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Abstract. Accurate tumor segmentation on whole-body 3D PET/CT requires
both high voxel-wise overlap and reliable lesion-wise detection. Standard
CE+Dice nnU-Net training can achieve strong Dice while still missing individual
lesion components. We propose a Probability-Weighted Error-Gated False-Neg-
ative/False-Positive (PWEG-FNFP) loss for binary whole-body tumor segmen-
tation. The loss extends CE+Dice with error-gated connected-component terms
that apply additional supervision only to current false-negative and false-positive
lesion components. The false-negative term increases foreground support inside
missed lesions, whereas the false-positive term suppresses spurious predicted
components according to mean foreground probability. We further evaluate a
center-regularized variant by adding the Lcepneer term from Instance-wise and
Center-of-Instance (ICI) to incorporate lesion-center localization. A 3D full-res-
olution nnU-Net was trained on 835 scans from Centre Antoine Lacassagne lon-
gitudinal FDG PET/CT lung cancer cohort and evaluated on 92 held-out internal
scans and the external AutoPET dataset. On the internal test set, conventional
non-lesion-aware losses achieved lesion-wise F1-scores of 0.536-0.599. The best
performance was obtained when the PWEG-FNFP loss was combined with
Lcenter» SUggesting that error-gated FN/FP supervision and center localization
provide complementary optimization signals. Size-stratified analysis showed the
strongest gains for lesions below 1 cm®. On AutoPET, the PWEG-FNFP loss
achieved the highest Dice among lesion-aware variants, while the center-regular-
ized version achieved the highest global lesion-wise F1 score. These results sup-
port probability-weighted connected-component optimization for improving
small-lesion detection while highlighting the remaining challenge of false-posi-
tive control and domain generalization.
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1 Introduction

Accurate tumor segmentation is essential for quantitative oncological image analysis,
supporting tumor-burden estimation and therapy response assessment [1, 2]. In meta-
static disease, however, segmentation quality is not fully captured by voxel-wise over-
lap alone. A model may obtain a reasonable Dice score while still missing small lesions,
which typically have low signal and contribute few voxels to the global objective. Such
missed lesions may lead to underestimation of disease burden, whereas unsupported
false-positive (FP) components increase manual correction burden and may reduce clin-
ical trust. Therefore, lesion-wise false-negatives (FN) and FP are important failure
modes for automated tumor segmentation [2, 3]. Recent PET/CT benchmarks such as
autoPET and HECKTOR have shown the potential of nnU-Net-like architectures [2, 4,
5]. However, the standard nnU-Net training objective is based mainly on cross-entropy
and Dice loss. These losses optimize voxel-wise classification and global overlap rather
than lesion-wise detection.

Overlap-based losses are dominated by large foreground regions, while small lesions
have limited influence on the total loss. Prior losses address this problem through voxel
rebalancing, instance balancing with BlobLoss, and instance/center supervision with
Instance-wise and Center-of-Instance (ICI) loss [6-11]. However, BlobLoss averages
loss uniformly over all instances regardless of detection status and has no explicit false-
positive term, while ICI suppresses spurious components only indirectly through cen-
ter-of-mass competition rather than by directly scoring the model's confidence within
each spurious region. Neither formulation, therefore, explicitly separates the current
lesion-level error components that require opposite corrections: missed ground-truth
(GT) lesions and spurious predicted components. Existing component-based lesion
losses often rely on hard decisions about whether a predicted and ground-truth compo-
nent overlap. Small overlap changes can therefore alter whether a lesion is treated as
detected, missed, or false positive, providing limited information about error severity,
especially for small or low-confidence lesions. This leaves a gap for an error-gated loss
that identifies current FN/FP components by thresholding and uses foreground proba-
bilities to assign a severity to each error.

To address this gap, we propose a probability-based lesion-aware FN/FP (PWEG-
FNFP) loss for binary tumor segmentation. The loss operates on connected components
rather than only individual voxels. The FN term increases foreground probability inside
missed GT lesions, while the FP term decreases foreground probability inside unsup-
ported predicted components. Thus, the PWEG-FNFP term is not only instance-aware;
it gives separate optimization directions to the two clinically relevant detection errors.
After threshold-based component selection, probabilities determine how strongly each
selected component contributes. This provides a differentiable training signal for le-
sion-wise errors, since metrics such as F1 and sensitivity depend on discrete component
matching and cannot be optimized directly by gradient descent. Unlike generic instance
reweighting, the PWEG-FNFP loss allocates additional supervision only to currently
missed or unsupported components. Because probabilities are averaged within each se-
lected component, the correction is component-normalized rather than dominated by
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lesion volume. We integrate this objective into nnU-Net and also evaluate a center-
regularized variant using the center-of-instance term from ICI.

