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Abstract—Robotic-assisted implantation of screw-rod systems
serves as an advanced therapy for spinal diseases. A precise
curvature fit between rods and spines is critical to postoperative
spinal stability. Currently, rod curvature is determined intra-
operatively to accommodate screw positions, which is hardly
conducive to optimal rod bending and is vulnerable to surgeons’
expertise. To address this challenge, we propose an automated
and efficient method for measuring the centroid angle to guide
preoperative rod design from CT images. The centroid angle is
defined by lines connecting centroids of the upper and lower
vertebrae pairs, providing a reliable measurement for spinal
deformities. The proposed pipeline includes (1) 3D spine seg-
mentation with multiscale multitask deep learning; (2) vertebrae
recognition using graphical morphology; (3) automatic and repro-
ducible centroid angle measurement. Our method is evaluated
on both healthy and pathological spines. Compared to manual
measurements by professional surgeons, our method achieves an
accuracy of 94.50% and 91.93% on adjacent and non-adjacent
vertebrae, respectively. A Slicer-based plugin for robotic-assisted
screw-rod systems implantation is built, providing a new clinical
tool to personalize screw-rod systems consistent with the natural
spinal curvature, thereby enhancing biomechanical properties.

Index Terms—Image-guided treatment, screw-rod system,
spine, surgical robot, centroid angle, preoperative CT image.

I. INTRODUCTION

SPINAL disorders, including low back pain, spinal cord
injury, and scoliosis, are prevalent diseases around the
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world. Specifically, low back pain and spinal cord injury
affect 619 million [1] and 9 million [2] patients worldwide,
respectively; primary degenerative scoliosis holds a global
prevalence of 37.6% among adults [3]. These spinal disorders
impede the function and stability of the spine and have become
one of the leading causes of disability worldwide [4]. A
common therapeutic approach for these diseases is screw-rod
systems, known for their excellent biomechanical properties
in spinal fixation [5], [6], [7]. A screw-rod system comprises
multiple pedicle screws and a rod on each side; the screws
are inserted into the vertebrae, and the rod is affixed to
these screws. Currently, the implantation of screw-rod systems
requires surgeons to manually bend the rods intraoperatively to
align with the implanted screws, a process that heavily relies
on the surgeon’s experience and skill.

Since the introduction of the first spinal surgical robot,
SpineAssist (Mazor Robotics Ltd., Caesarea, Israel), from
2004 [8], robotic-assisted screw implantation systems have
progressed considerably [9], [10], [11]. The rapid evolution
of computer-aided technologies in this field has profoundly
enhanced surgical navigation [12] and facilitated the adoption
of minimally invasive surgical techniques [13]. Current proto-
cols for robot-assisted screw-rod systems typically commence
with the identification of the affected vertebral segment,
followed by the programming of insertion paths, and the
placement of screws. Subsequently, the rods are manually
bent to conform to the screw alignments. However, most
existing systems overlook the critical influence of the rod
structure [14]. They often neglect to ensure proper fit-
ting of rods and the spine, which is vital for successful
therapy.

For experienced surgeons, manual rod bending is typically
not a challenge, as years of practice and expertise enable
them to efficiently bend high-quality rods. In contrast, novice
surgeons may produce suboptimal rod shapes during intra-
operative bending, resulting in compromised biomechanical
outcomes [15]. This can lead to complications such as rod
breakage, screw loosening, adjacent segment disease, and
prolonged recovery times. Therefore, an automated tool pro-
viding spinal curvature measurement and accurate rod bending
guidelines can be beneficial for training or reassuring novice
surgeons.

While current robotic systems mainly focus on screw inser-
tion, offering less blood loss and lower reoperation rate [16],
they lack a robust mechanism for the preoperative design and
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Fig. 1. Diagram of anatomy geometry: (a) A screw-rod system implanted
in a spine (Diplomat system, Signus, Germany); (b) Definitions of the Cobb
angle and the centroid angle, calculated on vertebrae in black dashed box.

prefabrication of rods. Since each patient’s spinal curvature
is unique, developing algorithms that can accurately model
these variations and translate them into precise rod curvatures
is still challenging. Preoperative design and prefabrication of
rods could ensure that rod curvature matches the physiological
spinal curvature, thereby optimizing the mechanical properties
of the implant and minimizing human errors associated with
inexperience and variability. Therefore, this could benefit
patient care in spinal surgery and make novice surgeons more
confident in rod placement.

Studies have established a significant correlation between
the curvature of the screw-rod system and postoperative spinal
stability [17]. The rod primarily dictates the curvature of this
system. When the curvature of the rods does not align with that
of the implanted spine, complications such as adjacent segment
disease, postoperative back pain, or even spinal degeneration
may arise [15]. Therefore, it is crucial to consider the spinal
curvature characteristics for the robotic-assisted implantation
of screw-rod systems. In modern spinal disease therapy, there
exists a pressing need for an accurate and efficient preoperative
rod design method that can adapt to the natural curvature of
the spine. This advancement is essential for enhancing the
development of robot-assisted screw-rod systems in a more
intelligent, scientifically grounded, and personalized manner.

