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Abstract. Couinaud segmentation is a fundamental step in surgical
planning for anatomical liver resection. Anatomically, Couinaud liver
segments are defined by the vascular system. However, in medical imag-
ing, the critical issue is that the defining landmarks, i.e., vessels, are
extremely sparse within the vast liver parenchyma. Current methods
employ handcrafted dense sampling strategies to exploit more vascular
data points, leading to high energy consumption and a heavy depen-
dency on manual data rebalancing. We propose Spiking Serialized Point
Transformer (SSPT), a Spiking Neural Network (SNN) architecture, to
tackle these challenges efficiently and effectively. In particular, SSPT de-
vises Leaky Integrate-and-Fire (LIF) neurons to enable a 3D transformer
framework, serializing unordered point cloud data into structured tem-
poral spike trains. This spike-based design enables temporally consistent
aggregation of critical anatomy (e.g., vessels) context from sparse medi-
cal imaging data, while avoiding manually designed sampling strategies
and their associated biases. Experimental results on MSD8 and LiTS
datasets demonstrate that SSPT delivers high-fidelity segmentation (up
to 92.14% Dice) and robust boundary precision (down to 2.24 mm ASD)
with a minimal energy footprint of 10.97mJ. Moreover, our experimen-
tal results demonstrate that spiking dynamics can inherently capture
sparse anatomical topologies, presenting a robust and energy-efficient
solution for offline preoperative liver surgery planning. Code is available
at https://github.com/Yan0918/SSPT.

Keywords: Spiking Neural Networks - Couinaud Segmentation - Point
Cloud - Serialized Attention - Spatio-temporal Encoding.

1 Introduction

Anatomical hepatectomy and segment-oriented surgical planning rely heavily
on the Couinaud system, which divides the liver into eight functional segments
based on the branching of the portal and hepatic veins [2]. Unlike organs with
visible physical borders, the boundaries between Couinaud segments are “vir-
tual planes” defined solely by vascular topology. Thus, automated Couinaud
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segmentation methods [5] need to implicitly learn complex and often sparse
vessel-related signals from liver CT or MRI data, rather than explicitly identify-
ing organ contours. Recent unified and synergistic hepatic segmentation studies
further support this anatomical dependency, showing that vascular topology pro-
vides key priors for Couinaud segment delineation [13,12].

While voxel-based architectures [14, 4] have long dominated medical volume
segmentation including Couinaud segmentation [3], their fixed-grid nature often
results in significant computational redundancy when processing high-resolution
medical data, where essential structural information is relatively sparse. Point-
based architectures [23] have emerged as a viable alternative due to their inherent
flexibility in handling irregular anatomical geometries. However, these methods
frequently incorporate handcrafted sampling priors or vessel-boosted rebalancing
to mitigate landmark sparsity. While effective in certain contexts, such reliance
on manual manipulation can introduce sampling biases and limit the model’s
robustness when applied to raw, uncurated clinical data distributions. Hence,
there is an imperative need for developing a Couinaud segmentation method
capable of inherent anatomical perception, i.e., the ability to delineate Couinaud
boundaries by autonomously identifying sparse structural information without
manual manipulation.

We propose the Spiking Serialized Point Transformer (SSPT) to achieve en-
dogenous anatomical perception while maintaining high efficiency. The core of
our framework is the Spiking Serialized Transformer Block (SSTB), which serves
as the primary computational unit for hierarchical feature extraction. In particu-
lar, our SSTB is supported by the Temporal Scanning Dispatcher (TSD), which
transforms static 3D geometry to dynamic spiking activity via two-stage process.
Specifically, the TSD first maps unstructured 3D coordinates into a 1D spatial
sequence using space-filling curves to maintain local geometric proximity; then, it
dispatches these points into T' discrete temporal steps through a scanning strat-
egy, thereby initiating a structured spatiotemporal spike flow. In addition, the
SSTB employs the Spiking Conditional Positional Encoding (SCPE), leveraging
spatio-temporal parallel convolutions to compensate for spatial information loss.
Moreover, we design the Spiking Serialized Attention (SSA) that converts con-
ventional dense dot-products into energy-efficient, pulse-driven accumulation.
By conducting extensive experiments on LiTS [1] and MSDS§ [15] datasets, our
proposed SSPT framework showcases an effective yet efficient Couinaud segmen-
tation solution for precise surgical planning.

