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Abstract. High-resolution postmortem magnetic resonance imaging en-
ables detailed examination of brain anatomy at spatial scales not achiev-
able in vivo and provides a unique opportunity to link morphomet-
ric measurements with the underlying pathology. Despite these advan-
tages, robust computational tools for automated anatomical segmen-
tation and cortical surface reconstruction remain limited, particularly
in postmortem infant brains. Incomplete myelination, thinner cortical
ribbons, small-scale neuroanatomy, evolving tissue contrast, fixation-
induced signal alterations, and variability in postmortem preparation
make standard neuroimaging pipelines unsuitable for postmortem in-
fant MRI. In this work, we introduce a unique high-resolution multi-
sequence postmortem infant MRI dataset and a unified computational
framework that combines deep learning-based volumetric segmentation
with surface-based cortical reconstruction and anatomical parcellation in
native subject-space resolution. The framework is designed to general-
ize across diverse postmortem MRI acquisition protocols, spatial resolu-
tions, tissue preparation conditions, and specimen characteristics while
remaining robust to substantial variability in image contrast, tissue de-
formation, fixation-induced intensity changes, background signal char-
acteristics, and anatomical variability encountered in postmortem in-
fant MRI. We benchmark our framework against widely used contrast-
agnostic and foundational brain segmentation models, demonstrating
improved anatomical consistency and segmentation performance across
heterogeneous high-resolution postmortem infant datasets. Our method
enables morphometric analysis in native postmortem space, providing
the same downstream quantitative analyses routinely available for in
vivo developmental neuroimaging. The complete framework is released
as open-source software with command-line workflows, containers, and
comprehensive documentation to facilitate reproducible postmortem in-
fant MRI analysis as part of the purple-mri package.

https://purple-mri.readthedocs.io/
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1 Introduction

Magnetic resonance imaging (MRI) is central to developmental neuroscience, en-
abling quantitative characterization of early cortical gray matter (GM) matura-
tion, white matter (WM) organization, and emerging structural networks during
infancy [1,2]. Automated segmentation, surface reconstruction, and atlas-based
parcellation [3,4] translate in vivo MRI into region-specific morphometric mea-
sures supporting studies of normative development and early vulnerability [5].
However, in vivo infant MRI is constrained by motion, limited acquisition time,
and safety considerations, restricting spatial resolution and contrast diversity [6].
Consequently, fine-scale cortical folding, laminar organization, and small subcor-
tical structures remain difficult to resolve.

Postmortem MRI provides a complementary approach. By eliminating mo-
tion and permitting prolonged acquisitions, postmortem imaging enables sub-
stantially higher spatial resolution and field strengths than feasible in vivo [7,8,9].
In infancy, this permits detailed assessment of cortical ribbon geometry, deep
gray nuclei, and brainstem–forebrain circuitry [10]. Such datasets are particu-
larly relevant in neuropathological contexts, including sudden infant death syn-
drome where subtle structural alterations are hypothesized but challenging to
detect in vivo [11].

In adult neuroimaging, high-resolution postmortem MRI has linked morpho-
metric signatures directly to histopathology in neurodegenerative diseases [12],
revealing microstructural correlates of pathology [13,14]. Standard neuroimaging
pipelines, both classical (e.g. FreeSurfer [15], FSL [16]) and deep learning–based
(e.g. FastSurfer [17]), are not well suited to the analysis of postmortem MRI
due to distinct imaging characteristics [18], motivating the development of post-
mortem–specific frameworks. For example, purple-mri [19,20] enables native-
space cortical reconstruction and atlas-based parcellation for high-resolution
postmortem data, while NextBrain [21,22] leverages a probabilistic histology-
derived atlas within a Bayesian segmentation framework for cortical and sub-
cortical regions in both in vivo and postmortem MRI.

Synthetic data–driven deep learning frameworks [23], including SynthSeg [24]
and SuperSynth [25], achieve contrast-, scanner-, and resolution-agnostic seg-
mentation via large-scale domain randomization. However, they were devel-
oped for adult in vivo MRI and assume mature cortical geometry and stable
gray–white matter contrast, limiting generalization to infant anatomy character-
ized by thinner cortical ribbons, ongoing myelination, evolving tissue contrast,
and smaller subcortical structures. Infant-specific synthetic approaches such as
Infant-Synthseg [26] and BabySeg [27] model developmental contrast trajectories
in in vivo imaging, addressing limitations of traditional infant pipelines (e.g. In-
fantFreeSurfer [28], iBEAT [29]). Nevertheless, these methods remain grounded
in in vivo signal assumptions and do not model fixation-induced relaxation shifts,
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laminar cortical heterogeneity, immersion-media background signal, or specimen-
specific artifacts characteristic of high-resolution postmortem infant MRI. Thus,
there is a lack of a framework which addresses the combined challenges of post-
mortem acquisition, developing infant neuroanatomy, and high-resolution multi-
sequence imaging.

