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Abstract

“What Dice Misses”: Size-Stratified Volume Regularization for Ischemic Stroke Le-

sion Prognostication

Mohit Piyushkumar Joshi

Small ischemic stroke lesions are difficult targets for deep segmentation models be-
cause the positive class can occupy a tiny fraction of the image volume, and because
voxel-overlap objectives can remain numerically acceptable while clinically important
small lesions are missed. This thesis introduces Size Penalty Loss, a continuous size-
stratified auxiliary loss for medical image segmentation. The proposed term penalizes
relative error between the predicted soft lesion volume and the ground-truth lesion vol-
ume, with an exponential weight that gives stronger optimization pressure to smaller
lesions. Unlike distribution-based losses such as binary cross entropy and focal loss,
region-overlap losses such as Dice and Tversky, boundary losses, and instance-aware
wrappers such as blob loss, the proposed loss operates as a sample-level volume regu-
larizer conditioned directly on lesion size.

The loss was evaluated with a 3D Attention U-Net using ADC, DWI, and an
ADC-DWI mismatch channel on two ischemic stroke MRI datasets: a proprietary de-
identified cohort from Bharati Vidyapeeth Medical College and a public ISLES 2022
working subset. The proprietary evaluation used 5-fold cross-validation over fourteen
loss configurations built from Dice, Tversky, Focal, and Size Penalty terms. ISLES 2022
was evaluated on a held-out split with the principal triple-loss configurations. Because
small disconnected lesions can be missed while aggregate Dice remains competitive,
the main evidence is interpreted through volume error and Panoptica-style instance
metrics that decompose lesion recognition from matched-mask quality. The results
show that Size Penalty Loss is not a standalone segmentation objective; by itself
it has no localization signal and fails. When used as an auxiliary term with strong
spatial losses, however, it improves the failure modes it was designed to target. On the
proprietary cohort, DTS improves missed-lesion count, detection, RVE, RQ, PO, and
ASSD compared with DTF, with the clearest gain in sub-milliliter lesions. On ISLES
2022, FSD is the strongest size-penalty configuration and improves Dice, volume
error, PO, SO, RO, and boundary distance relative to DTF.



The central conclusion is that Size Penalty Loss defines a new class of size-
stratified volume regularization. Its value is not that it replaces Dice, Tversky, or Focal
loss, but that it adds a clinically interpretable pressure toward volume fidelity in the
small-lesion regime where conventional voxel and overlap losses can under-represent
tailure.

Although the experiments are performed on ischemic stroke lesion segmentation,
the method is not limited to stroke. The same objective is intended for minute-target
segmentation tasks where target size is central, including multiple sclerosis lesions,
glomeruli, microscopy structures, material micro-defects, remote-sensing targets, and

autonomous-system small-object perception.

Code availability. The project repository and source code are available at https://gi
thub.com/mhtjsh/Size-Penalty-Loss-Function/.

Project Page. The project page and interactive visualizations are available at https:

//mhtjsh.github.io/Size-Penalty-Loss-Function/.
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Chapter1

SmallLesions, Large Optimization Cost

1.1 Why Small Stroke Lesions Break Overlap Objec-

tives

Ischemic stroke lesion segmentation is a small-target 3D medical imaging problem. In
diffusion-weighted MRI, clinically relevant infarcts can range from large territorial le-
sions to punctate embolic lesions that occupy only a few voxels. This creates two
linked optimization problems. First, the foreground class is sparse relative to brain
background, so voxel-wise losses can be dominated by easy non-lesion voxels. Sec-
ond, average overlap metrics can hide lesion-wise failures: one well-segmented large
lesion can compensate numerically for several missed small lesions.

Deep segmentation systems usually address this imbalance with distribution-
based, region-based, boundary-based, or compound losses [1-3]. These families are
useful, but they do not explicitly ask whether the predicted lesion volume is correct
as a function of lesion size. Dice loss optimizes overlap [4]. Tversky loss changes the
false-positive and false-negative tradeoff [5]. Focal loss emphasizes hard examples
by down-weighting easy predictions [6]. Boundary losses focus on contours and
surfaces [7, 8]. Instance-aware losses such as blob loss address instance imbalance
by averaging a base loss over connected components [9]. None of these mechanisms
directly implements the prior that a fixed relative volume error should matter more

for a small lesion than for a large lesion.

1.2 A Size-Conditioned Volume Signal

This thesis proposes Size Penalty Loss, a continuous size-stratified volume regular-
izer for segmentation. For each lesion-positive sample, the loss computes the relative

mismatch between predicted soft foreground volume and true foreground volume,



then weights this error by an exponential function of ground-truth lesion size. The

key term is
|Vp - Vg|
Vg +e

)

eXP(—Vg /Ts )

where Vj is the ground-truth lesion volume in voxels, V,, is the predicted soft lesion
volume, T is a dataset-calibrated size scale, and ¢ is a numerical stabilizer. The expo-
nential factor is high for small lesions and decays for larger lesions. The loss therefore
gives a smooth size curriculum without a hard threshold.

The contributions are:

1. A mathematical definition of a continuous size-stratified volume penalty for seg-

mentation.

2. A taxonomy argument that places the proposed loss outside standard distribu-

tion, region, boundary, and instance-wrapper families.

3. A fullischemic stroke segmentation evaluation on a proprietary 5-fold cohort and
a public ISLES 2022 split.

4. A size-stratified analysis showing that the benefit is strongest in small-lesion and

volume-sensitive regimes.

5. A discussion of when the loss should be used as an auxiliary term and why future
gated variants should reduce its weight for larger lesions.