2 Method

2.1 Overview of SSPT

Overall Architecture. SSPT is a hierarchical spiking transformer model de-
signed for energy-efficient, high-precision liver Couinaud segmentation. The ar-
chitecture adopts a hierarchical U-Net structure for feature extraction and re-
construction. For computational efficiency, SSPT utilizes space-filling curves
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Fig.1: The overall architecture of the Spiking Serialized Point Transformer
(SSPT). The framework follows a hierarchical encoder-decoder design where the
Spiking Serialized Transformer Block (SSTB) serves as the core computational
unit. TSD modulates spatial points into temporal spikes, while SSA enables
linear-complexity attention.

(SFC) to achieve linear complexity O(N). Event-driven spiking dynamics re-
place floating-point multiplications with sparse accumulations (AC) to enable
energy-efficient inference.

Overall Workflow. The SSPT workflow initiates with the Temporal Scanning
Dispatcher (TSD), which dispatches serialized point clouds into discrete tem-
poral sequences. The architecture follows a hierarchical spiking structure where
the Spiking Serialized Transformer Block (SSTB) serves as the core computa-
tional unit. Within each SSTB, Spiking Conditional Positional Encoding (SCPE)
leverages spatio-temporal parallel sparse convolution to process T' time steps si-
multaneously while compensating for spatial information loss incurred during se-
rialization. Subsequently, Spiking Serialized Attention (SSA) models long-range
dependencies using a localized window mechanism on the serialized sequence. In
the decoding phase, symmetric upsampling operators fuse multi-scale hierarchi-
cal features via skip connections to recover anatomical details. Finally, Temporal
Rate Decoding (TRD) generates dense point-wise predictions by averaging spike
activity across T steps. The model is supervised by CE loss plus Dice loss to opti-
mize segmentation accuracy while mitigating class imbalance across anatomical
segments.

2.2 Temporal Scanning Dispatcher

The core challenge in processing medical point clouds with Spiking Neural Net-
works (SNNs) is the spatio-temporal mismatch [24] between static 3D geometry
and continuous spiking dynamics. Naive encoding via constant repetition fails to
exploit the neural membrane potential’s integration capability. We address this
by decoupling the process into spatial serialization and temporal dispatching.
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First, a Z-order curve [17] maps 3D coordinates into a 1D sequence. By utiliz-
ing bit-interleaving, the Z-order curve preserves spatial locality with significantly
lower computational overhead than recursive space-filling curves like Hilbert
curves. Second, the Temporal Scanning Dispatcher (TSD) partitions this seri-
alized sequence and dispatches the resulting segments across T’ successive time
steps. This rhythmic input enables spiking neurons to progressively integrate
localized features into a spatiotemporally coherent representation. By shifting
from static repetition to structured dispatching, the framework maintains high
anatomical fidelity while adhering to the ultra-low-energy constraints of SNN
architectures.

Scanning Mechanism. Let the point cloud be serialized into a sequence S
based on the Z-order rank. At each time step ¢ € {1,...,T}, TSD defines an
active sliding window W, to modulate the input:

Xi(t) = x;, if rank(p;) € Wh
710, otherwise

(1)

where x; represents the input features of point p;. This scanning strategy en-
sures that even within a compressed temporal window (7T'), the point dispatcher
maintains full spatial coverage while eliciting temporal dependencies across the
serialized sequence. By sequentially highlighting topologically coherent neigh-
borhoods, TSD establishes a temporal consensus, allowing Leaky Integrate-and-
Fire (LIF) [21] neurons to integrate structured anatomical features rather than
stochastic noise. This rhythmic integration reduces the entropy of spike patterns
and enhances the stability of membrane potentials across the hierarchical stages.

