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Abstract. Deep learning-based cortical surface reconstruction (CSR)
methods heavily rely on pseudo ground truth (pGT) generated by con-
ventional CSR pipelines as supervision, leading to dataset-specific chal-
lenges and lengthy training data preparation. We propose a new approach
for reconstructing multiple cortical surfaces using weak supervision from
brain MRI ribbon segmentations. Our approach initializes a midthick-
ness surface and then deforms it inward and outward to form the inner
(white matter) and outer (pial) cortical surfaces, respectively, by jointly
learning diffeomorphic flows to align the surfaces with the boundaries
of the cortical ribbon segmentation maps. Specifically, a boundary sur-
face loss drives the initialization surface to the target inner and outer
boundaries, and an inter-surface normal consistency loss regularizes the
pial surface in challenging deep cortical sulci. Additional regularization
terms are utilized to enforce surface smoothness and topology. Evaluated
on two large-scale brain MRI datasets, our weakly-supervised method
achieves comparable or superior CSR accuracy and regularity to existing
supervised deep learning alternatives.

Keywords: Brain MRIs · cortical surface reconstruction · deep learning
· weak supervision.

1 Introduction

Cortical surface reconstruction (CSR) is essential for visualizing and quanti-
tatively analyzing cortical surfaces [1–4]. Well-established CSR pipelines like
BrainSuite [5], FreeSurfer [6], and iBEAT V2.0 [7] are tailored for processing
different cohorts who exhibit distinct differences in brain MRI in terms of in-
tensity values, size, and shape, thus requiring careful parameter tuning for dif-
ferent datasets. Despite achieving sub-voxel accuracy and maintaining spherical
topology, these pipelines involve multiple iterative steps, including surface defor-
mation, topology checks, and corrections, leading to lengthy processing times,
typically 4∼6h/subject.

Recently, deep learning (DL) based methods have significantly accelerated
CSR by providing fast and accurate inference while preserving surface topol-
ogy [8–13]. One line of research predicts implicit surface representations, such
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Table 1: Comparison of DL-based CSR methods.
Method Representation Supervision Primary Loss Func.

3D U-Net [22] Implicit Seg Cross Entropy
DeepCSR [8] SDFs L1 Loss

CorticalFlow++ [17]

Explicit Mesh Bi-directional
Chamfer Loss

cortexODE [20]
Vox2Cortex [12]

CoCSR [19]
SegCSR (Ours) Explicit Seg Weak Supervision

as signed distance functions [8, 14] or level sets [9], from which 3D meshes are
extracted using the Marching Cubes (MC) algorithm [15] and refined with topol-
ogy correction algorithms [16] to detect and rectify topology errors, ensuring that
the reconstructed surface conforms to a sphere-like topology. Another line of re-
search focuses on learning explicit surface deformations, using methods such as
flow-based [11–13,17–19] or NODE-based techniques [20,21], to deform an initial
mesh towards target cortical surfaces. However, DL-based CSR methods heavily
depend on pseudo ground truth (pGT) surfaces generated by traditional CSR
pipelines, hindering the collection of sufficiently large datasets for training and
limiting generalization across diverse modalities (e.g., imaging protocols, age
groups).

Given the fact that segmentation of brain structures is comparatively simpler,
in this paper, we propose a weakly supervised DL framework, SegCSR, to
reduce the reliance on pGT in CSR via using ribbon segmentations from brain
MRIs as supervision, enabling generalizing DL-based CSR approaches to sce-
narios where ribbon segmentation results are readily available. There are three
main challenges: (1) Sub-voxel supervision signals: While existing approaches
can produce precise segmentations [7, 23–26], voxel-level representations often
fail to capture the fine morphology of the cerebral cortex. This is especially chal-
lenging in deep cortical sulci [6] and low-resolution images [7], where the thin,
folded structure is compromised by partial volume effects (PVE) in brain MRIs.
(2) Modeling surface interdependence: Reconstructing both the inner and outer
cortical surfaces while maintaining their interdependent structure and spherical
topology is complex [12, 19], especially without ground-truth data. This limits
stability in optimizing multiple surfaces concurrently. (3) Maintaining surface
topology: Ensuring mesh smoothness and topological consistency is difficult un-
der large deformations [19, 20], as optimizing dense volumetric fields over ran-
domly sampled vertices may distort mesh structures.

