MICCAI

BiC-ODE: Bidirectionally Coupled Neural ODEs
for Rapid Laminar Surface Reconstruction of the
Human Cortex from 5T MRI

Shui Cao'f, Lin Teng!f, Lu Shi?*f, Zifeng Lian®, Jiameng Liu', Feng Shi?,
Kaicong Sun', Xiangshui Meng*®™)  and Dinggang Shen'-3:5()

1 School of Biomedical Engineering & State Key Laboratory of Advanced Medical
Materials and Devices, ShanghaiTech University, Shanghai 201210, China

2 Department of Radiology, Qilu Hospital, Cheeloo College of Medicine, Shandong

University, Jinan, China
3 Department of Research and Development, United Imaging Intelligence, Shanghai
200230, China
4 Department of Radiology, Qilu Hospital (Qingdao), Cheeloo College of Medicine,
Shandong University, Qingdao, China
5 Shanghai Clinical Research and Trial Center, Shanghai 201210, China
xiangshuimeng@163.com, Dinggang.Shen@gmail.com

Abstract. T2-weighted FLAIR MRI at 5T reveals cortical laminar pat-
terns via a distinct hypointense band, offering enhanced contrast over
3T and greater clinical feasibility than 7T. Accurate whole-brain re-
construction of this band is crucial for analyzing signal-defined intra-
cortical laminar morphology but faces a trade-off: optimization-based
methods achieve high fidelity yet are computationally prohibitive, while
deep learning methods are fast but are typically designed only to re-
construct white matter and pial surfaces. Here, we propose BiC-ODE
(Bidirectionally Coupled Neural ODEs), the first unified deep learning
framework to achieve fast and accurate surface reconstruction of the in-
tracortical hypointense band from 5T MR images, bridging the gap be-
tween high-resolution intracortical-band surface reconstruction and clin-
ical feasibility. Our core idea is to jointly deform the white matter surface
outward and the pial surface inward, until they align with the inner and
outer boundaries of the intracortical hypointense band in 5T FLAIR im-
ages, respectively. Extensive experiments demonstrate that BiC-ODE:
(1) achieves high reconstruction fidelity by precisely aligning with the
intracortical hypointense band, fully leveraging the enhanced laminar
contrast and clinical accessibility of 5T MRI; (2) delivers rapid infer-
ence speed, enabling efficient processing of large-scale datasets; and (3)
promotes consistent multi-surface modeling through a bidirectional cou-
pling strategy, reducing ordering violations among the nested surfaces.
Thus, our framework enables reliable analysis of signal-defined intra-
cortical morphology across large-scale 5T cohorts. Our code is publicly
available at https://github.com/shuicao-water/BiC-0DE-code,
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1 Introduction

Cortical abnormalities can manifest as layer-selective injury or intracortical re-
distribution rather than uniform global atrophy [TI2I34I56]. The complex lam-
inar organization of the human cerebral cortex can appear on MRI as distinct
signal bands, notably the intracortical hypointense band [7]. However, visual-
izing this band presents a trade-off: standard 3T MRI lacks sufficient contrast
beyond primary regions [8], while 7T MRI, though high-resolution, remains too
costly for routine deployment [9]. Emerging 5T MRI offers a practical com-
promise, delivering 7T-comparable contrast with greater clinical feasibility. Re-
cent studies confirm that intracortical hypointense bands are visible on 5T T2-
weighted FLAIR images [I0]. Accurate whole-brain surface reconstruction of
this hypointense band is essential to unlock 5T MRI’s potential for studying
signal-defined intracortical laminar morphology.