1.3 Evidence at a Glance

The strongest proprietary configuration is Dicet+Tversky+Size Penalty, abbreviated
DTS. Compared with the Dice+Tversky+Focal baseline DTF, DTS has slightly lower
mean Dice but better missed-lesion count, detection, RVE, RQ, PO, and ASSD.
The most direct validation appears in sub-milliliter proprietary lesions, where DTS
improves PQ, SO, RQ, Dice, and volume error against DTF.

On ISLES 2022, the strongest size-penalty configuration is Focal+Size Penalty+Dice,
abbreviated FSD. It improves Dice, RVE, PQ, SO, RO, and ASSD compared with DTF.
The ISLES result also shows an important limitation: DTF retains a better missed-lesion
count on that single split. The correct claim is therefore not universal dominance. The
claim is that Size Penalty Loss is a useful auxiliary regularizer for size-sensitive seg-
mentation, especially when the evaluation includes volume and lesion-wise metrics
rather than Dice alone.



Chapter 2

From Overlap Losses to Size-Aware
Regularization

2.1 Where Current Segmentation Losses Help and
Stop

Recent surveys organize segmentation losses into distribution-based, region-based,
boundary-based, and compound families [1, 2]. Distribution-based losses, including
binary cross entropy and focal loss, optimize voxel-wise classification. Region-based
losses, including Dice and Tversky, optimize overlap or overlap-derived tradeoffs.
Boundary-based losses use surface, contour, or distance information. Compound
losses combine losses to capture multiple error modes. The large-scale analysis by
Ma et al. [1] is important for this thesis because it shows that no single loss family is
consistently best across medical segmentation tasks, while compound objectives are
often robust.

This taxonomy leaves a gap for losses whose defining variable is the physical or
voxel size of the target object. Size Penalty Loss is motivated by this gap. It is not
a distribution loss because it does not score each voxel as an independent label. It is
not an overlap loss because it does not use an intersection term. It is not a boundary
loss because it does not use contour or distance information. It is also not an instance-
wrapper loss because it does not decompose the mask into connected components. It

is a size-conditioned sample-level volume regularizer.

2.2 Voxel Difficulty and Region Overlap

Binary cross entropy treats segmentation as voxel-wise Bernoulli classification. It is

simple and stable, but class imbalance can make the background term dominate. Focal



loss was introduced to address dense detection imbalance by down-weighting easy ex-
amples and focusing training on hard examples [6]. In segmentation, focal-style losses
can help when lesion voxels are rare, but the modulation is based on prediction diffi-
culty rather than lesion size.

Dice loss directly optimizes overlap and is widely used for imbalanced medical seg-
mentation [4]. Generalized Dice variants further address class imbalance by weighting
classes [10]. Tversky loss generalizes Dice by assigning different weights to false pos-
itives and false negatives [5]. This is relevant for stroke segmentation because false
negatives are often more costly than false positives. Focal Tversky further applies fo-
cal modulation to the Tversky index and has been used for small lesion segmentation
[11]. These methods remain overlap-centered. They can change the precision-recall

balance, but they do not explicitly apply a continuous size prior to the volume error.

2.3 Contours, Components, and Their Limits

Boundary losses were proposed for highly imbalanced segmentation because regional
integrals can be unstable when foreground and background sizes differ by orders of
magnitude [7]. Boundary Difference over Union similarly focuses on boundary-region
mismatch and adapts attention using target geometry [8]. These losses address con-
tour quality and boundary alignment. For minute lesions, however, a boundary signal
can become unstable because a one-voxel erosion or dilation can strongly change the
contour while the lesion mass remains clinically important. Boundary losses do not
directly penalize absolute or relative volume mismatch.

Blob loss targets a different limitation of Dice: instance imbalance within the fore-
ground class [9]. It applies a base loss to each connected component and averages
over instances so that large foreground objects do not dominate smaller ones. This is
related to the clinical goal of detecting many small lesions, but the mechanism is dif-
ferent. Blob loss equalizes instances after connected-component decomposition. Size
Penalty Loss directly reweights relative volume error as a continuous function of le-
sion size. It does not require instance labels or connected-component decomposition

during training.

2.4 From Size Bounds to Volume Fidelity

The most closely related size-based work is the constrained-CNN loss for weakly su-
pervised segmentation [12]. That method imposes lower and upper bounds on the

predicted foreground size and adds a penalty only when the prediction violates the



teasible interval. This is an interval-satisfaction constraint. It is designed for weak su-
pervision with partial labels and external size bounds.

Size Penalty Loss is different in three ways. First, it uses the exact ground-truth
lesion volume during supervised training and minimizes deviation from that value
rather than from a broad interval. Second, the penalty is a weighted relative volume
regression term rather than a quadratic feasibility constraint. Third, the weighting
is explicitly size-stratified through exp(—V,/7s), which gives stronger emphasis to
smaller lesions. This makes the proposed term a volume-fidelity regularizer rather
than a weak-supervision constraint.

2.5 Metrics That Expose Small-Lesion Failure

2.5.1 Why Dice Alone Is Insufficient

Dice remains necessary because it is the standard global overlap check for lesion masks.
It is insufficient as the only primary lens because it aggregates all foreground voxels
into one score. In fragmented stroke, a well-segmented large lesion can keep aggregate
Dice competitive while separate small lesions are missed, false-positive lesion islands
are added, or the predicted lesion volume is biased. These are different failure modes:
missed lesions and false positives are recognition errors, while poor overlap among
already matched lesions is a mask-quality error.

This thesis therefore reports Dice alongside RVE, missed lesions, false positives,
lesion F1, volume-weighted Dice, concordance correlation coefficient, ASSD, and
Panoptica-style instance metrics. This follows the broader validation principle that
biomedical segmentation metrics should be chosen to match the domain question
rather than selected as a single default score [13, 14].

