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Introduction

Hypoxic Ischemic Encephalopathy (HIE) is a brain injury caused by a sudden decrease in oxygen or
blood flow to an infant's brain. Affecting 1 to 5 per 1000 term-born infants, HIE can lead to severe,
long-term neurocognitive deficits, including cerebral palsy, epilepsy, or even death in 30-50% of
cases, making its accurate and early detection critical for prognosis and treatment.

| Spatial and Temporal Variability of HIE Lesions ]

The normal range of Apparent Diffusion Coefficient (ADC) values varies significantly across different
brain regions and developmental stages in neonates. This variability makes it challenging to use fixed
ADC thresholds for lesion detection, leading to potential interpretation errors.
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[ Normative Assessment: Z-Score ADC (ZADC) Maps ]

To overcome this, Z-Score ADC (ZADC) maps normalize a patient's ADC against a normative atlas of
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variability, with a threshold of -2 (i.e. ZADC < -2) showing high diagnostic accuracy.

healthy neonates z,pq(x) = . This highlights abnormal diffusion relative to normative
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[ Critical Class Imbalance and Anisotropic Slicing ]

e The BONBID-HIE (Bao et al., 2025) dataset presents that over 55% of patients have hyper-acute
lesions affecting less than 1% (with a median lesion volume of 0.63%) of the total brain volume.

e Large, uneven inter-slice gaps (2-6 mm) in scans reduce slice-to-slice correlation, making a 2D
slice-based framework more appropriate than 3D methods, which introduce spurious continuity.
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Methodology
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Loss Collapse

Dice-Focal Loss: Training with Dice-Focal loss leads to a loss collapse where the model predicted
near-zero masks, causing gradients to vanish and trapping it in a local minimum. Training recovered
through stochastic perturbations, but supervision for small lesions remains ineffective.

Dice-Focal Loss Tversky-Log-Hausdroff-Focal Loss
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[ Boundary and Region Aware Loss: Tversky Log Hausdorff Focal Loss

To address loss collapse and the lack of volumetric context in 2D methods, we designed a hybrid,
We|8hted l.OSS funCtion: LTLHF(pa Q) = V¢ LT’uefrsky + YLH * LLH . YL * LFocal

e Tversky Loss: A generalized Dice Loss that balances false positive and false negative penalties,
making it robust to class imbalance.

e Log-Hausdorff Loss: Captures boundary discrepancies using distance transforms, with a
logarithmic term enhancing sensitivity to small boundary errors.

e Focal Loss: Addresses class imbalance by focusing the model on hard, misclassified pixels.

[ Results and Conclusion
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Channel Stacking

[The Spatial Prior: Input Representation and Pre-Processing ]

We propose a three-channel input representation by stacking ADC, ZADC, and a binary mask from
ZADC thresholded at -2, which acts as a non-exclusive spatial prior, highlighting high-probability
lesion regions without obscuring borderline voxels that are visible in the other channels.

[Efficient & Attentive Architecture ]

Input Representation and Pre-Processing UNet++ Architecture with Attention for Multi-Scale Feature Learning

Adam Optimiser

Apparent Diffusion

Coefficient (ADC) _ s
2 ¥ i [
' [+ o v T e o e m
= g & . | 0.0 P 01 | .t"”m* 0.2 ,-'""H.* 0.3 “_*‘| 0.4 Focal, Log Hausdorff
: = it PRV, Nl e | L sl R, i § . s
E ' E é’ x : x : x ‘ x A ' x : and Tversky Loss
o O E- \ 7 % 256 % 256 . %, 2 % 256 x 256
E., : n T . \-"'-—_--"' "'. e = e \"\-.,_.__ g A
h < 2 s \ / - _-/ """""" = /
ADC Noise Clipping 8 L % et e
0 - 3400 (10" mm?/s E = ko | etas R T Sigmoid Activation
: { 2 E. =} = I x1!n i x1!1 [oooomets » x1!2 """"" "Jl x1!3 and Thresholding
= = R A e
Z-Score ADC = 5 e W . : = 'L
2 2 K - Predicted Mask
E E 1 e
E | “H xzsn - I
a n ﬂ l\."... -
£ = Inception-v4 Block u}_.‘ S T
T v :
£ e : Nl
| o8 Input : *
IR | |
[-10,10] s ¥ ! [1 x HxW]
% Stem E where, H and W < [128, 256]
™ & E :
Z-ADC (Threshold = -2) 85 , ;
£ E 4 ¥ Inception-A |
== E !_:
2 F | & i :
é Reducton-A E X Convolution
& 'E ) scSE Attention
& ¥ £ Block
o 7 x InceptionB | T
B e
{0,1} *;: ¥ ; Spatial and Channel Squeeze and Excitation (scSE) Block
1 1
ﬁ iy s Spatlally Recallbrate .
o l : i Use
i “ : : L] . . ; - .
Label Annotation o A : U e F
o - :
g i ‘I’ : ':H a =1 wl X
=N - .
E Average Pooling : T Lo
% """" _l """""" 'I H E Fi i) a
e | | i El UecsE
Dropout W
l E X Element-wise Max-out
; = Channel-wise Recallbrate :
{051} _. Softmax : e