Existing surface reconstruction methods face critical challenges when applied
to the intracortical hypointense band. Optimization-based methods [TOJITI2/T3]
achieve high fidelity by iteratively deforming surfaces using task-specific energy
functions, yet their computational cost renders them impractical for large-scale
analysis. Deep learning-based methods have substantially accelerated cortical
surface reconstruction [IAIHTEI7IIRITI]. However, these methods have primar-
ily been developed and evaluated for reconstructing conventional white matter
(WM) and pial surfaces, rather than the surfaces of the intracortical hypointense
bands. Although their architectures could potentially be adapted to this task,
reconstructing the hypointense-band surfaces from 5T FLAIR requires super-
vision and image-driven constraints tailored to the band’s signal contrast and
relative position within the cortical ribbon. The present task also requires main-
taining the anatomical ordering of the four nested surfaces: the WM surface,
the inner and outer surfaces of the hypointense band, and the pial surface. This
anatomical constraint motivates a bidirectional formulation in which the WM
and pial surfaces are deformed from opposite directions toward the hypointense
band boundaries while accounting for their relative position. Accordingly, an
effective framework for this task should: (1) support efficient processing of large-
scale cohorts; (2) accurately delineate the hypointense-band boundaries from 5T
FLAIR images; and (3) preserve the anatomically expected ordering of the four
nested surfaces.

To meet these challenges, we propose BiC-ODE, the first deep learning
framework specifically designed for hypointense-band surface reconstruction from
5T FLAIR images: (1) Efficient Inference: By implementing deformation via
Neural Ordinary Differential Equations (ODEs), our method operates without
iterative optimization, functioning as an end-to-end framework that directly out-
puts the target surfaces. (2) Dual-Strategy Accuracy Assurance for Hypointense
Band: We combine high-fidelity supervision using optimization-generated sur-
faces with three task-specific losses explicitly tailored to the unique contrast
and structure of the hypointense band in 5T FLAIR images. (3) Bidirectionally
Coupled Deformation for Multi-Surface Modeling: BiC-ODE jointly deforms the
WM surface outward and pial surface inward via bidirectionally coupled Neural
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Fig. 1. Overview of the proposed BiC-ODE framework. Given a 5T FLAIR image
as context, along with WM and pial surfaces as inputs, the Neural ODE network fy
jointly deforms both cortical surfaces toward the boundaries of the hypointense band.
The white arrow indicates the hypointense band in the image.

ODEs to align with the hypointense band boundaries. This encourages consistent
relative positioning and reduces ordering violations among the nested surfaces.
Evaluated on 270 subjects with 5T MR images, BiC-ODE effectively ad-
dresses these challenges. Our method delivers efficient inference in seconds, en-
abling large-scale cohort processing. It achieves sub-millimeter accuracy compa-
rable to optimization-generated ground truth, successfully capturing the unique
laminar contrast of the hypointense band in 5T FLAIR images. To quantify the
accuracy of the nested order among the four surfaces, we introduce the Surface
Ordering Violation Rate (SOVR). Experiments show that our bidirectionally
coupled formulation reduces SOVR and improves the consistency of nested sur-
face ordering. In summary, BiC-ODE represents the first deep learning frame-
work for hypointense-band surface reconstruction, enabling fast, accurate, and
anatomically consistent large-scale laminar analysis with 5T MRI.

2 Method

2.1 Overview

Taking a 5T FLAIR image and a pair of WM and pial surfaces as input, our
method reconstructs the inner and outer surfaces of the hypointense band via the
BiC-ODE network (Fig.[1]). This differentiable vector field fp predicts deforma-
tion velocities through three stages: (1) Multi-Source Feature Fusion: Per-vertex
features are learned by fusing geometric positional encodings with multi-scale
image contexts. (2) Cross-Surface Coupling: Features from both surfaces are in-
tegrated to augment each representation with its counterpart’s state, providing
bidirectional information sharing for consistent deformation. (3) Coupled Veloc-
ity Decoding: Coupled features are decoded into 3D velocity vectors to drive
deformations of both cortical surfaces via Neural ODE integration, eventually
converging onto the band boundaries.
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2.2 Bidirectionally Coupled Neural ODEs

Our framework performs bidirectionally coupled deformation for multi-surface
modeling, jointly deforming the WM and pial surfaces under shared Neural ODE
dynamics. This serves two purposes: (1) preserving the nested order among the
four surfaces, and (2) leveraging inter-surface spatial relationships to enhance
reconstruction accuracy.