2.5.2 Panoptic Decomposition

Panoptic quality was introduced to combine semantic segmentation quality with in-
stance recognition in one interpretable score [15]. Panoptica adapts instance-wise eval-
uation to 2D and 3D biomedical segmentation maps and can complement the origi-
nal overlap-based panoptic formulation with alternative matched-instance similarities
[16]. For stroke lesion evaluation, let R denote a reference lesion instance, P denote a

predicted lesion instance, and f(R, P) denote the similarity score assigned to a matched



reference-prediction pair. Then

PQ = 2_rpyere (R, P) _ 2_r,pretp [(R,P) . ITP|
~ [TP| 4 0.5[FP| + 0.5[FN| TP| ITP|+ 0.5[FP| + 0.5[FN| *
5Q RQ

SO measures the quality of masks that were already matched; RO measures whether
lesion instances were recognized at all; PO combines the two. This decomposition is
the methodological reason for treating Dice as necessary but not sufficient in the small,

disconnected-lesion setting.



Chapter 3

Size Penalty Loss: A Size-Aware Vol-
ume Regularizer

3.1 Volumes, Masks, and Soft Predictions

Let zjm denote the model logit at voxel j for sample i, and let
p; = alz")

be the predicted soft foreground probability after the sigmoid. Let y)m € {0, 1} be the
binary ground-truth lesion mask. The ground-truth and predicted soft lesion volumes

are
N N
W _ N0 D _ N o)
vl =2yt v =) p
j=1 j=1

Both are expressed in voxels during training. Physical volume in milliliters is obtained

by multiplying voxel count by the dataset-specific voxel volume.

3.2 The Size-Weighted Relative Volume Error

For lesion-positive samples, the proposed Size Penalty Loss is

) v(i) _ V(i)

(W i - V. ) P

¢, =1[VY > 0] min (c, exp (— Tg ) Vo |
S g




where 1; = 600 voxels in the experiments, ¢ = 1073, and c = 10 caps extreme penalty

values. For a mini-batch B, only lesion-positive samples contribute:
1 - . .
Love =157 ) (b, Bi={ieB:V! >0
Tlien,

The empty-mask exclusion is intentional. If V4 = 0, a relative volume error term would
be ill-conditioned and could create unstable gradients. Empty samples remain super-

vised by the spatial losses.

3.3 Implementation as a Differentiable Auxiliary Term

Callout: PyTorch implementation of the Size Penalty term

class ContSizePenaltyLoss(nn.Module):

NN

Continuous size-penalty loss (v5) - no hard thresholds.

L_size = exp(-V_g / tau_s) * |V_p - V_g| / (V_g + eps)

V_g = GT lesion volume (voxel count)
V_p = predicted volume (soft sum of sigmoid outputs)
tau = SIZE_TAU (600) - characteristic decay scale

The loss is fully differentiable before the clamp and only fires
for samples that have a lesion.
NN
def __init__(self, tau: float = 600.0, smooth: float = le-5):
super()._init__Q)
self.tau = tau
self.smooth = smooth

def forward(self, pred_logits: torch.Tensor,
binary_mask: torch.Tensor) —> torch.Tensor:
p = torch.sigmoid(pred_logits)

eps = self.smooth
V_g = binary_mask.sum(dim=(1, 2, 3, 4)) # (B,)
V_p = p.sum(dim=(1, 2, 3, 4)) # (B,)

# Only penalize samples that have a lesion.
# Empty masks remain handled by the spatial loss terms.
has_lesion = (V_g > 0).float() # (B,)




# Continuous exponential weighting: smooth decay, no threshold.
w = torch.exp(-V_g / self.tau)

# Relative volume error.
rel_error = torch.abs(V_p - V_g) / (V_g + eps)

# Hard cap for extreme errors; saturated samples have zero
# gradient through this auxiliary term.
per_sample = torch.clamp(w * rel_error, max=10.0) * has_lesion

n_with_lesion = has_lesion.sum().clamp(min=1.0)
return per_sample.sum() / n_with_lesion

3.4 Exponential Weighting as a Small-Lesion Curricu-

lum

The defining function is
W(Vg) = eXp(_ g/Ts)-

Itis monotone decreasing in lesion size. For two samples with the same relative volume
error, the smaller lesion receives the larger penalty. At V, = T, the weight is e™' ~
0.368. With Ty = 600 voxels, the proprietary voxel volume of 0.0048 mL per voxel gives
T, ~ 2.9060mL. Under an approximate 2.0000 mm x 2.0000 mm x 2.0000 mm ISLES

voxel assumption, T, ~ 4.8000 mL.

3.5 Why Relative Error, Clamping, and Gradients Mat-
ter

The relative error term V.V
E(Vp, Vg) = %
is minimized only when the predicted soft lesion volume matches the ground-truth
volume. Expressed as a ratio r = V,,/V, it is approximately |r — 1|, which explains
the V-shaped behavior in Fig. 3.1. The size adaptivity does not come from this relative-
error term by itself; it comes from multiplying the relative error by w(Vy).

The clamp in Section 3.2 is a hard cap on the penalty:

s, = min(c, wE).