2 Methods

2.1  Optimization Rationale and Design Principles

CE and Dice distribute gradient across all foreground voxels in proportion to volume;
the PWEG-FNFP loss instead restricts gradient to voxels inside currently misclassified
lesion components. The PWEG-FNFP loss instead defines two current error sets:
missed GT components (FN lesions) and unsupported predicted components (FP le-
sions).

Instead of applying additional supervision to all lesion instances, as in generic in-
stance reweighting approaches such as BlobLoss and ICI, Lgy is activated only for
missed GT components and Lrp only for unsupported predicted components. This error-
gating mechanism gives the two errors opposite optimization directions: Ly increases
foreground support inside missed lesions, whereas Lge suppresses foreground support
inside spurious predictions. A missed lesion should receive a correction proportional to
how confidently it is missed, not to how many voxels it contains. We achieve this by
averaging probabilities within each selected component before combining across com-
ponents, so that each missed lesion receives comparable lesion-level correction inde-
pendent of its volume — a property we refer to as component normalization. Similarly,
the severity of each error should reflect the model's own confidence, not merely whether
a component crossed a detection threshold. Thresholding defines which components
are FN or FP, while mean foreground probability defines how severe each selected error
is: a missed lesion with p = 0.05 is penalized more than one with p = 0.45, and an
unsupported component with p = 0.90 more than one with p = 0.20.

2.2 Probability-Based Lesion-Aware FN/FP Loss

Let the model output a foreground probability map p and let g denote the correspond-
ing binary GT lesion mask.

False-negative term. GT lesion components are first extracted from g using 3D
connected-component labeling. A GT component is considered missed if it has no over-
lap with the thresholded prediction p > tpy. Let FV denote the set of missed GT com-
ponents in the image, and let Ngy = [FN| be the number of such components. For each
missed lesion n, p,, is the mean predicted foreground probability inside that GT com-
ponent. The FN term is defined as:

1
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where ¢ is a small constant used for numerical stability. If no missed lesion is present,
Ly is set to zero. Because probabilities are averaged within each missed component,
small selected lesions receive stronger per-voxel correction, while the total correction
per selected lesion remains component-normalized.

False-positive term. To control spurious predictions, predicted components are ex-
tracted from the thresholded probability map p = tgp . A predicted component is con-
sidered false-positive if it has no overlap with the GT mask g Let FP denote the set of
false-positive predicted components in the image, and let Ngp = |FP| be the number of
such components. For each false-positive component m, p,,, is the mean predicted fore-
ground probability inside that predicted component. The FP term is defined as:

. 1 2 _ 2
FP—NFP+6 Pm

High-confidence unsupported components receive larger loss values than weak uncer-
tain components. Thus, probability weighting turns the discrete count objective (#FN +
#FP) into a differentiable severity-aware surrogate.

Total training objective. During training, Lgy and Lgp are computed per image and
averaged over the mini-batch, following standard practice for the CE and Dice terms.
The total training objective then becomes:

L = aleg+ BLpicet VLpn+ 6Lpp 3)

In the final implementation, the CE, Dice, and FN terms were assigned equal weights.
The FP term was disabled during the warm-up period and then linearly increased to its
final weight by the end of fine-tuning. This curriculum first encourages lesion recovery
and then gradually strengthens FP control.

2.3 Complementarity with Center-of-Instance Regularization (Ablation)

The PWEG-FNFP loss (Section 2.2) is the sole proposed contribution of this work. To
test whether it provides information complementary to existing lesion-localization
mechanisms, we conduct an ablation combining PWEG-FNFP with the center-of-in-
stance term Lcqpn:er from ICI loss [10], which transforms each ground-truth and pre-
dicted component into a fixed-size cube centered at its center of mass and computes a
Dice-based loss between the two resulting center maps; we refer to [10] for the full
formulation. The combined objective used in this ablation is:

Lours + n LCenter (4)

where n controls the contribution of the center term. This experiment tests whether
error-gated FN/FP correction and center-of-instance localization are complementary:
PWEG-FNFP determines which error components require correction, whereas Lcenter
encourages accurate localization of lesion centers. Results for this ablation are reported
alongside the main comparisons, and are not treated as part of the proposed method.
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3 Experiments and Results