Formally, let Vipner(t) and Vouger(t) € RYV*3 denote the vertex coordinates
of the inner and outer surfaces of the hypointense band at time ¢, respectively.
They are initialized as Vinner(0) = Vivm and Vouter(0) = Vpial, where Viyn and
Vpial € RN*3 are the vertex sets of the WM and pial surfaces, respectively. Let
I represent the input 5T FLAIR image. The joint dynamics of inner and outer
surfaces are governed by the coupled ODE system:

d

dt
where the shared vector field fy conditions each surface’s velocity on its own
state, its counterpart, and image context. This continuous formulation enables
efficient end-to-end inference via standard ODE solvers, eliminating iterative op-
timization. The final surfaces Vipner (') and Vouter (1) are obtained by numerical
integration over t € [0, 7.

(Vvinner; Vouter) = f9(‘/innera Voutera I)v (]-)

2.3 Network Architecture

As detailed in Fig. [T} BiC-ODE realizes the three stages through compact mod-
ules: (1) Multi-Source Feature Fusion: For each vertex, geometric features are
encoded from 3D coordinates via a shared Multi-Layer Perceptron (MLP). Simul-
taneously, multi-scale local image features are captured by trilinearly sampling
K3 patches at three scales, aggregated via 3D convolutions, and projected by an
MLP. These streams are concatenated and refined to form initial surface repre-
sentations [I4]. (2) Cross-Surface Coupling: To model inter-surface dependencies,
we employ an asymmetric concatenation strategy where the feature order dic-
tates the target surface: pial features precede WM features to generate the outer
surface representation, whereas WM features lead for the inner surface. These
ordered pairs are processed by a shared fusion network (with two MLP layers) to
produce coupled features, conditioning each surface representation on its coun-
terpart and encouraging consistent relative positioning during deformation. (3)
Coupled Velocity Decoding: An output MLP decodes coupled features into 3D
velocity vectors. These vectors define the vector field for a Neural ODE, numer-
ically integrated by a standard solver to update vertex coordinates, driving the
WM surface outward and the pial surface inward to converge on their respective
target boundaries.

2.4 Learning Strategy

Our approach employs a dual strategy to ensure high-fidelity reconstruction of
the hypointense band in 5T MR FLAIR images: silver-standard supervision from
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the optimization-based method [I0], combined with task-specific deep learning
constraints.

Silver-Standard Supervision. Our ground-truth surfaces of the hypointense
band are derived from the optimization-based method [10] equipped with a task-
specific energy function. This approach yields high-quality surfaces at 5T, serving
as a rigorous silver standard to ensure the accuracy of our model.

Task-Specific Loss Functions. To further enhance reconstruction accu-
racy and enforce anatomical plausibility beyond simple supervision, we introduce
three loss terms that act in concert:

(1) To ensure correct radial ordering of the predicted surfaces, we introduce
the depth consistency loss, which penalizes deviations in normalized depth
along WM-to-pial rays. For a vertex v;, we define its normalized depth as d(v;) =
||vi — vwill/ (|vpiar — ) with e = 1078, and compute Lgepth =
& X () — df)”.

(2) To directly regularize the width of the hypointense band, we employ
the laminar thickness loss, which enforces agreement between predicted and

. . . ) 1 pred pred
ground truth inter-surface distances via Linick = % 2_; |[[Uhters — Vhamer.ill —

” outer [ lnner i ” ’
(3) To leverage the characteristic hypointensity of the target band, we intro-

duce the intensity band loss. For each vertex pair (vﬁfggr i gﬁigr ;), we uni-
formly sample ngample points along the line segment connecting them, trilinearly

interpolate the FLAIR intensity I(-) at these locations, and minimize their av-

1 Nsample — 1 pred pred
erage value: ﬁband - N Zz 1 Ngample k=0 I((l - tk) mnerz +txv outer,i ’

where t; = k/(nsample — 1). This encourages the predicted surfaces to tightly
enclose a low-intensity region consistent with the observed hypointense band.
The mean squared error (MSE) and Laplacian smoothness losses (Lmse; Liap)
provide spatial accuracy and mesh regularity, respectively.