(a) Exponential size weight

T T

> i
2
0
0 1,000 2,000 3,000
Vg (voxels)
(c) Final clamped loss
T T
10 — vy=100
. —— V4 =300
“§ — Vg4 =600
S 5| —Ve=1200 |
£ —— Vg4 = 2400
g
0 V ;
0 2,000 4,000 6,000

V, (voxels)

|aLsize/an‘

(b) Relative volume error

T T

f
[}
1
1
1
1
1
1
1
1
)
)
]
1

-1072
-1072
21072

-1073

Vp/Vyg

(d) Gradient magnitude and clamp

‘ ‘ ‘
— Vg=50
- cap oy, 2300 |
— Vg =900
i —— Vg = 3000 |
Il Il Il I Il
0 5 10 15 20
Vyp/ Vg

Figure 3.1: Component behavior of Size Penalty Loss. Panel (a) shows the exponential size
weight. Panel (b) shows the relative volume error term, which is minimized when the predicted
and ground-truth volumes match. Panel (c) shows the final clamped loss for different ground-
truth lesion sizes. Panel (d) shows the pre-clamp gradient magnitude with respect to predicted
volume and the point where the hard cap makes the gradient zero for extreme over-prediction.
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Before the cap is reached and away from the exact equality point V,, =V, the deriva-

tive with respect to predicted volume is

a €size

sign(V;, — V)
A ‘

Vy+e

= eXP(—Vg/Ts)

Thus smaller lesions receive larger volume-correction gradients. Once wkE > c, the
clamp saturates and the derivative through the clamp becomes zero. This prevents
extreme over-segmentation cases from dominating the optimization. At exact volume

equality, the usual subgradient of the absolute-error term is zero.

3.6 How the Size Term Partners With Spatial Losses

The size term has no localization signal. Any permutation of predicted probabilities
that preserves the total predicted volume gives the same L. This is not a weakness
when the term is used correctly; it defines its role. Size Penalty Loss should be an

auxiliary term paired with spatial losses:
Ltotal = }\D LDice + )\TLTversky + }\FLFocal + }\SLsize)

with inactive terms omitted from each experiment. The experiments used Ap = At =
Ar = 1.0 and As = 0.3 when combined with other losses. When S was trained alone,
As = 1.0.

3.7 Positioning Against Existing Loss Families

11



Table 3.1: Conceptual distinction between Size Penalty Loss and major loss families.

Loss family

Optimized quantity

Difference from Size Penalty
Loss

Distribution-based
Region-based
Boundary-based
Instance-aware
Size-constrained

weak supervision

Proposed term

Voxel-wise label probability,
as in BCE or focal loss
Foreground overlap, as in
Dice or Tversky

Surface, contour, or distance-
to-boundary agreement

Per-connected-component
base losses

Predicted size inside an al-
lowed interval

Size-weighted relative vol-

ume mismatch

Reweights voxels by class
probability or difficulty, not
by lesion size.

Uses intersection and over-
lap counts, while Size Penalty
uses only volume totals.
Optimizes boundary align-
ment rather than direct
lesion-volume fidelity.
Requires instance decomposi-
tion; Size Penalty does not.
Penalizes only outside a fea-
sible interval; Size Penalty re-
gresses toward exact ground-
truth volume.

Directly prioritizes smaller le-
sions through a continuous ex-
ponential weight.

12



Chapter 4

Experimental Pipeline for Stroke Le-
sion Segmentation

4.1 Stroke MRI Cohorts and Lesion Scale

Two ischemic stroke MRI datasets were used. The public dataset was a working subset
of ISLES 2022, a multicenter, multi-vendor acute-to-subacute stroke lesion segmenta-
tion dataset [17]. The proprietary dataset was a de-identified MRI cohort from Bharati
Vidyapeeth Medical College, Pune, developed over eight years and annotated by a
board-certified consulting neurologist.

4.2 ADC-DWI Normalization and Mismatch Encoding

ADC and DWI volumes were normalized per volume by percentile clipping between
the first and ninety-ninth percentiles, followed by min-max scaling to [0,1]. A third

mismatch channel was computed as
Mismatch(x) = DWI(x) [1 — clip(ADC(x), 0, 1)].

This channel encodes the acute ischemia pattern of high DWI signal with low ADC
signal. It also suppresses patterns such as T2 shine-through, where both DWI and
ADC are high.

4.3 3D Attention U-Net Backbone

All experiments used a 3D Attention U-Net style model with attention gates, ASPP
bottleneck, and dropout. U-Net provides the encoder-decoder structure and skip con-
nections for biomedical segmentation [18]; 3D U-Net extends this idea to volumetric

13



Table 4.1: Dataset and input summary used in the experiments.

Property ISLES 2022 working subset ~ Proprietary cohort
Cases 185 wusable MRI volumes 210 de-identified MRI vol-
from the public training data umes
Split 80/10/10 train/validation/test  80/10/10 within Cross-
validation folds
Input size 112 x 112 x 72 256 x 256 x 25, zero-padded

Slice thickness

Voxel volume used
for volume conver-
sion

Modalities

Lesion distribution

2.0000 mm
Approximately ~ 0.0080 mL
under a 2.0000mm X
2.0000mm x  2.0000 mm
assumption

DWI, ADC, FLAIR available;
DWI/ADC used in this model
pipeline

Heterogeneous
acute/subacute infarcts
with multiple disconnected
lesions and strong imbalance

to 32 slices
6.0000 mm
0.0048 mL

ADC and DWI used in this
model pipeline

Mean scan infarct volume
32.7990mL, range 0.1310 mL
to 370.4920 mL; mean discon-
nected ischemias 5.900 per

scan

data [19]; Attention U-Net adds attention gates that suppress irrelevant regions and
improve sensitivity to target structures [20]. The implemented network used three in-
put channels, one output channel, base filters of 32, dropout of 0.20, attention gates
enabled, ASPP enabled, and deep supervision disabled. The model contained approx-

imately 14.54 million trainable parameters.