We address the diffeomorphic deformation problem in a continuous coordi-
nate space, deforming the initialization midthickness surface towards the tar-
get inner and outer surfaces via four innovative loss functions. Specifically, the
boundary surface loss function based on the ribbon segmentations and the in-
tensity gradient loss function based on the raw image facilitate sub-voxel-level
surface movement. The inter-surface normal consistency loss function explicitly
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Fig. 1: The SegCSR framework overview. SegCSR takes multi-channel images as
input to learn three diffeomorphic deformations simultaneously. This optimizes
the initial midthickness surface S0 to align with the target midthickness surface
SM , then deforms SM outwards and inwards to the pial surface SG and WM
surface SW , respectively. The model is optimized using weakly supervised loss
functions: the mesh loss guides the surfaces towards the boundaries of the cortical
ribbon segmentation maps; the inter-surface normal consistency loss regularizes
the pial surface in deep cortical sulci; the intensity gradient loss facilitates sub-
voxel-level movement; and additional regularization terms ensure deformation
trajectory, topology, and smoothness.

integrates the normal directions of the WM, midthickness, and pial surfaces,
thereby regularizing the pial surface in challenging deep cortical sulci regions.
The symmetric deformation trajectory loss enforces consistency across multi-
ple diffeomorphic deformations, explicitly coupling multiple surfaces to reduce
learning complexity and regularize mesh topology.

Our main contributions are: (1) introducing a new weakly supervised paradigm
for CSR, reducing dependence on pGT surfaces, (2) designing loss functions to
align surfaces with cortical ribbon segmentation maps and enforce regularity
of surfaces, and (3) achieving comparable or superior performance to existing
DL-based CSR methods on various datasets.

2 Methodology

Our framework (Fig.1) reconstructs multiple cortical surfaces simultaneously
and bypasses the need for conventional, time-consuming CSR-generated pGT.
Section 2.1 details the network structure for coupled surface learning, while Sec-
tion 2.2 illustrates loss functions that enhance sub-voxel accuracy and maintain
surface topology.

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted December 11, 2024. ; https://doi.org/10.1101/2024.12.10.626888doi: bioRxiv preprint 

https://doi.org/10.1101/2024.12.10.626888
http://creativecommons.org/licenses/by-nc-nd/4.0/


4 H. Zheng et al.

(a) Raw image (b) Cortical surfaces

(f) Cycle consistency loss

!!"
! !
! "

Pi
al

 S
ur

f.

W
M

 S
ur

f.

M
id

 S
ur

f.

!"#$

!"#$ ′
!!"!"#$

!"#$ ′′

Pi
al

 S
ur

f.

M
id

 S
ur

f.

W
M

 S
ur

f.

! !
! "

(c-1) Bi-dir. 
Chamfer loss

(c-2) Uni-dir. 
Chamfer loss

(d) Inter-mesh norm. 
consistency loss

(e) Intensity gradient loss

−𝐾 +𝐾
0

0

Intensity gradient

Sample 
location

−𝐾
+𝐾

Fig. 2: (a) Brain MRI region. (b)-(f) Loss terms illustrated: (b) WM, midthick-
ness, pial surfaces in a deep sulcus; (c-1) Bi-directional Chamfer loss for WM
surface; (c-2) Uni-directional Chamfer loss for pGT pial surface generated from
the GM segmentation; (d) Normal consistency among three reconstructed sur-
faces; (e) Intensity gradient along a vertex normal; (f) Symmetric deformation
trajectory with outward (vo) and inward (vi) velocity fields.

2.1 Coupled Cortical Surface Reconstruction
Existing supervised methods require pGT obtained from traditional CSR pipelines
to provide precise sub-voxel supervision. They can effectively learn the deforma-
tion field, even from distant initial locations, to accurately align the initialization
surface with the target surfaces [11,17,18]. However, brain ribbon segmentation
maps are inherently discrete voxel grids, offering much coarser supervision. Con-
sequently, the selection of the initialization surface becomes more critical. More-
over, given the intricate folded patterns of the cerebral cortex, the proximity of
the two banks of grooves in deep cortical sulci often poses a considerable risk
of generating topology errors (e.g., handles, holes) in the reconstructed surfaces.
Conversely, voxels closer to the WM surface exhibit clearer contrast, enabling a
distinct separation between sulci (Fig. 2 (b)). Thus, following [19], we opt for
the midthickness layer, positioned midway between the WM and pial surfaces,
to serve as a connection for coupling the reconstructions of both surfaces and
achieve a balanced performance for both surfaces.