The total loss during training is formulated as:

Liotal = Amse (ﬁmse_inner + Lmse_outer) + )\depth(‘cdepth_inner + ‘Cdepth_outer)
+ )\thick‘cthick + Abandﬁband + )\lap(‘clapiinner + AClapiouter)- (2>

where superscripts inner and outer indicate losses applied to the inner and outer
surfaces of the hypointense band, respectively, and \. are balancing hyperpa-
rameters.

3 Experiments

3.1 Dataset and Preprocessing

The dataset contains 270 healthy subjects from a collaborating hospital (mean
age: 54.4414.5 years; 146 males) scanned with high-resolution 3D T1w sequences
and T2w FLAIR sequences on a 5T scanner (uMR Jupiter, United Imaging
Healthcare)[I0]. This represents one of the largest 5T MRI datasets for lami-
nar analysis to date. The cohort was randomly partitioned into 187 training, 41
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validation, and 42 test subjects with no overlap. Data preprocessing was per-
formed in two steps: (1) T1lw and T2w FLAIR images were rigidly registered to
the 24-month template of the UNC-BCP 4D brain atlas [20] with a resampled
isotropic voxel size of 0.533 mm (385 x 457 x 318); and (2) the registered T1w
images were processed with FreeSurfer[2]] to generate the WM and pial cortical
surfaces. The two resulting cortical surfaces together with the registered T2w
FLAIR images served as the input to our model.

3.2 Implementation Details

Our model was implemented in PyTorch on a single NVIDIA A100 GPU. We
integrated the ODE system using the Euler solver with a fixed step size of 0.1 and
set T = 1.0. Training used the Adam optimizer with learning rate 1 x 10~. The
model was trained for 500 epochs, taking approximately 100 hours to converge.
Loss weights were set as Amse = 1000, Agepth = 0.01, Aghick = 1, Apana = 0.001,
and Ajp = 1.

FLAIR Image Cortical Surface Ground Truth BiC-ODE PialNN ConexODE CorticalFlow*"

Case 3 Case 2 Case 1

Case 4

Fig. 2. Qualitative comparison of hypointense-band surface reconstructions across four
cases using different methods. The purple, yellow, red, and green curves represent the
WM, inner and outer surfaces of the hypointense band and the pial surface, respectively.
The white arrow indicates the hypointense band in the images.

3.3 Evaluation Metrics

To assess reconstruction accuracy, we employ the Average Symmetric Surface
Distance (ASSD) and the 90th percentile Hausdorff Distance (HDgg), both mea-
sured in millimeters. To evaluate structural integrity, we measure self-intersection
artifacts using the Surface Intersection Fraction (SIF). Furthermore, to quan-
tify the accuracy of the nested order among the four surfaces, we introduce
the Surface Ordering Violation Rate (SOVR). SOVR quantifies the percentage
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of vertices that violate the expected radial cortical ordering from WM to pial
across the four surfaces: the WM surface, the inner and outer surfaces of the
hypointense band, and the pial surface. Specifically, for each vertex i, given the
WM vertex vww,; and pial vertex vpial i, we define the local column direction as

d; = (Vpiari — vwmi)/(||Vpial: — vwai|| + 1078) and compute the scalar depth

of any point v; by projection s(v;) = (v; — vwwm,i) ' d;. This yields swy,; = 0,
_ pred _ pred _

Sinner,i - S(Uinner,i)’ Souter,i - S(Uouter,i)7 a‘nd Spial,i - vaial,i - UWMJ”' A vertex

is anatomically valid if swm,; < Sinner,i < Souter,i < Spial,; holds within a toler-

ance of 1075 mm. SOVR is then defined as the fraction of violating vertices:

N
1
SOVR =1 — N ;H(SWM,Z é Sinner,i S Souter,i S spial,i); (3)

where I(-) denotes the indicator function.