4.4 Loss Ablations and Optimization Protocol

The proprietary ablation used 5-fold evaluation summaries for fourteen loss combi-
nations built from Dice (D), Tversky (T), Focal (F), and Size Penalty (S). The training
description used a 10-fold splitting rule during training, with sequential CSV order
preserved and identical folds across loss combinations. The principal reported propri-
etary analysis aggregates five evaluated test folds. ISLES 2022 was evaluated on one
held-out split and therefore supports external replication, not fold-level consistency
claims.

Training patches used large patches of 32x 128 x 128 and small patches of 32x 64 x 64,
with multi-resolution small-patch sampling probability 0.2. Positive sampling was

used to address sparse lesions: the large-patch positive ratio was 0.7 and the small-
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patch positive ratio was 1.0. Each training and validation volume contributed ten
patches. Augmentations included spatial flips, depth flips, elastic deformation, back-
ground cutout, intensity scale/shift, noise, and gamma augmentation. The mismatch
channel was recomputed from augmented ADC and DWI rather than augmented di-
rectly.

Optimization used AdamW with learning rate 3x 10, weight decay 107, gradient
clipping at 1.0, mixed precision, batch size 18, and a maximum of 400 epochs. AdamW
was selected because decoupled weight decay is better matched to adaptive optimizers
than classical L2 regularization [21]. OneCycleLR was used with pct_start=0.2,
div_factor=25, final_div_factor=1000, and cosine annealing inside the cycle.
One-cycle scheduling was chosen because sparse lesion segmentation benefits from an
early exploratory phase followed by a low-learning-rate refinement phase [22]; cosine
annealing and warm restart schedules provide a useful baseline for learning-rate decay
[23], but monotonic early decay can become conservative before lesion-specific filters
are fully shaped.

4.5 Sliding-Window Inference and Validation-Selected
Thresholds

Inference used 3D sliding windows with Gaussian blending. ISLES used patch size
32 x 112 x 112, while the proprietary cohort used 32 x 128 x 128. Standard sweep
models used 50% overlap, while continuous size-penalty models used 75% overlap.
Eight-flip test-time augmentation averaged predictions across flips over depth, height,
and width axes.

Probability thresholding used the candidate set {0.3,0.4,0.5,0.6,0.7}. For each fold
or dataset split, the operating threshold was selected on the validation split by maxi-
mizing aggregate validation Dice, then that validation-selected threshold was applied
once to the independent test split. Test-set metrics were not used to choose or tune
the threshold. Connected components smaller than 5 voxels were removed using 3D

18-connectivity.

4.6 Overlap, Volume, Boundary, and Instance Metrics

The main reported metrics were Dice, mean false-positive lesion count, mean missed-
lesion count, detection rate, RVE, PO, SO, RQ, and ASSD. Additional metrics included
volume-weighted Dice, lesion F1, concordance correlation coefficient, and absolute

volume error in milliliters.
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For instance-level evaluation, each thresholded semantic lesion mask was con-
verted into lesion instances by 3D connected-component labeling after the same
small-component filtering described in Section 4.5. Let R be the set of reference
lesion instances and P be the set of predicted lesion instances. Panoptica-style match-
ing assigns predicted instances to reference instances, producing matched pairs TP,
unmatched predicted instances FP, and unmatched reference instances FN. The
false-positive and missed-lesion counts reported in the tables are derived from these
unmatched instance sets.

PO, SO, and RO were computed using Panoptica-style instance matching and eval-
uation [16], following the panoptic quality decomposition introduced by Kirillov et al.
[15]. With R denoting a reference lesion instance, P denoting a predicted lesion instance,

and f(R, P) denoting the matched-instance similarity score,

PQ = Z(R,P)eTP f(R,P) . Z(R,P)eTP f(R,P) . ITP|
TP+ 0.5[FP| + 0.5[FN| ITP| ITP| + 0.5[FP| + 0.5[FN| °
sQ RQ

Thus SO summarizes mask quality among matched lesion instances, while RO sum-

marizes lesion-instance recognition after penalizing false positives and missed lesions.

4.7 Reproducibility Companion

The code repository for Size Penalty Loss is available at https://github.com/mhtjsh/Si
ze-Penalty-Loss-Function [24]. The repository should be treated as the implementation
companion to the mathematical definition and the PyTorch class shown in Chapter 3.
The project page for graphs and behaviour of the loss function is available at https:
//mhtjsh.github.io/Size-Penalty-Loss-Function/.
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Chapter 5

Evidence for Size Penalty Loss as Vol-
ume Regularization

5.1 ProprietaryCohort: Recognition and Volume Trade-
offs

Table 5.1: Proprietary 5-fold mean performance across all loss combinations. Lower is better
for FP, missed lesions, RVE, and ASSD. Higher is better for Dice, detection, PO, SO, and RO.

Loss Dice FP Missed Det. RVE PQ SQ RQ ASSD

D 0.7277 159 6.28 0.5135 0.2726 0.2972 0.6589 0.4001 4.0142
D+T 0.7155 1.96 6.32 0.5375 0.2936 0.2921 0.6352 0.3966 4.2491
DTF 0.7315 1.93 6.15 0.5293 0.2777 0.2903 0.6552 0.3873 3.9814
DTS 0.7268  2.07 6.03 0.5368 0.2745 0.2940 0.6424 0.4022 3.5665
F 07144 241 6.38 0.5227 0.2778 0.2590 0.6110 0.3429 4.7535
F+D 0.7229 1.62 6.16 0.5309 0.3573 0.2883 0.6584 0.3813 3.6349
F+5  0.6290 1.89 7.59 0.4389 0.3642 0.1607 0.4838 0.2330 3.3632
FSD 0.7204 1.79 6.24 0.5359 0.3095 0.2763 0.6407 0.3730 3.9299
S 0.0067 112.97 3.20 0.7823 3441.0637 0.0000 0.0055 0.0000 63.3154
S+D  0.7310 1.75 6.26 0.5234 0.3014 0.2958 0.6583 0.3916 3.7925
S+T  0.7334  1.99 5.97 0.5488 0.2954 0.2873 0.6501 0.3923 3.3583
T 07142 216 5.85 0.5576 0.3677 0.2754 0.6398 0.3755 3.8228
T+F 0.7351 1.60 5.94 0.5544 0.2973 0.2985 0.6578 0.4017 3.3165
TFs 07212 221 5.78 0.5463 0.3105 0.2740 0.6391 0.3705 4.2837