Contributions. In this work, we first present a unique multi-sequence post-
mortem infant MRI dataset acquired at sub-millimeter resolution. Second, we
introduce a unified segmentation-to-surface computational framework tailored
to postmortem infant MRI that integrates deep learning-based volumetric tis-
sue segmentation, topology correction, and native-space cortical reconstruction
with atlas-based parcellation. This enables robust downstream cortical mor-
phometry, including region-wise volumetric analysis and vertex-wise cortical
thickness estimation. Third, we show that the framework performs consistently
across the image sequences, acquisition variations, and specimen characteris-
tics while remaining robust to altered tissue contrast, fixation-induced intensity
changes, background signal, deformation, and local tissue damage. Finally, we
conduct comprehensive benchmarking against five established foundation-model
and contrast-agnostic segmentation approaches, demonstrating improved robust-
ness and anatomical consistency in high-resolution postmortem infant imaging.

2 Materials and Methods

2.1 Dataset

We acquired a unique postmortem infant brain MRI dataset (12 specimens; 8
male, 4 female), scanned on a 3 T Siemens scanner at 0.5×0.5×0.5mm3 resolu-
tion using multiple sequences: multi-echo fast low-angle shot (FLASH), diffusion
MRI (dMRI), and true fast imaging with steady-state free precession (TRUFI).
Multi-echo FLASH acquisitions used variable flip angles (10–50◦), polarity vari-
ations, and both short and long echo times to enhance contrast diversity and
sensitivity to tissue relaxation. dMRI was acquired with high-angular resolu-
tion (80–90 directions; 10–15 b0 volumes). TRUFI sequences employed 8 phase-
cycling angles (0◦–315◦), with select specimens additionally scanned at multiple
flip angles (e.g., 30◦, 70◦) to improve signal uniformity and boundary delineation.
Thereafter, quantitative T1 [30] and PD [31] maps were derived from multi-echo
FLASH using [15], fitting a multi-parameter FLASH model across flip angles
(Figs. 2, 3).

The mean age at death was 3.1±2.8 months (range: 1.0–10 months), and the
mean postmortem interval (PMI) was 21.8±13.1 hours (range: 3.5–47 hours); all
specimens were fixed in formalin for at least 30 days before imaging. A trained
research assistant manually generated anatomical labels for cortical GM, WM,
and hippocampus (minimum set of anatomical labels required for downstream
surface-reconstruction pipeline) on the FLASH scans, which provided superior
tissue contrast for manual delineation. For each specimen, all other imaging
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sequences were rigidly aligned [32] to the FLASH space, and labels defined in
FLASH space were then also used as ground truth for all other four sequences.

Fig. 1. Deep learning-based segmentation (left) and surface-based cortical reconstruc-
tion and anatomical parcellation (right) pipeline as explained in Section 2.2.

2.2 Tissue segmentation and anatomical parcellation framework

Inspired by [19,15], we introduce a framework for infant postmortem MRI that
integrates deep learning-based volumetric tissue segmentation (Fig. 1 red box)
with topology correction and classical surface-based reconstruction, inflation,
registration, and anatomical parcellation (Fig. 1 blue box).
Deep learning-based volumetric tissue segmentation. Given an input
structural volume I(x), a 3D network fθ predicts voxel-wise tissue labels Ŝ(x) ∈
{1, . . . , L}, including cortical GM, WM, and hippocampus.
Surface-based cortical reconstruction and anatomical parcellation. The
refined segmentation S̃ drives surface reconstruction following [19,15,33,34]. A
volume is formed by treating WM and hippocampus as foreground and cortical
GM as background, then tessellated to generate an initial WM surface SWM,
which is topologically corrected [35]. The surface is inflated to a spherical repre-
sentation Ssphere and registered via curvature-driven spherical alignment to the
Buckner40 atlas space [36]. The pial surface Spial is obtained by outward evolu-
tion of SWM under smoothness and boundary attraction constraints. For in vivo
MRI, evolution is guided by ∥∇I(x)∥ to detect the GM–CSF interface. How-
ever, in high-resolution postmortem infant MRI, multi-echo contrast induces sub-
stantial intra-cortical intensity heterogeneity, leading to premature termination
within GM and cortical thickness underestimation. To address this, surface evo-
lution is constrained by segmentation-derived anatomical boundaries: the surface
is restricted to the GM support of S̃ and terminated at the segmentation-defined
GM-background interface. This stabilizes pial placement, prevents sulcal fusion,
and yields anatomically consistent thickness estimates. Finally, labels from mul-
tiple atlases are transferred from spherical atlas space to the subject-specific
spherical representation.
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3 Experiments and Results