3.4 Comparison with Deep Learning Methods

We compare our method against three leading deep learning-based surface recon-
struction approaches: CortexODE [14], CorticalFlow " [15], and PialNN [16].
Since these baselines target single-surface generation, we adapt them by using the
WM and pial surfaces to predict the inner and outer surfaces of the hypointense
band, respectively.

Table 1. Quantitative comparison of inner and outer surfaces of the hypointense band
across different methods in terms of ASSD (mm), HDgp (mm), SIF (%), and SOVR
(%), respectively.

Method ASSD (mm)| HDgo (mm)| SIF (%)L SOVR (%)L

Inner Outer Inner Outer Inner Outer Inner Outer
Left
Ours 0.128 £ 0.014 0.142 + 0.024 0.287 + 0.036 0.306 = 0.053 0.005 & 0.005 0.005 £ 0.005 2.692 + 0.386 2.692 + 0.386

CortexODE 0.268 £ 0.033 0.470 + 0.107 0.656 £ 0.114 1.133 &+ 0.237 0.006 £ 0.010 11.137 &+ 3.367 11.847 £ 2.723 11.847 + 2.723
CorticalFlow ™" 0.637 £ 0.047 1.001 £ 0.058 1.297 + 0.137 1.958 + 0.139 0.002 £ 0.004 0.002 + 0.004 38.020 £ 0.466 38.020 + 0.466

PialNN 0.273 £ 0.018 0.316 £ 0.045 0.593 £ 0.057 0.688 & 0.106 0.044 & 0.042 2.897 £ 0.388 10.072 & 2.460 10.072 £ 2.460
Right
Ours 0.138 £ 0.017 0.157 + 0.031 0.308 + 0.046 0.339 + 0.066 0.003 & 0.003 0.003 £ 0.003 2.358 £ 0.343 2.358 + 0.343

CortexODE 0.278 £ 0.035 0.474 £ 0.109 0.718 £ 0.119 1.138 + 0.235 0.006 £ 0.010 10.505 + 3.107 12.477 £ 3.285 12.477 + 3.285
CorticalFlow ™" 0.654 £ 0.049 1.066 £ 0.066 1.335 + 0.145 2.126 + 0.131 0.002 £ 0.004 0.002 + 0.004 37.079 = 0.923 37.079 + 0.923
PialNN 0.275 £+ 0.027  0.331 + 0.049 0.642 £ 0.099 0.717 + 0.117 0.022 £ 0.021 3.006 + 0.597 9.882 + 2.500 9.882 + 2.500

Quantitative results in Table [I| show that our method achieves the best per-
formance across all metrics, lowest ASSD (below 0.16 mm) and HDgy (below
0.34 mm) for all four surface types. Our SOVR is approximately 2.5%, far lower
than CortexODE (~12%), PiaINN (~10%), and CorticalFlow ™" (~37%), in-
dicating that over 97% of predicted vertices respect the correct nested order.
Although CorticalFlow™ ™ achieves slightly lower SIF, its extremely high SOVR
reflects a fundamental failure to preserve cortical topology. Qualitative results
in Fig. [2| further support these findings. Our reconstructions match the accuracy
of the optimization-based method while preserving the nested order among all
four surfaces from WM to pial surfaces.
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3.5 Ablation Study

We conduct an ablation study to assess the individual contributions of each loss
term: depth consistency, laminar thickness, and intensity band losses, by sys-
tematically removing one from our full model. All variants use the same network
architecture and differ only in the loss formulation.