2.3 Spiking Serialized Attention

The SSA module achieves O(N -w) complexity and enhanced inference efficiency
by synergizing space-filling serialization with spiking dynamics.

Localized Window Serialization. To align unstructured 3D points with the

spatiotemporal indexing required by SNNs, features X € RT*N*C are first re-
ordered using the Z-order ranks O generated by the TSD:
Xsorteda = Gather(X, O) (2)

The 1D sequence is then partitioned into non-overlapping localized windows of
size w. By restricting the attention scope to these windows, the module ensures
linear scaling relative to input size NV, effectively bypassing the O(N?) bottleneck
of global transformers.

Binary Spike Attention Core. Within each window, features are projected
into Query (Q), Key (K), and Value (V) spaces. Crucially, the Query is mod-
ulated by LIF neurons to generate binary spike trains Qg € {0,1}¥*¢. This
allows the similarity score e;; to be calculated via a conditional Accumulation
(AC) process:

= ch'zl qi,c : kj,c
A; = ; Softmax == + B | v, (3)
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where ¢; . € {0,1} represents the presence of a spike at the i-th point’s c-th
channel, k; . is the c-th channel of the j-th key, and B introduces a 3D geometric
prior via Relative Positional Encoding (RPE) [20]. Through this mechanism, the
binary spikes act as discrete triggers that replace power-hungry floating-point
multiplications with hardware-friendly additions during the @Q - K7 similarity
mapping. While the subsequent feature aggregation of Softmax maintains high-
precision floating-point computation to preserve anatomical fidelity, the use of
AC in the high-dimensional similarity space significantly reduces the primary
computational energy budget. This hybrid approach ensures the model maintains
robust structural perception for hepatic segment identification while reducing
computational cost for offline preoperative planning scenarios.

The binary gating mechanism of LIF neurons serves as a dynamic thresh-
old, prioritizing high-entropy structural regions such as vessel bifurcations and
hepatic segment boundaries. By capturing anatomical topology at these critical
junctions, spiking activity effectively filters redundant spatial information which
enables the model to achieve high-precision segmentation.

3 Experiments

3.1 Experimental Setup

Datasets and Metrics. We evaluate the proposed SSPT on two representative
liver datasets: (1) LiTS [1], comprising 131 CT scans for general liver and lesion
segmentation; and (2) MSDS8 [15] with 191 cases annotated for intricate hepatic
vascular structures. For Couinaud labels, we use the annotations released by
APVN [22] for LiTS and those released by GLC-UNet [16] for MSDS8. To en-
sure a rigorous comparison, all methods share an identical data sampling pipeline
based on uniform farthest-point sampling (FPS) over the liver point cloud, with-
out any vessel-boosted rebalancing or handcrafted sampling priors. Following
APVN [22], we crop paired CT/label volumes to the Couinaud-annotated liver
ROI, apply CT windowing and intensity normalization, and convert retained
voxels into point samples with 3D coordinates, intensity, and labels for point-
based methods. Voxel-based baselines use the same ROI-constrained normalized
volumes, ensuring consistency in data source, anatomical scope, intensity nor-
malization, and spatial preprocessing. Evaluation metrics include the pointwise
Accuracy (Acc), the Dice Similarity Coefficient (Dice), and the Average Sym-
metric Surface Distance (ASD). Following APVN [22], point-wise predictions
are mapped back to NIfTT label volumes using the stored voxel-index coordi-
nates, evaluated within the annotated foreground mask, and used to compute
ASD for labels 1-8 with physical voxel spacing. Theoretical energy consumption
is estimated based on a 45nm CMOS process [7].