As illustrated in Fig. 1, SegCSR employs a neural network to jointly model
three diffeomorphic flows: Fθ(I,S0) = (vm,vo,vi). Here, I represents a multi-
channel input consisting of brain MRI, cortical ribbon masks, and signed distance
functions (SDFs); S0 denotes the initialization midthickness surface; and vm, vo,
vi correspond to the velocity fields that drive S0 towards the true midthickness
surface SM , outward to the pial surface SG, and inward to the WM surface SW ,
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respectively. The SegCSR establishes an explicit one-to-one mapping between
multiple surfaces and is trained by minimizing weakly supervised losses between
the predicted mesh and the ribbon segmentations.

The diffeomorphic deformation between the initialization surface and the
target surface can be computed as the integration of an ODE [27] based on the
velocity field v:

dΦ(x, t)

dt
= v(Φ(x, t), t) s.t. Φ(x, 0) = x(0), (1)

and thus Φ(x, t) = x(0) +

∫ t

o

v(Φ(x, s), s)ds,

where Φ(x, t) defines a trajectory from the source position x(0) = Φ(x, 0) to the
target position x(1) = Φ(x, 1). According to the Cauchy-Lipschitz theorem [28], if
the velocity field is Lipschitz continuous, the resulting mapping Φ is bijective with
continuous inverse. To solve this initial value problem, we perform the integration
on the predicted velocity fields using standard numerical integration techniques,
such as the Euler method and the Runge-Kutta method [29]. Specifically, for
each integration step t ∈ [0, 1], each vertex’s coordinates can be updated by
x(t+1) = x(t) + hv(Φ(x, t), t), where h = 1

T is the step size and T is the total
time steps, and the velocity vector v for a vertex is trilinearly interpolated from
its neighboring velocity vectors [19].

2.2 Weak Supervision Loss Functions

Mesh Loss. Weak supervision for SegCSR is derived from cortical ribbon seg-
mentation maps of WM and GM (see Fig. 1, the filled interior area of WM and
pial surfaces), which can be obtained from existing segmentation approaches [7,
23–26]. Although these ribbon segmentation maps do not perfectly represent the
intricate pial surface, the WM surface is relatively easier to recognize due to its
clear local intensity contrast, providing a better-separable boundary (see Fig. 2
(a-b)). Therefore, we use the boundary of the pGT WM segmentation to super-
vise the WM surface reconstruction. Inspired by [19, 20], we generate an SDF
for the WM surface by using a distance transform algorithm, where voxels with
values of zero represent the surface boundaries and voxels with negative or pos-
itive values encode their distances to the surface boundaries inward or outward,
respectively. We then apply a fast topology check and correction algorithm [16]
to the SDF to ensure the surface maintains spherical topology. The WM surface
SW∗ is extracted using the MC algorithm [15]. The distance of the vertices be-
tween the predicted surface SW and the pGT surface SW∗ is minimized using
the bi-directional Chamfer distance [11] (see Fig. 2 (c-1) for illustration):

LchW =
1

|SW |
∑

p∈SW

min
p∗∈SW∗

∥p− p∗∥22 +
1

|SW∗ |
∑

p∗∈SW∗

min
p∈SW

∥p∗ − p∥22, (2)

where p and p∗ are the coordinates of vertices on meshes.

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted December 11, 2024. ; https://doi.org/10.1101/2024.12.10.626888doi: bioRxiv preprint 

https://doi.org/10.1101/2024.12.10.626888
http://creativecommons.org/licenses/by-nc-nd/4.0/


6 H. Zheng et al.

For the pial surface, GM segmentation may fail to delineate the boundary
in deep cortical sulci. As shown in Fig. 2 (c-2), using a similar pGT surface
generation protocol as the WM surface to generate the pial surface SG∗ fail to
capture cortical folding accurately. Directly fitting to SG∗ with bi-directional
Chamfer loss causes the model to predict similarly inaccurate cortical sulci.
To address this issue, we propose the boundary surface loss, which uses a uni-
directional Chamfer distance to compute the shortest distance from the pGT
pial surface SG∗ to the predicted pial surface SG:

LchG =
1

|SG∗ |
∑

p∗∈SG∗

min
p∈SG

∥p∗ − p∥22. (3)

In this way, the deformed surface is not influenced by the inaccuracies of SG∗ and
does not move outward from the deep sulci. The overall mesh loss is computed
as Lmesh = LchW + LchG.