As shown in Table[2] removing any loss term degrades performance, confirm-
ing their complementary roles. (1) Ablating the depth consistency loss consis-
tently increases geometric error (ASSD increases by 0.04-0.07 mm, and HDgq in-
creases by 0.09-0.14 mm) with little change in SIF or SOVR, highlighting its role
in enforcing accurate radial positioning. (2) Removing the laminar thickness loss
impairs inter-surface coherence, leading to higher SOVR (e.g., increasing from
2.36% to 3.91% on the right hemisphere) and elevated HDgg and ASSD, which
underscores the importance of enforcing consistent laminar spacing. (3) Finally,
ablating the intensity band loss causes the most pronounced degradation in geo-
metric accuracy: ASSD increases by 0.05-0.08 mm and HDgg by 0.12-0.17 mm,
while SOVR rises by up to 1.3%. This demonstrates that image-driven guidance
from the FLAIR hypointense band is essential for aligning reconstructed surfaces
with intensity evidence.

Table 2. Ablation analysis of depth consistency, laminar thickness, and intensity band
losses for inner and outer surfaces of the hypointense band in terms of ASSD (mm),
HDgp (mm), SIF (%), and SOVR (%), respectively.

Variant ASSD (mm)] HDgo (mm)] SIF (%)) SOVR (%)}

Inner Outer Inner Outer Tnner Outer Inner Outer
Left
Full model 0.128 + 0.014 0.142 + 0.024 0.287 + 0.036 0.306 4 0.053 0.005 £ 0.005 0.005 £ 0.005 2.692 + 0.386 2.692 + 0.386
w/o depth loss 0.192 £ 0.026  0.207 £ 0.035 0.422 & 0.064 0.451 4 0.076 0.005 & 0.006 0.004 + 0.006 2.530 + 0.377 2.530 £ 0.377
w/o thickness loss 0.181 £ 0.025 0.197 4 0.034 0.395 £ 0.061 0.425 & 0.075 0.005 + 0.005 0.004 + 0.004 2.578 4 0.449 2.578 + 0.449
w/o band loss 0.193 £ 0.023  0.219 £ 0.036 0.422 & 0.057 0.471 4 0.071 0.004 + 0.004 0.004 + 0.004 4.023 £ 0.571 4.023 £ 0.571
Right
Full model 0.138 + 0.017 0.157 £ 0.031 0.308 & 0.046 0.339 + 0.066 0.003 + 0.003 0.003 £ 0.003 2.358 & 0.343 2.358 & 0.343

w/o depth loss 0.185 £ 0.031  0.196 4 0.040 0.402 £ 0.072 0.425 £ 0.086 0.004 £ 0.004 0.003 & 0.004 2.012 =+ 0.448 2.012 + 0.448
w/o thickness loss 0.199 £ 0.023 0.209 4+ 0.037 0.446 £ 0.063 0.452 & 0.077 0.004 + 0.004 0.004 £ 0.006 3.911 & 0.427 3.911 £ 0.427
w/o band loss 0.195 £ 0.036  0.210 4 0.037 0.426 £ 0.080 0.452 £ 0.079 0.004 &+ 0.004 0.003 £ 0.004 3.323 £ 0.583 3.323 £ 0.583

3.6 Computational Efficiency

For surface reconstruction of the hypointense band, our method requires only
3.47 seconds per subject, outperforming PialNN (6.95 s), CorticalFlow™ ™ (9.54
s), and CortexODE (12.07 s). Most importantly, compared to the optimization-
based method used for generating GT surfaces (~2.5 hours), our method reduces
inference time to seconds, making it feasible for large-scale cohort studies.

4 Conclusion

In this study, we have presented a novel deep learning framework to reconstruct
the inner and outer surfaces of the intracortical hypointense band from 5T MR
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images via a bidirectionally coupled Neural ODE system. Extensive validation on
a dataset of 270 subjects with 5T MRI demonstrates that our approach matches
the sub-millimeter precision of optimization-based methods while leveraging the
efficiency of deep learning to accelerate inference from hours to seconds. This
work fully leverages both the enhanced laminar contrast and clinical accessibil-
ity of 5T MRI, thereby unlocking its potential for large-scale cortical laminar
microstructure analysis.
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