Raw Dice ranks T+F first, S+T second, and DTF third. This ranking is useful but
incomplete. The clinically relevant comparison for the proposed loss is DTS against

DTF, since DTF is the strongest non-size triple baseline. DTS gives a small Dice de-
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crease, from 0.7315 to 0.7268, but improves missed lesions, detection, RVE, PO, RQ,
and ASSD. The panoptic improvement is mainly recognition-side: RQ increases from
0.3873 to 0.4022, while SO decreases from 0.6552 to 0.6424. The claim is therefore bet-
ter lesion recognition and volume-sensitive behavior, not universally better matched-
mask quality. The main tradeoff is a higher false-positive count and lower SO.

Table 5.2: Core proprietary triple-combo comparison. DTS improves recognition-side and
volume-sensitive metrics but not raw Dice or false positives.

Metric DTF DTS Direction for DTS
Dice 0.7315 0.7268 —0.0047
Mean FP 1.93 2.07 +0.14
Mean missed 6.15 6.03 —0.12
Detection 0.5293 0.5368 40.0075
RVE 0.2777 0.2745 —0.0032
PQ 0.2903 0.2940 +0.0037
SQ 0.6552 0.6424 —0.0128
RQ 0.3873 0.4022 +0.0149
ASSD 3.9814 3.5665 —0.4149

5.2 ISLES 2022: Public-Dataset Generalization

Table 5.3: ISLES 2022 held-out split results. FSD is the best size-penalty configuration on this
public dataset.

Loss Dice FP Missed Det. RVE PQ SQ RQ ASSD Epochs

DTF 0.7503 0.84 6.16 0.6839 0.2618 0.3486 0.6569 0.4712 1.6417 205
DTS 0.7514 0.42 742 0.6091 0.2757 0.3389 0.6596 0.4440 1.5659 271
FSD 0.7774 0.68 7.21 0.6475 0.2478 0.3882 0.6801 0.5074 1.4994 336
TFS 0.7472 0.79 7.21 0.6543 0.2562 0.3600 0.6791 0.4999 1.6486 216

On ISLES, FSD improves over DTF in Dice by 0.0271, RVE by 0.0140, PQ by 0.0396,
SO by 0.0232, RO by 0.0362, and ASSD by 0.1423. All size-penalty combinations re-
duce false positives relative to DTF, with DTS reducing FP from 0.84 to 0.42. However,
DTF has fewer missed lesions than the size-penalty combinations on this single split.
The public-dataset conclusion is therefore that FSD improves segmentation, volume,
panoptic, and false-positive behavior, while missed-lesion behavior remains a limita-

tion.
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Figure 5.1: Compact relative-improvement view of the main result. Positive values mean better
performance. For RVE and ASSD, improvement is plotted as relative reduction. The plot
shows why raw Dice alone is insufficient: on the proprietary cohort, DTS slightly reduces Dice
but improves volume-sensitive and recognition-sensitive metrics; on ISLES, FSD improves the
full plotted metric set against DTF.

Table 5.4: Proprietary size-gated results for selected configurations. The < 5 mL bin is the
target regime for Size Penalty Loss.

Loss Bin n Dice RVE FP Missed PQ SQ RQ
DTF <5mL 37 0.6316 0.3626 0.59 1.46 0.3857 0.5342 0.5207
DTS <5mL 37 0.6301 0.3253 0.65 1.51 0.3807 0.5535 0.5329
S+T <5mL 37 0.6476 0.3594 0.59 1.35 0.3917 0.5616 0.5491
T+F <5mL 37 0.6455 0.3581 0.41 1.43 0.3943 0.5585 0.5422
DTF >5mL 64 0.7890 0.2299 2.69 8.91 0.2348 0.7253 0.3099
DTS >5mL 64 0.7828 0.2450 2.89 8.69 0.2431 0.6935 0.3259
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5.3 Where Size Penalty Loss Helps Most

For proprietary lesions below 5 mL, DTS reduces RVE from 0.3626 to 0.3253 relative
to DTF and improves SO from 0.5342 to 0.5535 and RO from 0.5207 to 0.5329. Dice is
essentially tied. The same table also shows why a future gate is justified: above 5 mL,
DTF has better Dice and RVE, while DTS retains recognition-side advantages. This is
consistent with the exponential size weight, whose influence is already reduced near
and above 5 mL.

Table 5.5: Sub-milliliter proprietary lesion results for triple-loss combinations. DTS is the
strongest result in the smallest lesion bin.

Loss n PQ SQ RQ Dice

DTF 17 0.2885 0.4140 0.4033 0.4948
DTS 17 0.2961 04355 04286 0.5119
TFS 17 02501 0.3669 0.3549 0.4919
FSD 17 0.2255 0.3474 0.3034 0.4428

5.4 Training Dynamics and Case-Level Behavior
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(a) ISLES FSD training summary. (b) Proprietary DTS training summary.