Inter-Mesh Normal Consistency Loss. To further alleviate the difficulty
of constraining the pial surface using the WM and midthickness surfaces, we
propose leveraging the prior knowledge that the cerebral cortex has a sheet-like
topology (i.e., the inner, middle, and outer surfaces are locally parallel to each
other). As shown in Fig. 2 (d), this loss is defined to ensure that the deformation
of the midthickness surface aligns with its normal direction, thereby maintaining
similar normal directions on the target surfaces:

Limnc =
1

|SM |
∑

p∈SM

(1− cos(npG
,npW

)), (4)

where npG
and npW

are the normal vectors of the deformed vertex p on SG and
SW respectively.

Intensity Gradient Loss. In addition to ribbon segmentations, inspired by
the fact that traditional methods utilize raw image intensity contrast to define
and optimize the target surfaces, we propose to adjust the nuance between GT
target surface and the pGT segmentation boundaries. By definition [6, 7], the
WM (or pial) surface lies at the WM/GM (or GM/CSF) interface where image
intensity change most drastically. We sample K points along the extended lines
on each side of the normal direction at vertex p, and compute the gradients of
neighboring points:

Lgrad =
1

|SW |
∑

p∈SM

K∑
i=1

gradi(p) +
1

|SG|
∑
p∈SG

K∑
i=1

gradi(p). (5)

Cycle Consistency Loss. We utilize the midthickness layer to establish
a correspondence between the inner and outer surfaces, thereby reducing the
difficulty of learning large deformations. However, there is no true midthickness
surface available for supervision, nor a definitive criterion for choosing between
bi-directional or uni-directional approaches for different regions on the midthick-
ness surface. Additionally, the learned velocity fields vo and vi could potentially
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cause non-inverse transformations at the midthickness surface. Inspired by [19],
we devise a loss function that enforces the midthickness surface resides halfway
between the WM and pial surfaces and maintains consistency along the entire
trajectory:

Lcyc =
1

|SM |
∑

p∈SM

∥pΦW ◦ΦG
− p∥22 + ∥pΦG◦ΦW

− p∥22

+ ∥LMid→GM (p)− LMid→WM (p)∥22, (6)

where pΦb◦Φa represents deforming a vertex p ∈ SM with velocity field va and
vb sequentially, and LMid→GM (p) is the accumulated trajectory length over T
steps of deformation. As illustrated in Fig. 2 (f), the deformations move a vertex
pMid outward to pGM using vo and then inward to p′

Mid using vi, in which
the two trajectories are aligned by minimizing the distance between pMid and
p′
Mid. Similarly, we enforce the consistency between pΦG◦ΦW

and p. Furthermore,
starting from the midthickness layer, the trajectory lengths of the vertex moving
to the WM and pial surfaces should be equal, which is regularized by the third
term in Eq. 6.

In summary, we jointly optimize our SegCSR model by combining all losses:
L = λ1Lmesh + λ2Limnc + λ3Lgrad + λ4Lcyc, where {λi}i=1,··· ,4 balance the loss
terms.

3 Experiments

3.1 Experimental Setups

Datasets. We evaluate our method on two large-scale adult datasets. The
ADNI-1 [30] dataset (817 subjects, ages 55-90) were randomly split into train-
ing (654), validation (50), and testing (113) subsets. The OASIS-1 [31] dataset
(413 subjects, ages 18-96) were randomly split into training (330), validation
(25), and testing (58) subsets The T1-weighted MRI scans were aligned to the
MNI152 template and clipped to the size of 192× 224× 192 at 1mm3 isotropic
resolution. The pseudo ground-truth (pGT) of ribbon segmentation and cortical
surfaces were generated using FreeSurfer v7.2.0 [6]. The intensity values of MRI
scans, ribbon segmentation maps, and SDFs were normalized to [0, 1] and the
coordinates of the vertices were normalized to [−1, 1]. Models were trained on
the training sets until validation loss plateaued and tested on the test sets.

Implementation Details Our framework was implemented in PyTorch and
trained on a 12 GB NVIDIA P100 GPU. The 3D U-Net [22] achieved a 0.96 Dice
score on ribbon segmentation. The SegCSR model used T = 5 steps (i.e., step
size is 0.2) in an Euler solver and was optimized with Adam [32] (β1 = 0.9, β2 =
0.999, ϵ = 1e−10, learning rate 1e−4) for 400 epochs to reconstruct three cortical
surfaces for two brain hemispheres. We set λ1 = λ4 = 1 and λ2 = λ3 = λ5 = 0.1.
The surface meshes had ∼130k vertices.