Implementation Details. For fair energy comparison, we use comparable input
scales: 65,000 sampled points for point-based methods and 16 x 64 x 64 volumetric
inputs for voxel-based methods. All models are trained for 200 epochs using
AdamW with a OneCycleLR scheduler, an initial learning rate of 5 x 1072,
and a weight decay of 0.05. All experiments are conducted on a single NVIDIA
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Fig. 2: Comparison of segmentation results. The first column displays key vessels
in 2D and 3D views as anatomical references. Red dashed boxes highlight the
precision of SSPT near segmentation planes. While PTv3 [20] (Column 4) yields
high quantitative scores, 2D slices reveal its inability to define sharp boundaries.
APVN [22] and nnU-Net [8] (Columns 5,6) exhibit an overall shift of the seg-
mentation interface. SPT [18] (Columns 7) shows fragmented results due to early
overfitting under the fixed-size point input setting.

GeForce RTX 3090 GPU. For practical efficiency evaluation, latency is measured
as the average inference time per volume with batch size 1, excluding disk I/0O,
result serialization, and metric computation; GPU memory is reported as the
peak CUDA allocated memory during timed inference.

3.2 Comparison with State-of-the-Art Methods

The top part of Table 1 compares SSPT with representative voxel-based, point-
based, and hybrid methods on LiTS [1] and MSDS8 [15], including APVN as
the publicly available state-of-the-art Couinaud segmentation baseline. SSPT
achieves strong performance on both datasets, with 92.14% Dice / 2.44 mm
ASD on LiTS and 90.42% Dice / 2.24 mm ASD on MSDS.

Fig. 2 visualizes the boundary fidelity of slices near the segmentation planes.
Although PTv3 [20] demonstrates competitive Dice and Accuracy, its 2D seg-
mentations reveal a clear weakness in delineating interfaces. Both APVN [22]
and nnU-Net [8] exhibit an overall spatial shift of the segmentation boundary,
failing to align with the ground truth. Point-based models with limited capacity,
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Table 1: Top: quantitative comparison on LiT'S and MSDS. GPU memory and
latency are measured on a single RTX 3090; Energy denotes theoretical compute
energy based on MAC/AC operations. Bottom: segment-wise Dice comparison
of APVN [22] and SSPT (S1-S8 denote Couinaud liver segments). Subscripts
denote standard deviations.

Category ~ [Methods LTS MSD§ Encrgy(mJ)
Blegory thods Acc T Dicc T | ASD | [GPU(GB)[Latency(s/vol)| _Acc T Dice T | ASD | [GPU(GB)[Latency(s/vol)| < &Y
nU-Net[8] 70362506 | 88451570 | 0-3415.27 | 2.87 10.294 | 78.7420.06 | 87804022 | 5282550 |  2.87 1822 [1318.07
Voxel-based(3D UX-Net[9]  [61.34:14.11|76.82410.50| 8.1316.50 | 15.65 81.386 | 65.4047.50 | 78841601 | T.34s752 | 480 14101 [3290.75
Swin-Unetr[6]  |66.22410.40| 7847 5,43 | 6344600 | 15.46 16172 | 72914770 |83.9456.36 [5.7951002|  2.67 4742|7645
Hybrid __ |APVN(SOTA)[22][ 81.99: 50 | 89-9544.35 | 4172251 | 6.72 17.264 | 77321700 | 86304081 | 6401502 | 6.08 1438 [1200.45
PomntNet+ 1110] [55.60%12.41] 67-3510.56 [22.7247 782 26.032  [03-23217.23|70- 141 16.42[20-65 4565  6.92 6625 |15.78
Point-based |PTv3[20] (ANN) | 83.12.5.05 | 91.0816.66 | 4 6.82 27.805 | 82.2640.67 |89.631051 | 31dsass | 591 6933 |572.47
SPT[18] 64.81219.2175.46£15.43 6.85 110818 |67.9141091|80.3845.80 [16.7247.74]  6.79 28.728  [68.61
Ours SSPT (SNN) _[85.5524.5792. 141255 2- 5.08 14.436  [84.54:1.61|9042.571(2.245102] 647 379 [10.97
Dataset| Method S1 S2 S3 S4 S5 S6 S7 S8
LiTS APVN [22]|89.94+5.15 | 91.67+9.55 |86.77+16.86|82.29415.69[80.614+12.74{92.55410.0596.154+4.86|93.11 £ 12.44
SSPT  90.05411.22| 93.41+6.60 |90.41411.51| 89.1148.85 | 94.8945.04 | 92.48+5.13 [94.5246.60| 95.38+5.17
MSDS APVN [22]| 88.16-+6.92 |88.66+10.86|83.33+12.81|73.27417.49|76.85+11.93] 90.4544.17 [97.814+4.43| 89.09-+4 56