3.1 Datasets

Experiments were conducted at Centre Antoine Lacassagne using longitudinal FDG
PET/CT lung cancer cohort and the public AutoPET dataset. The institutional cohort
contained 927 scans, including baseline and follow-up examinations from patients with
primary lung cancer and metastatic disease. The cohort was split at the scan level into
835 scans for training/validation and 92 held-out scans for internal testing, with each
patient constrained to a single set to prevent cross-set leakage. Tumor annotations in-
cluded both primary tumors and metastatic lesions and were generated from expert-
defined PET/CT regions of interest. The AutoPET dataset was used only for external
evaluation and was not used during training. The task was formulated as binary whole-
body tumor segmentation, with tumor lesions as foreground and all non-tumor tissue as
background.

3.2 Implementation Details

All experiments used the 3D full-resolution nnU-Net framework. PET and CT were
used as two-channel input, with isotropic spacing of (1.65x1.65x1.65) mm? and patch
size (192*192*192). The learning rate followed the default nnU-Net polynomial sched-
ule, and no loss-specific learning-rate tuning was performed. A CE+Dice baseline
model was first trained for 4000 epochs. This checkpoint was then used to initialize all
fine-tuning experiments, which were trained for 200 epochs under identical settings.
This two-stage design ensured that differences between methods were mainly attribut-
able to the loss formulation rather than initialization or training duration.

For the proposed PWEG-FNFP loss, weused « = 0.5, B = 0.5, y = 0.5 for
the CE, Dice, and FN terms, respectively. The FP term was disabled during the first
seven fine-tuning epochs and then linearly increased to 6,,,« = 0.1. FN and FP com-
ponents were identified using thresholds tzy = 0.6 and tzp = 0.3, respectively. As an
additional reference, we also implemented an ICI-paper-style patch-based baseline us-
ing a MONAI 3D Residual U-Net with PET/CT two-channel input [10]. This model
(PET+CT ICI Net) followed the original ICI patch-based setting as closely as possible,
using 96° patches, Adam optimization, center cube size 73, weights: global: a = 1, blob:
b =1, center: ¢ = 1) , sigmoid thresholding at 0.5, and the full ICI loss with global,
instance-wise, and center-of-instance terms.

3.3  Compared Losses

The PWEG-FNFP loss was compared with both conventional voxel-wise losses and
lesion-aware losses. Conventional losses included generalized Dice loss (GDL), gener-
alized Dice focal loss (GDFL), DiceFocal loss, Tversky loss, and Hausdorff-distance-
based loss. These losses mainly address voxel-wise class imbalance, hard voxels, asym-
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metric FN/FP weighting, or boundary errors. Lesion-aware baselines included Blob-
Loss, ICI, and Lfalselnstance. BlobLoss addresses instance imbalance by averaging the
loss over connected components [9], ICI combines global, instance-wise, and center-
of-instance terms [10, 11], and Lfalselnstance penalizes missed and false predicted in-
stances using connected-component matching [8]. All compared losses were fine-tuned
from the same CE+Dice checkpoint for 200 epochs. Because this baseline differs from
the nnU-Net loss-only comparisons in both architecture and training protocol, it was
reported separately as an 1CI-paper-style reference model.

3.4  Evaluation Metrics

Performance was evaluated using both voxel-level and lesion-level metrics. Voxel-
level segmentation quality was assessed using Dice score. Lesion-level performance
was assessed by extracting 3D connected components from the predicted and GT
masks. A predicted component and a GT component were considered matched if at
least 50% of the GT component overlapped the prediction, or at least 50% of the pre-
dicted component overlapped the GT. Matched GT lesions were counted as true posi-
tives, unmatched GT lesions as false negatives, and unmatched predicted components
as FP. Lesion-wise sensitivity, precision, and F1-score were computed from these com-
ponent-level counts. Macro lesion-wise F1 was computed as the mean of per-scan F1
values, whereas global lesion-wise F1 was computed from pooled TP, FP, and FN
counts across all scans. To assess small-lesion behavior, sensitivity was stratified by
GT lesion volume and precision by predicted component volume. Four size categories
were used: <0.1 cubic centimeters (cm®), 0.1-1 cm?, 1-5 cm?, and >5 cm?. Paired sta-
tistical comparisons of per-scan lesion-wise F1 were performed using two-sided Wil-
coxon signed-rank tests, with Holm correction for multiple comparisons.