Figure 5.2: Training curves for the best size-penalty configurations on the two datasets.
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(a) : GT 0.63 mL, predicted 1.49 mL, Dice (b) DTS: GT 0.63 mL, predicted 0.73 mL, Dice
0.5434. 0.7330.

Figure 5.3: Proprietary case comparison on the same sub-milliliter lesion. Size Penalty im-
proves volume fidelity and overlap for this case.
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(a) : GT 24.33 mL, predicted 22.98 mL, Dice (b) FSD: GT 24.33 mL, predicted 23.84 mL, Dice
0.8287. 0.8412.

Figure 5.4: ISLES case comparison. FSD improves Dice on this case despite a larger absolute
volume difference than , showing why case-level visualization should accompany aggre-
gate metrics.
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5.5 Claims Supported by the Evidence

The evidence supports five main results. First, Size Penalty Loss fails as a standalone
loss because it has no localization signal. Second, it works as an auxiliary regularizer
when paired with spatial losses. Third, DTS is the most defensible proprietary size-
penalty configuration because it improves missed lesions, detection, RVE, PO, RO,
and ASSD relative to DTF, with the strongest direct evidence in sub-milliliter lesions.
Fourth, FSD is the best ISLES size-penalty configuration. Fifth, a gated or reduced-
weight version is justified for larger lesions, but it should be presented as future work

unless directly implemented and evaluated.
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Chapter 6

Interpreting the Size Penalty Loss Sig-
nal

6.1 What the Volume Signal Adds

Size Penalty Loss adds a scalar volume-fidelity signal that conventional segmenta-
tion losses do not provide directly. Dice and Tversky care about overlap. Focal loss
cares about hard examples. Boundary losses care about contour alignment. Blob loss
cares about instance imbalance. The proposed loss cares about whether the total pre-
dicted lesion mass matches the true lesion mass, and it makes that question more im-
portant when the lesion is small.

This distinction is the main novelty. The loss is not proposed as a better Dice loss. It
is orthogonal to Dice because it is permutation-invariant over voxels. Two predictions
with identical soft volume receive the same size loss even if one is spatially correct and
the other is not. For that reason, Size Penalty Loss must be paired with spatial losses.
The experiments confirm this: S alone collapses, while DTS and FSD are competitive

or improved in the settings where size and instance metrics matter.

6.2 Whythe Best Loss Partner Depends on the Dataset

The best size-penalty partner is dataset-dependent. In the proprietary cohort, DTS is
the most defensible thesis configuration. It is not the raw-Dice winner, but it improves
recognition-side and volume-sensitive metrics over DTF. This matters because the pro-
prietary cohort contains a wide lesion-size range, sub-milliliter lesions, and multiple
disconnected ischemias per scan. The size term appears to help most when the model
already has strong spatial overlap and false-negative pressure from Dice and Tversky.

In ISLES 2022, FSD is the cleanest result. ISLES is multicenter and scanner-

heterogeneous [17]. Focal loss can help with hard examples in this setting, while Dice

23



provides overlap gradients and Size Penalty Loss adds volume control. The result is
a model that improves Dice, RVE, PO, SO, RO, and ASSD over DTF. The limitation is
that DTF still has fewer missed lesions on the single ISLES split, so the public-dataset
claim must remain specific to overall segmentation and panoptic quality rather than

universal lesion detection.

6.3 Reading PQ Through Recognition and Segmenta-
tion Quality

The reviewer-facing metric argument is not that Dice is wrong. Dice is necessary for
confirming global voxel overlap, but it is not sufficient for the clinical question in small,
fragmented stroke lesions. That question has two parts: whether separate lesion in-
stances are recognized, and how good the masks are once they have been matched.
PQ is useful because it keeps those parts connected while RO and SO expose them
separately.

The proprietary gain is mostly recognition-side. DTS improves RQ more clearly
than SO, and the small PO gain is driven by better lesion instance recognition rather
than better masks among already matched lesions. This is clinically meaningful be-
cause missing separate lesions changes interpretation even if aggregate Dice remains
acceptable.

The SO decrease is also important. It shows that the proposed loss can encourage
the model to recognize or preserve more lesion instances without always improving
matched-mask quality. This argues for reporting PO, SO, and RQ separately. Report-
ing only PO would hide the mechanism. Reporting only Dice would miss the main
benefit.

6.4 The 5 mL Gate as a Future Control Mechanism

The experimental results support a gating hypothesis. A 5 mL lesion corresponds to
approximately 1032 proprietary voxels and approximately 625 ISLES voxels under the
ISLES spacing approximation. With T, = 600, the size weight at 5 mL is about 0.179
for the proprietary cohort and about 0.353 for ISLES. The loss is not zero above 5 mL,
but its influence is reduced.

The proprietary results show why this matters. In the < 5 mL bin, DTS improves
RVE and recognition-side panoptic metrics relative to DTF. In the >5 mL bin, DTF is
safer for Dice and RVE, while DTS retains some recognition advantages. A future

gated version could estimate lesion scale from a coarse prediction or soft foreground
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mass, keep Size Penalty Loss active below 5 mL, and reduce As above 5 mL. This

thesis should describe that as a future mechanism, not as a completed trained gate.

6.5 Beyond Stroke: Minute-Target Segmentation

The experiments in this thesis validate Size Penalty Loss on ischemic stroke MRI, but
the loss is not intrinsically tied to stroke. Its defining assumption is broader: when the
target object is minute, sparse, and clinically or operationally important, global overlap
metrics can understate the cost of missing or under-sizing that object. Any segmenta-
tion task with that structure is a candidate for size-stratified volume regularization.