SSPT | 88.49+5.77 | 96.88+4.03 | 93.3040.17 | 84.67+9.18 | 77.88+9.92 | 90.85+4.34 |98.20+2.36| 89.96-+5.77

such as SPT [18], suffer from early overfitting during training due to the fixed-
size point input setting. In contrast, the event-driven thresholding in SSPT filters
boundary noise and maintains structural alignment, confirming that our method
preserves high precision while significantly reducing energy consumption.

Comparison with the serialized ANN-based PTv3 [20] isolates the effects of
spiking dynamics. At an equivalent scale of 12.0M parameters, SSPT achieves
a lower ASD than PTv3 [20] (2.44 mm vs. 3.84 mm). By replacing floating-
point Multiply-Accumulate (MAC) operations with pulse-driven Accumulate
(AC) operations, the inference energy is reduced from 575.68 mJ to 10.97 mJ, a
98.1% decrease. Furthermore, SSPT demonstrates superior efficiency relative to
APVN [22]. Despite utilizing significantly fewer parameters (12.0M vs. 35.5M),
SSPT improves Accuracy on the MSD8 [15] dataset by 7.22%. The energy cost
of 10.97 mJ is merely 0.91% of that required by APVN [22] (1200.45 mJ).
These results confirm that endogenous spiking perception via TSD and SSA is
a more effective strategy for complex Couinaud segmentation than the explicit
multi-representation stacking employed by hybrid SOTA architecture [22].

In practical inference, SSPT also achieves favorable latency among the strongest
baselines. On MSD8, SSPT runs at 3.79 s/volume, which is 45.3% faster than
PTv3 and 14.6% faster than APVN, with only a moderate increase in peak GPU
memory; on LiTS, SSPT is also faster than PTv3 and APVN while using less
GPU memory. To further assess segment-level robustness, the bottom part of
Table 1 reports segment-wise Dice scores for APVN and SSPT. SSPT achieves
consistently higher Dice on most Couinaud segments, particularly on challenging
middle segments (S3-S5), indicating more balanced segment-wise performance.

3.3 Efficiency and Firing Dynamics

Following widely used theoretical energy estimation protocols in SNN stud-
ies [18], we evaluate compute energy under a 45nm CMOS technology model.
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Table 2: Ablation study of SSPT on LiTS and MSDS, covering serialization, time

steps, and temporal input strategies. Subscripts denote standard deviations.
LiTS MSD8

Category Variant / Setting GPU (GB) {—gor Dice ™ T ASD T | Aec® T Dice | ASD T [Eneray ¢
Random 10.8 73.104+11.18| 83.9647.08 | 9.4448.15 | 72.0249.11 [80.54410.57| 12.44+4.07 {10.97

I. Serialized strategy k-NN Graph 21.7 69.81+14.90(80.82+14.22|10.64+7 48| 67.91+6.36 | 80.38+7.01 [11.72+16.71(61.48
Space filling curve(Z-order) 12.2 85.55.14.37|92.1442.55|2.4411.21 |84.54.1461(90.42.12 71| 2.24+, 22 |10.97
T =1 (Lightweight) 6.4 85.34+4.43 | 92.0842.56 | 2.5441.14 | 83.7115.36 |90.83 16.62| 2.63+4.19 |[5.12