Evaluation Metrics To assess CSR accuracy, we used Chamfer distance
(CD) [33,34], average symmetric surface distance (ASSD) [8], and 90th-percentile
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Table 2: Quantitative comparison with implicit and explicit learning-based meth-
ods. WM and pial surfaces were evaluated on two datasets using CD (mm),
ASSD (mm), HD (mm), and SIF (%), reporting mean and standard deviation.
Lower scores (↓) indicate better performance across metrics. “S” denotes the use
of pGT surfaces from conventional pipelines, while “W” indicates weak supervi-
sion using pGT ribbon segmentations. The best results are underlined for the
“W” supervision setting and in bold for “S”.

Data Sup. Method
L-Pial Surface

CD ↓ ASSD ↓ HD ↓ SIF ↓

A
D

N
I

S
Vox2Cortex [12] 0.582±0.028 0.370±0.025 0.746±0.057 0.059±0.039

CorticalFlow++ [17] 0.545±0.036 0.410±0.033 0.886±0.069 0.098±0.067
cortexODE [20] 0.476±0.017 0.214±0.020 0.455±0.058 0.022±0.012

W
DeepCSR [8] 0.945±0.078 0.593±0.065 1.149±0.203 \
3D U-Net [22] 0.598±0.049 0.341±0.037 0.782±0.163 \
SegCSR (Ours) 0.576±0.019 0.323±0.019 0.747±0.046 0.012±0.011

O
A

SI
S

S
Vox2Cortex [12] 0.588±0.032 0.381±0.030 0.750±0.063 0.061±0.037

CorticalFlow++ [17] 0.531±0.035 0.399±0.030 0.812±0.057 0.088±0.045
cortexODE [20] 0.481±0.019 0.218±0.021 0.461±0.062 0.026±0.015

W
DeepCSR [8] 0.986±0.085 0.617±0.070 1.331±0.212 \
3D U-Net [22] 0.611±0.069 0.332±0.050 0.774±0.267 \
SegCSR (Ours) 0.581±0.016 0.320±0.019 0.723±0.038 0.013±0.012

Data Sup. Method
L-WM Surface

CD ↓ ASSD ↓ HD ↓ SIF ↓

A
D

N
I

S
Vox2Cortex [12] 0.577±0.027 0.353±0.022 0.722±0.055 0.043±0.023

CorticalFlow++ [17] 0.544±0.034 0.401±0.030 0.878±0.066 0.069±0.042
cortexODE [20] 0.458±0.016 0.192±0.015 0.436±0.014 0.015±0.011

W
DeepCSR [8] 0.938±0.076 0.587±0.064 1.137±0.193 \
3D U-Net [22] 0.473±0.013 0.265±0.015 0.558±0.028 \
SegCSR (Ours) 0.467±0.015 0.257±0.020 0.542±0.036 0.011±0.011

O
A

SI
S

S
Vox2Cortex [12] 0.581±0.028 0.375±0.027 0.731±0.059 0.046±0.027

CorticalFlow++ [17] 0.529±0.033 0.398±0.030 0.810±0.055 0.086±0.042
cortexODE [20] 0.463±0.018 0.207±0.017 0.435±0.015 0.018±0.010

W
DeepCSR [8] 0.975±0.081 0.594±0.067 1.151±0.197 \
3D U-Net [22] 0.454±0.013 0.245±0.017 0.489±0.031 \
SegCSR (Ours) 0.449±0.011 0.222±0.016 0.460±0.026 0.013±0.011

Hausdorff distance (HD) [8,35], all calculated over ∼130k points uniformly sam-
pled from the predicted and target surfaces. Topology quality was evaluated by
the ratio of self-intersection faces (SIF) [8, 19,20,36].

3.2 Main Experimental Results

We compare SegCSR with representative implicit and explicit learning-based
CSR approaches in Table 1 and summarize the results in Table 2.

(I) Comparison with Implicit Approaches. 3D U-Net [22] generates
ribbon segmentation maps and DeepCSR [8] outputs SDFs encoding cortical
surfaces. Post-processing is required to correct topology and extract a mesh, re-
sulting in SIFs of 0. Otherwise, the SIFs for 3D U-Net’s WM and pial surfaces
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(a) DeepCSR (b) CortexODE (c) SegCSR (S0 setting) (d) SegCSR (S0* setting) (e) pGT from FreeSurfer

Fig. 3: Qualitative comparison with DeepCSR and CortexODE.

Table 3: Ablation studies on the impact of loss terms on the ADNI dataset. The
setting S0 refers to our complete setting (cf. Table 2).