e Our framework uses the UNet++ architecture with an Inception-v4 encoder with dense nested skip
connections to enhance multi-scale feature aggregation.

e Spatial and Channel Squeeze-and-Excitation (scSE) blocks are integrated to perform dynamic
feature recalibration across spatial and channel dimensions Uscgg = UCSE + UsSE,
improving the delineation of lesion boundaries.

! The BONBID-HIE dataset is publicly available through the 2024 MICCAI Challenge: https://bonbid-hie2024.grand-challenge.org/

The 3-Channel input outperforms all other configurations, achieving a 5.83% DSC improvement over
the 2-channel input. This confirms the effectiveness of the thresholded ZADC map as a spatial prior.

Input DenseNet-161 Inception-v4

DSC(4s) MASD(J) NSD (1) DSC(2+) MASD(J4) NSD (1)
ADC 0.2977 5.984 0.3863 0.3239 5.1795 0.4361
Zapc 0.5128 3.5919 0.6689 0.5221 4.1288 0.6641
[ADC, Zapc] 0.5438 3.2168 0.6655 0.554 3.1597 0.68
[ADC, Zapc, Zape < -2] 0.5763 3.1023 0.6751 0.5863 3.0711 0.6941

Loss and Attention

The proposed TLHF loss substantially outperforms Dice-Focal loss, improving MASD from 3.0711 to
2.6484 (a 13.7% reduction). Adding scSE attention further improves boundary detection,
particularly for smaller lesions, increasing the overall NSD from 0.7153 to 0.7477.

Loss Attention DSC (1) MASD (J.) NSD (1)
Dice-Focal Loss None 0.5863 3.0711 0.6941
TLHF Loss None 0.606 2.6484 0.7153
TLHF Loss ScSE 0.5986 2.7986 0.7477
Design <1% 1-5% >5%

DSC MASD NSD DSC MASD NSD DSC MASD NSD
TLHF 0.474 4.131 0.5997 0.6753 1.6719 0.8011 0.8132 0.855 0.8665

TLHF + scSE  0.4776 4.2458 0.6777 0.6449 1.8769 0.7802 0.809 0.8653 0.8626

Competitive Results with 3D Architectures

Our computationally efficient 2D framework achieves performance that is highly competitive with
parameter-heavy 3D architectures, securing a top-three rank for both DSC (0.6060) and NSD
(0.7477) among all published methods on the BONBID-HIE dataset.

Participant/Team Method Architecture DSC (1) MASD (V) NSD (1)
Xu et al. 3D UNet 0.6262 2.5017 0.7316
Toubal et al. 3D Swin-UNETR w/ RF 0.6215 2.2556 0.7678
Ours 2D UNet++ 0.606 2.6484 0.7153
Ours 2D UNet++ w/ scSE 0.5986 2.7986 0.7477
Koirala et al. 3D UNet Ensemble 0.58 2.5993 0.7379
Wodzinski et al. 3D ResUNet 0.577 2.9419 0.7379
Tahmasebi et al. 3D nnUNet 0.4998 5.3327 0.6449
Aydin et al. 3D Attention UNet 0.4826 3.4626 0.6176

Conclusion. We demonstrate that jointly optimizing a parametrically efficient 2D architecture
with a non-exclusive spatial prior and a boundary- and region-aware loss effectively mitigates
loss collapse, enabling robust segmentation of hyper-acute neonatal lesions from anisotropic
diffusion MRI.
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