35 Internal Test Performance

Table 1 summarizes the internal test performance of the CE+Dice baseline, conven-
tional voxel-wise losses, lesion-aware baselines, and the PWEG-FNFP loss variants.

Table 1. Internal test performance on the held-out institutional cohort. Dice and macro lesion-
wise F1 are reported as mean = standard deviation (SD) across test scans.

Method Test Dice + SD Macro Lesion-wise F1+ SD Global Lesion-wise F1
CE+Dice baseline 0.7182 + 0.2408 0.624 + 0.325 0.617
PET+CT ICI Net 0.1096 + 0.1892 0.152 + 0.166 0.115
Tversky 0.6017 + 0.2845 0.536 + 0.257 0.498
Hausdorff 0.5921 + 0.2964 0.545 + 0.273 0.502
DiceFocal 0.6548 + 0.2852 0.573 +0.253 0.532
GDFL 0.5930 + 0.2975 0.577 + 0.251 0.530
GDL 0.6251 + 0.2787 0.599 + 0.246 0.554
L falselnstance 0.6985 + 0.2455 0.681 + 0.268 0.639
BlobLoss 0.7144 + 0.2328 0.695 + 0.270 0.654
ICI 0.7194 + 0.2356 0.715 + 0.262 0.654
PWEG-FNFP loss 0.6932 + 0.2482 0.693 + 0.259 0.659

PWEG-FNFP 10ss + Leenter 0.7262 + 0.2326 0.720 % 0.240 0.693
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Paired Wilcoxon analysis showed that PWEG-FNFP l0ss With £ ¢y Significantly im-
proved per-scan macro lesion-wise F1 over ICI after Holm correction (4F1 = +0.044,
PHolm = 0.016), but not over BlobLoss (AF1 = +0.017, pyoim = 0.428). Since ICI
already includes center-of-instance supervision, this suggests that the FN/FP terms pro-
vide complementary error-gated information beyond center localization.

Size-stratified analysis was limited to CE+Dice, PET+CT ICI Net (as the prior best
lesion-wise model), and the strongest lesion-aware methods from Table 1, as conven-
tional voxel-wise losses had lower lesion-wise F1.

3.6 Small-Lesion Analysis

Because the PWEG-FNFP loss was designed to improve lesion-level detection, we fur-
ther analysed performance as a function of lesion size. Sensitivity was stratified by GT
lesion volume, whereas precision was stratified by predicted component volume. Table
2 reports the size-stratified lesion-wise sensitivity and precision.

Table 2. Size-stratified lesion-wise performance on the held-out institutional cohort. Sensitivity
is reported as TP/GT by GT lesion size, whereas precision is reported as TP/PC by predicted
component size.

Method Sens. <0.1 Prec. <0.1 Sens. 0.1- Prec. 0.1- Sens. 1-5 Prec. 1-5 Sens. >5 Prec. >5
cm? cm3 lcmsd lcm? cm3 cm3 cm3 cm?
(TPIGT) (TP/PC) (TP/IGT) (TP/PC) (TP/IGT) (TP/PC) (TP/IGT) (TP/PC)
CE+Dice 0.11 0.33 0.55 0.72 0.79 0.77 0.91 0.85
baseline (37/331) (87/259) (259/467) (268/373) (203/255) (153/198) (133/146) (118/139)
PET+CT ICI 0.00 0.21 0.02 0.63 0.12 0.68 0.26 0.53
Net (0/331) (20/95) (8/467) (28/44) (33/255) (24/35) (39/146) (8/15)
BlobLoss 0.24 0.39 0.73 0.75 0.89 0.81 0.95 0.84
(81/331) (158/401) (339/467) (338/449) (228/255) (176/218) (138/146) (114/135)
ICI 0.35 0.32 0.79 0.71 0.93 0.81 0.97 0.86
(117/331) (172/537) (371/467) (371/522) (237/255) (195/241) (141/146) (128/149)
PWEG-FNFP 0.27 0.37 0.72 0.69 0.88 0.85 0.88 0.89
loss (90/331) (125/340) (338/467) (328/474) (225/255) (196/231) (128/146) (132/149)
PWEG-FNFP 0.40 0.34 0.81 0.75 0.89 0.85 0.89 0.84
10S + Leonger (132/331) (124/367) (377/467) (389/514) (229/255) (222/260) (130/146) (135/160)

PWEG-FNFP loss + L¢qnser achieved the highest sensitivity below 0.1 cm? and be-
tween 0.1 and 1 cm3, suggesting improved recovery of small and medium-sized lesions.
Precision for predicted components smaller than 0.1 cm? remained limited across all
methods, indicating a persistent FP burden among very small components. Overall, the
results suggest that FN/FP error correction and center localization are complementary.