3.1 Experiments

The framework was evaluated against foundation segmentation models using
PyTorch [37] on an NVIDIA A5000 GPU.
Methods. For the voxel-based segmentation pipeline, we used nnU-Net [38] as
the 3D backbone because of its robustness across heterogeneous imaging domains
and competitive performance [39]. We trained an MRI-only nnU-Net model using
real postmortem infant data and benchmarked it against segmentation methods:
NextBrain, SuperSynth, SynthSeg, InfantSynthSeg, and BabySeg. All methods
were evaluated using their recommended preprocessing and inference settings.
Training details and evaluation. The dataset comprised 12 specimens, each
contributing five input volumes: FLASH, dMRI, TRUFI, and derived quantita-
tive T1 and proton-density maps, for a total of 60 volumes. MRI-based segmenta-
tion experiments used five-fold cross-validation across specimens. The nnU-Net
model was optimized using a combined Dice and cross-entropy loss, and seg-
mentation accuracy was assessed against expert-guided labels using the Dice
similarity coefficient. Results were reported per structure as mean ± SD, aggre-
gated across sequences, hemispheres, and folds.

Sequence-specific predictions were fused by majority voting to generate a con-
sensus segmentation for each specimen, which was then used for cortical surface
reconstruction and atlas-based parcellation. Desikan-Killiany-Tourville (DKT)
atlas-based regional gray matter volumes and cortical thickness measurements
were extracted from the postmortem parcellations. These measurements were de-
scriptively compared with in vivo developmental trajectories spanning the same
0–10-month age range, derived using Infant FreeSurfer [28] from 155 participants
in the Baby Connectome Project [40], as an external anatomical plausibility ref-
erence.

Table 1. Dice similarity coefficients (↑ mean ± std. dev.) averaged across left and
right hemispheres. Also shown are the training strategies’ summary for each model:
anatomy (adult vs infant), domain (in vivo vs ex vivo), imaging (real vs synthetic).

Method Anatomy Imaging characteristics WMavg GMavg HIPPOavg Overall

NextBrain in vivo-adult Bayesian atlas 0.70 ± 0.1 0.77 ± 0.1 0.58 ± 0.2 0.68 ± 0.1
SuperSynth in vivo-adult in vivo-syn 0.71 ± 0.1 0.79 ± 0.1 0.58 ± 0.1 0.69 ± 0.0
SynthSeg in vivo-adult in vivo-syn 0.41 ± 0.3 0.55 ± 0.2 0.17 ± 0.3 0.38 ± 0.2

BabySeg in vivo-infant in vivo-syn 0.69 ± 0.1 0.79 ± 0.1 0.50 ± 0.1 0.66 ± 0.0
InfantSynthSeg in vivo-infant in vivo-syn 0.35 ± 0.2 0.40 ± 0.2 0.08 ± 0.2 0.27 ± 0.1

MRI-only (oracle) ex vivo-infant ex vivo-real 0.87 ± 0.0 0.92 ± 0.0 0.92 ± 0.0 0.90 ± 0.0

3.2 Results

Voxel-based tissue segmentation. Table 1 highlights a clear domain and
imaging hierarchy. The MRI-only model, trained directly on real postmortem
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Fig. 2. Multi-sequence postmortem human infant MRI. Comparison of various
voxel-level deep learning-based tissue segmentations (Section 3.1) for a single specimen.

infant data, achieved the highest performance (0.90 ± 0.0), demonstrating the
importance of domain-specific supervision for high-resolution postmortem infant
MRI. Adult in vivo foundation models showed partial transfer but remained lim-
ited by domain and anatomical shift: SuperSynth (0.69 ± 0.0) and NextBrain
(0.68 ± 0.1) achieved the strongest performance among comparison methods,
whereas SynthSeg (0.38 ± 0.2) degraded markedly. Infant-focused models did
not consistently improve performance, with BabySeg achieving moderate trans-
fer (0.66 ± 0.0) and InfantSynthSeg performing poorly (0.27 ± 0.1), underscoring
that infant anatomy alone is insufficient without postmortem domain alignment.
Together, these results show that training directly on real postmortem infant
MRI provides substantially more robust and anatomically consistent tissue seg-
mentation than existing contrast-agnostic or foundation segmentation models.
Fig. 2 qualitatively illustrates these differences, highlighting improved cortical
and hippocampal delineation by the nnU-Net model.

