cardoso, and John Ashburner.
"Generative diffeomorphic modelling of large MRI data sets for probabilistic
template construction." Neurolmage 166 (2018): 117-134.

 Bishop, Christopher M. Pattern recognition and machine learning. springer,
2006.

« Kaoller, Daphne, and Nir Friedman. Probabilistic graphical models:
principles and techniques. MIT press, 20009.
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