3.7 External Evaluation on AutoPET

For external evaluation, the strongest lesion-aware methods were tested on AutoPET,
which was not used during training. Tables 3 and 4 report external Dice, lesion-wise
F1, and size-stratified sensitivity/precision. The PWEG-FNFP loss achieved the highest
Dice, while very small lesions and FP control remained challenging across methods.
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Table 3. External evaluation on AutoPET

Method CE+Dice base- PET+CT ICI BlobLoss ICI PWEG-FNFP PWEG-FNFP
line Net loss 10SS + Leenter
Test Dice + SD 0.0454 + 0.3938 + 0.4068 +
0.3642 + 0.2362 00585 0228 02336 0.4664 +0.2290 | 0.3941 +0.2410
Macro Lesion- 037840274 | 0.067+0.097 | 0.391+0.273 0.409 + 0.282 0.4199+0.252 | 0.4190+0.254
wise F1 + SD
Global Lesion- 0.404 0.070 0.388 0.304 0.307 0.407
wise F1

Table 4. External AutoPET size-stratified lesion-wise sensitivity and precision. TP: True Posi-
tive, GT: Ground Truth, PC: Predicted Components

Method Sens. <0.1 Prec. <0.1 Sens. 0.1- Prec. 0.1- Sens. 1-5 Prec. 1-5 Sens. >5 Prec. >5
cm3 cm3 lcm3 lcm? cm3 cm3 cm3 cm?3
(TP/GT) | (TPIPC) | (TPIGT) | (TPIPC) | (TPIGT) | (TPIPC) | (TPIGT) | (TPIPC)
CE+Dice 0.00 024 0.30 0.45 0.60 0.49 0,81 0.50
baseline (0/197) (117/483) | (106/357) | (205/451) | (178/299) | (81/164) | (180/223) | (61/123)
PET+CT ICI 0.00 0.05 0.00 0.16 0.04 0.16 021 0.20
Net (0/197) (19/356) (0/357) (18/113) (121299) (11/69) (46/223) (10/49)
BlobLoss 0.00 0.19 0.38 0.44 0.64 0.49 0.82 0.48
(0/197) (140/733) | (137/357) | (234/535) | (190/299) | (82/169) | (183/223) | (54/113)
IcI 0.00 0.20 0.48 0.42 071 0.47 0.84 0.49
(0/197) (183/936) | (170/357) | (244/581) | (213/209) | (81/171) | (187/223) | (62/126)
PWEG-FNFP 0.03 0.18 0.62 0.42 0.76 0.44 0.86 0.44
foss (5/197) | (200/1131) | (223/357) | (285/680) | (226/299) | (88/200) | (191/223) | (71/163)
PWEG-FNFP 0.03 022 059 041 0.75 0.42 0.84 0.48
1055 + Loenter (5/197) | (241/1000) | (212/357) | (250/615) | (224/299) | (77/183) | (188/223) | (61/128)

On AutoPET, the PWEG-FNFP loss achieved the highest Dice among lesion-aware
methods, while the PWEG-FNFP 10ss + L. achieved the highest global lesion-
wise F1-score. Performance remained lower than on the institutional cohort, indicating
sensitivity to domain shift across datasets with different lesion distributions, acquisition
protocols, and annotation characteristics.

4 Discussion and Conclusion

This study shows that the PWEG-FNFP loss is not simply another lesion-aware re-
weighting term, but an error-gated component objective that changes where optimiza-
tion pressure is applied. The FN term increases foreground support inside missed GT
components, while the FP term suppresses unsupported predicted components. Because
probabilities are averaged within each selected component, the added correction is com-
ponent-normalized rather than dominated by lesion volume. This explains why the
standalone loss improves over CE+Dice, while the best result with L., indicates
complementarity with lesion-center localization.

The main limitation is that component selection remains threshold-based. Thus, the
loss is differentiable only within the currently selected FN/FP sets and can change when
components appear, disappear, split, or merge. This likely contributes to the remaining
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sensitivity—precision trade-off, especially for very small predicted components. Exter-
nal AutoPET evaluation further shows that lesion-level optimization does not remove
domain shift. Future work should investigate probabilistic component selection, thresh-
old robustness, and stronger FP suppression.
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