Surface-based cortical reconstruction and parcellation. Using the MRI-
only model, sequence-specific segmentations were fused by majority voting to
generate a consensus label map for each specimen, which served as input to the
surface reconstruction and parcellation pipeline. Full cortical reconstruction, sur-
face inflation, and volumetric atlas projection required approximately 45 minutes
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Fig. 3. Postmortem human infant MRI. Anatomical parcellation of different spec-
imens using a variety of atlases on various sequences.

per specimen. The pipeline generated multiple anatomical parcellations, includ-
ing M-CRIB-S [41], DKT [42], Schaefer [43], Julich [44], Glasser [45], and von
Economo–Koskinas [46]. The inclusion of infant-specific template-based parcel-
lations such as M-CRIB-S further supports anatomically appropriate labeling of
the developing cortex. The bottom row shows reconstructed cortical and white
matter surfaces for the first specimen using the M-CRIB-S atlas. Figs. 3 and 4
demonstrate robust cortical reconstruction and atlas-based parcellation across
multiple postmortem infant specimens and MRI sequences. Anatomically con-
sistent regional boundaries are maintained despite low gray-white matter con-
trast, pronounced anterior-posterior intensity gradients, fixation-induced signal
heterogeneity, tissue deformation, and localized imaging artifacts. For quantita-
tive evaluation, Desikan-Killiany-Tourville (DKT) atlas-based regional gray mat-
ter volumes and cortical thickness measurements were extracted from the post-
mortem parcellations and compared with normative 0-10 month in vivo devel-
opmental trajectories derived from the Baby Connectome Project (Fig. 5). Post-
mortem morphometric measurements followed expected developmental trends
and remained within physiologically plausible ranges, supporting the anatomical
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Fig. 4. Postmortem human infant MRI. Each row depicts the reconstructed cor-
tical surfaces based on the different atlases for the first specimen in Figure 3 for both
hemispheres.

fidelity of both volumetric segmentation and downstream surface-based model-
ing.

4 Discussion

We present a unified segmentation-to-surface reconstruction framework for high-
resolution multi-sequence postmortem infant MRI. The framework addresses a
major gap in postmortem developmental neuroimaging by enabling automated
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Fig. 5. Postmortem brain morphometry. Desikan-Killiany-Tourville (DKT) atlas-
based regional gray matter volumes and cortical thickness measurements are shown
separately for postmortem MRI and in vivo BCP data from 0–10 months, yielding four
plots: postmortem volume, postmortem thickness, BCP volume, and BCP thickness.
Within each plot, colored curves represent individual DKT regions, and the bold white
curve represents the mean across regions. Colors follow the standard FreeSurfer labeling
scheme for the DKT cortical regions.

tissue segmentation, cortical surface reconstruction, anatomical parcellation, and
quantitative morphometric analysis in native postmortem space. Benchmark-
ing against contrast-agnostic and foundation segmentation models demonstrates
that existing general-purpose methods remain challenged by the unique com-
bination of postmortem tissue preparation, infant neuroanatomy, incomplete
myelination, altered tissue contrast, tissue deformation, and heterogeneous imag-
ing sequences and acquisition protocols encountered in postmortem infant MRI.
These results further suggest that matching infant anatomy alone is insufficient
without accounting for postmortem-specific imaging characteristics.

An important contribution of the framework is its use of segmentation-
derived anatomical boundaries to stabilize pial-surface placement when image-
intensity gradients are unreliable. Robust cortical reconstruction and agreement
of regional volumes and cortical thickness measurements with in vivo normative
developmental trajectories support the anatomical plausibility and morphomet-
ric reliability of the pipeline. However, differences in tissue state, cohort compo-
sition, and processing pipelines preclude interpreting this comparison as direct
morphometric validation.

The present study is limited by its small, single-site cohort, the absence of
an independent external test set, the propagation of FLASH-based annotations
to the other image types, and the lack of direct ground-truth surface measure-
ments. External validation will therefore be necessary to establish generalization
and surface accuracy across independent postmortem infant datasets. Future
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work will prioritize postmortem-specific synthetic data generation and founda-
tion models trained on larger, more diverse postmortem infant datasets to further
improve generalization across imaging protocols, tissue preparation conditions,
and developmental stages.

Acknowledgements: This work was supported by the National Institutes of
Health (NIH) under grant R01HD102616.
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