Loss L-Pial Surface L-WM Surface
Lmesh Limnc Lgrad Lcyc CD ASSD HD SIF CD ASSD HD SIF

S0 ✓ ✓ ✓ ✓ 0.576 0.323 0.747 0.012 0.467 0.257 0.542 0.011
S1 ✓ ✓ ✓ 0.579 0.325 0.748 0.014 0.469 0.248 0.544 0.015
S2 ✓ ✓ 0.579 0.325 0.749 0.018 0.473 0.249 0.544 0.017
S3 ✓ 0.589 0.356 0.764 0.015 0.473 0.256 0.564 0.014
S0⋆ ✓⋆ ✓ ✓ ✓ 0.606 0.325 0.749 0.030 0.469 0.257 0.545 0.026
S3⋆ ✓⋆ 0.626 0.321 0.773 0.034 0.476 0.256 0.562 0.031

range from 3% to 15%. SegCSR achieves superior geometric accuracy and pro-
duces a negligible number of self-intersecting faces, ∼0.3% on average for both
white and pial surfaces. Fig. 3 shows that SegCSR effectively deforms the pial
surface into deep sulci, while the baseline approaches exhibit large geometric
errors due to the PVE problem of brain MRI. Additionally, SegCSR requires
only 0.37s of runtime per brain hemisphere, orders of magnitude faster than the
traditional FreeSurfer pipeline.

(II) Comparison with Explicit Approaches. Explicit learning-based
methods [12, 17, 20] utilize pGT surfaces from conventional pipelines, providing
higher-precision supervision compared to the pGT ribbon segmentations used
in our SegCSR. Although SegCSR performs below the top performer cortex-
ODE [20] (e.g., 17% and 2% lower in CD for the left pial and WM surfaces,
respectively), it surpasses other supervised methods in both geometric and mor-
phological accuracy, outperforming [12] by 1% and 19% in CD for the left pial
and WM surfaces. These results demonstrate SegCSR’s strong potential as a
viable alternative when precise surface supervision is unavailable.

3.3 Ablation Studies

We evaluated the contribution of different losses of our method to the surface
reconstruction performance in terms of both accuracy (CD, ASSD, HD) and
topological correctness (SIF). The results are summarized in Table 3. (I) The
setting S3 represents using our proposed Chamfer loss (i.e., uni-directional for
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the pial surface) alone, while S3⋆ referes to using existing bi-directional Chamfer
loss for both WM and pial surfaces. The results of S3 and S3⋆ indicated that
the model using bi-directional Chamfer loss overfitted to the pGT segmentation
boundary and failed to fit the deep cortical sulci. Another pair of comparison, S0
and S0⋆, showed a similar phenomenon. (II) Enforcing the inter-mesh normal
consistency of the WM and pial surfaces (S2, Limnc) improved geometric accu-
racy by explicitly constraining the normal direction of two surfaces but slightly
worsened the topology, which might be caused by the discrepancy between the
midthickness and the WM (and pial) surface. (III) The proposed intensity gra-
dient loss (S1, Lgrad) helped adjust the deformed surfaces locally, leading to
slightly improved geometric accuracy and reduced topology error. (IV) Enforc-
ing equality of the trajectories from the midthickness surface to the WM and pial
surfaces and symmetric cycle consistency of two trajectories (S0, Lcyc) helped op-
timize the midthickness surface and promoted the invertibility of deformations.
Overall, our proposed method struck a balance between geometric accuracy and
topology quality, with each component playing a complementary role.

4 Conclusions

We introduce SegCSR, a novel approach to jointly reconstruct multiple cortical
surfaces using weak supervision from ribbon segmentations derived from brain
MRIs. Our method initializes a midthickness surface and then deforms it inward
and outward to the inner and outer cortical surfaces by jointly learning diffeo-
morphic flows. The new boundary loss function optimizes the surfaces toward
the boundaries of the cortical ribbon segmentation maps while the inter-surface
normal consistency loss regularizes the pial surface in complex and challenging
cortical sulci regions. Additional regularization terms are incorporated to en-
force reconstructed surfaces’ smoothness and topology. Extensive experiments
conducted on two large-scale brain MRI datasets demonstrate superior perfor-
mance in terms of accuracy and surface regularity compared to existing super-
vised DL-based alternatives.

5 Compliance with ethical standards

This research was conducted retrospectively using human subject data made
available in open access [30,31]. Ethical approval was not required as confirmed
by the license attached with the public data.
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