In medical imaging, the most direct future applications are lesion and micro-
structure tasks where small regions carry high diagnostic value. Examples include
multiple sclerosis plaque segmentation, glomeruli segmentation in renal pathology,
cell and organelle segmentation in microscopy, small vessel or retinal lesion segmen-
tation, micro-metastasis segmentation, and other pathology tasks where small target
completeness matters more than the average foreground overlap. In these settings,
the value of Size Penalty Loss would be tested by whether it improves RVE, instance
recognition, and small-object recall without introducing unacceptable false positives.

The same principle can extend outside clinical imaging. Candidate non-medical
domains include satellite arterial or fine-road-network imaging, material micro-defect
segmentation, semiconductor inspection, remote-sensing small-object segmentation,
and autonomous-system perception tasks such as small obstacle or small-object avoid-
ance. These domains differ in scale and cost function, but they share the same failure
mode: a small object can be practically important while contributing little to a global
overlap objective.

The main research step is therefore not simply to reuse t; = 600. Future work
should estimate T, from each dataset’s object-size distribution, report size-stratified
metrics, and compare fixed, learned, and gated size-penalty schedules. A mature ver-
sion of the method should also test whether the size term should be switched on only
below a task-specific volume threshold, smoothly annealed with predicted object size,
or combined with instance-aware penalties when object count is also clinically impor-
tant.

6.6 Implementation Availability

The implementation repository for this project is available at https://github.com/m
htjsh/Size-Penalty-Loss-Function. The repository link is included to make the loss

definition, training scripts, and experiment material easier to audit and extend. The
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project page for graphs and behaviour of the Size Penalty Loss is available at https:
//mhtjsh.github.io/Size-Penalty-Loss-Function/.

6.7 Boundaries of the Current Evidence

The first limitation is statistical power. The proprietary evidence is based on five eval-
uated folds, while ISLES uses one held-out split. Directional consistency can be de-
scribed, but strong statistical significance claims should not be made without addi-
tional testing.

The second limitation is false-positive behavior. Size Penalty Loss does not di-
rectly penalize disconnected false-positive islands. On ISLES, all size-penalty combi-
nations reduce false positives compared with DTF. On the proprietary cohort, DTS
increases false positives compared with DTF. This is not a contradiction; it shows that
volume regularization, thresholding, and lesion morphology interact.

The third limitation is that T, = 600 was not ablated. This value is defensible for
the tested datasets and maps to clinically meaningful small-lesion scales, but it is not
proven globally optimal.

The fourth limitation is calibration and threshold dependence. The reported met-
rics depend on the threshold sweep. Because size regularization changes predicted
soft volume, it can shift the operating point. Future work should test calibration-aware
thresholding and fixed-threshold deployment.

The fifth limitation is localization. Size Penalty Loss is intentionally global and
volume-based. It should not be used alone, and it should not be described as boundary-
aware or instance-aware. Its strength comes from complementing spatial losses, not

replacing them.
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Chapter 7

Conclusion: A New Axis for Loss De-
sign

This thesis introduced Size Penalty Loss, a continuous size-stratified volume regular-
izer for medical image segmentation. The proposed loss penalizes relative mismatch
between predicted and true lesion volume, weighted by an exponential function of
lesion size. This creates a smooth optimization bias toward small lesions without in-
troducing a hard threshold.

The experiments show that the loss defines a useful auxiliary objective, not a stan-
dalone segmentation loss. On the proprietary ischemic stroke cohort, DTS improves
missed lesions, detection, RVE, RQ, PO, and ASSD compared with DTF, with the clear-
est evidence in sub-milliliter lesions. On ISLES 2022, FSD is the strongest size-penalty
configuration and improves Dice, volume error, panoptic metrics, and boundary dis-
tance relative to DTF. The results also establish important boundaries: Size Penalty
Loss does not always reduce false positives, does not always improve SO, and should
not be claimed as a universal replacement for established compound losses.

The main contribution is therefore a new loss-function category: size-stratified
volume regularization. It addresses a gap in the current taxonomy of segmentation
losses by making lesion size an explicit conditioning variable in the objective. For
stroke segmentation, this gives the model a direct pressure to preserve small lesion
volume, which Dice-centered evaluation can understate. Future work should test
the same principle beyond stroke in other minute-target segmentation problems,
including multiple sclerosis lesions, glomeruli, microscopy structures, material micro-
defects, remote-sensing targets, and autonomous-system small-object perception. The
strongest methodological next step is a gated version that keeps the size penalty active
below a task-specific volume threshold and reduces its influence for larger targets.
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Appendix A

Appendix: Abbreviations and Metric
Formulae

A.1 Loss Combination Key

Table A.1: Loss abbreviations used throughout the thesis.

Symbol Loss function

D Dice loss

T Tversky loss, « = 0.3, = 0.7

F Focal loss, vy = 2.0, « = 0.25

S Continuous Size Penalty Loss, 7, = 600 voxels

DTF Dice + Tversky + Focal

DTS Dice + Tversky + Size Penalty
FSD Focal + Size Penalty + Dice
TFS Tversky + Focal + Size Penalty

A.2 Metric Formulae Used in Evaluation

Dice is reported as the standard soft or binary overlap coefficient after thresholding
for inference:

) 2|IP N G|

Dice = ——.

[Pl + |G|

RVE is Vv v
RVE_| P — Vgl

Vg + ¢
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PO follows

PQ — 2 ®pere F(RP) 2 gpere F(RP) ITP|
ITP| + 1FP| + 2IFN| ITP| _ [TPI+ S[FPI+ SIFN]’
5Q RG

where R is a reference lesion instance, P is a predicted lesion instance, f(R, P) is the
matched-instance similarity score, SO measures the average quality of matched in-

stances, and RO measures instance recognition quality.
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