II. Timestep (T') T = 2 (Balanced) 12.2 85.55+4.37 | 92.1442.55 | 2.44+1.21 | 84.5414.61 | 90.4222.71 | 2.2441.20 [10.97
T = 3 (Limit) 22.8 85.56.14.53|92.1812.81|2.4311.19 84.60.19.67|90.73 1651 | 2.2014.45 |15.50
Repeat (Constant) 12.2 83.34+4.00 | 89.08+4.22 | 2.8443.76 | 82.7146.79 | 89.83+4.36 | 2.63+1.37 |15.56

II1. Strategy Interlaced (Pattern) 12.2 85.37+4.63 | 92.0542.72 | 2.59+41.15 | 83.2247.56 |90.65.+4.84| 2.8843.42 [10.97
Scanning Wave (TSD) 12.2 85.551+4.37|92.1412.55|2.44+1.01 [84.541461|90.4242.71 | 2.2441.02 |10.97

For ANN baselines, energy is estimated from the total number of MAC opera-
tions. For SNN models, the first layer is computed with MAC operations, while
subsequent spiking layers are computed with firing-rate-weighted AC operations.
Total energy per inference is calculated from Synaptic Operations (SOPs), dis-
tinguishing between MAC operations (Eprac = 4.6 pJ [7]) and AC operations
(Eac = 0.9pJ [7]). The calculation follows:

L
ETotal - EFirst + Z Cl : SOPS(I) . EAC' (4)
1=2
where (; is the firing rate at stage [. The measured inference cost of SSPT is
10.97 mJ per forward pass. Compared to hybrid and voxel-based architectures,
SSPT saves 99.1% energy compared to APVN [22] (1203.35 mJ) and 99.2%
compared to nnU-Net [8] (1318.08 mJ). Even compared to the smaller-scale
PointNet++ [10] (15.86 mJ), SSPT reduces energy by 30.8%.

Efficiency is attributed to the sparsity of spiking activity. The weighted aver-
age firing rate is recorded at 3.30% across 145 spiking layers. While specific CPE
layers maintain firing rates near 20% to preserve geometric detail, the majority
of attention and MLP layers operate at lower activity levels. This event-driven
sparsity shifts the computing workload from dense MACs to sparse ACs [11, 19].

3.4 Ablation Studies

Table 2 evaluates the impact of topological encoding and temporal steps. Cat-
egory I confirms that Z-order curves yield the highest Accuracy (85.55%) and
the lowest ASD (2.24 mm on MSDS8 [15]). Compared to k-NN graphs (21.74
GB), the Z-order strategy reduces memory to 12.2 GB while preserving spatial
locality. Random serialization, which ignores topological proximity, results in a
significantly higher ASD of 12.44 mm on MSDS§ [15].

Temporal analysis in Category II suggests that T" = 2 provides the opti-
mal balance. While T" = 1 shows a higher boundary error (2.63 mm ASD on
MSD8 [15]), T = 3 increases memory consumption to 22.8 GB without propor-
tional gains in Dice scores. Category III compares input strategies, where the
Scanning Wave (TSD) achieves the lowest ASD of 2.24 mm on MSD$ [15]. Unlike
the Repeat or Interlaced patterns, the rhythmic input of TSD better stabilizes
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membrane potentials for sparse signal detection. This confirms that topologi-
cally consistent scanning waves are essential for delineating complex vascular
structures.

4 Conclusion

This work presents SSPT, a spiking framework for 3D medical point cloud seg-
mentation. Evaluation on LiTS [1] and MSD8 [15] datasets demonstrates that
SSPT achieves a landmark ASD of 2.24 mm on complex vascular structures,
surpassing conventional voxel-based and hybrid architectures in anatomical pre-
cision. The transition to pulse-driven AC operations reduces inference energy to
10.97 mJ, a 98.1% reduction from ANN-based counterparts. The 3.30% sparse
firing rate effectively preserves complex topology while minimizing computa-
tional redundancy. These results confirm that spiking perception is a viable,
high-precision solution for offline preoperative Couinaud segmentation and sur-
gical planning. While efficient, our model relies on initial sampling that may
bypass fine vessels. To improve boundary precision, future research will investi-
gate adaptive sampling and multi-modal fusion in clinical settings.
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