The Centroid Angle (CA) is commonly employed in clin-
ical practice for measuring conditions such as scoliosis [18]
and lordosis [19]. As depicted in Fig. 1 (b), it is defined
by lines passing through the centroids of two upper and
two lower vertebrae [20]. In comparison to other metrics
such as the Cobb angle and tangent angle, which heavily
rely on the quality of vertebral endplates, the CA remains
relatively stable across a broad spectrum of spinal lesions
and imaging conditions [21]. This stability arises because the
position of the vertebral centroid is less affected by endplate
tilting, vertebral injury, or manual intervention than vertebral
edges [18]. Nevertheless, the current clinical approach requires
physicians to manually measure CA, which is time-consuming
and labor-intensive. Manual measurement demands substantial

expertise and produces results that are challenging to repro-
duce. Moreover, existing research on CA primarily focuses on
assessing scoliosis and lordosis [18], rather than optimizing
rod structure in screw-rod systems. Hence, an automatic CA
measuring approach via CT images for preoperative rod design
has shown substantial clinical necessity.

To this end, we integrate deep learning and morphological
computation algorithms to automatically compute sagittal CA
from preoperative CT images. Subsequently, we utilize this
measurement to guide rod design by aligning its curvature with
that of the implanted spine. Finally, we develop a practical
and automatic plugin based on Slicer for clinical application.
The primary contributions of this study are as follows:

• Spine-aware VNet with adaptive sampling mode: We
propose a spine segmentation model for preoperative
CT images, featuring a threshold-based sampling mode
and multi-task learning strategy with multi-scale spine
awareness. This approach aims to reduce impurities in
segmentation maps and enhance the precision of spine
boundary delineation.

• Vertebrae recognition in the sagittal plane: We propose
a vertebrae recognition method based on image attribute
clustering and corner point detection. The integration of
the two branches achieves high precision and specificity
in vertebral recognition, thereby avoiding misdetections
and omissions.

• Automatic CA measurement: We extract vertebral cen-
troids to automate CA measurement. Compared with
manual measurement, it facilitates an objective and repro-
ducible quantification of spinal curvature across any
vertebral section.

• Preoperative rod design: We integrate the above tech-
niques to develop a preoperative rod design plugin using
3D Slicer. Specifically, we focus on enhancing opera-
tional efficiency by implementing user-friendly clinical
interactions.

II. METHOD

The proposed pipeline for CA measurement consists of three
main stages, respectively named Spine Segmentation on CT
Image (Section II-A), Vertebrae Recognition in Sagittal Plane
(Section II-B), and Automated Centroid Angle Measurement
(Section II-C). To boost clinical transformation, we integrate
the above stages to develop a Slicer-based plugin for preop-
erative rod design (Section II-D).

A. Spine Segmentation on CT Image

Fast and high-precision 3D spine segmentation is vital for
both CA measurements and rod design. For accelerating seg-
mentation, we propose an adaptive threshold-based sampling
mode for data loading without any preprocessing. To further
improve segmentation quality, we develop Spine-aware VNet,
a multi-scale, multi-task learning 3D segmentation model.

1) Adaptive Threshold-Based Sampling Mode: The spine
CT image is voluminous, as illustrated in Fig. 2 (a). A
sub-sampling strategy is needed to divide an entire CT
volume into multiple small 3D patches: I ∈ R

L×W×H �→
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Fig. 2. Diagram of our adaptive threshold-based sampling mode: (a) The
original volumetric CT image; (b) The probability map to generate sampling
centers; (c) The sampling mask located at central points, covering full spine
regions.

{I(x1,y1,z1)

1 , . . . , I(xn,yn,zn)
n } ∈ R

n×k×k×k, where I denotes a full
CT image before sampling, In denotes a sampled 3D patch
centered at (xn, yn, zn), n denotes the number of patches, k
denotes the length of each cube patch.

Uniform sampling is the most common solution but often
leads to an overabundance of sampled patches that encompass
unnecessary regions, imposing a significant computational bur-
den in clinical scenarios. It also exacerbates class imbalance
between spinal and non-spinal regions, thereby complicating
training efforts. Therefore, a mode with adaptive selection of
sampling points is needed. Adaptive sampling refers to an
algorithm that approximately locates the spine in each CT
volume and assigns most of the sampling points to it, reducing
oversampling.

To this end, we propose a 3D sampling mode based
on adaptive thresholding. Leveraging the characteristic high
Hounsfield Unit (Hu) values of spinal bones in CT images,
typically exceeding 1000 Hu, our mode generates a sampling
probability map �̃ for each CT image by Otsu threshold-
ing [22]: �̃ = fOstu(I) ∈ R

L×W×H . Let p(xi,yi,zi) denote the
pixel value of point (xi, yi, zi), T denote the Ostu thresholding,
N1 and N2 be the total number of pixels in the foreground
and background, μ1 and μ2 be their average grey values,
respectively. The Ostu thresholding can be represented as

fOstu(I) : p(xi,yi,zi) ≥ arg max
T

[
N1

N
· N2

N
· (μ1 − μ2)

2
]

(1)

for i = 1, . . . , L × W × H. As shown in Fig. 2 (b), skeletal
regions appear at a high sampling rate in �̃. And we randomly
select n points in �̃ as central points to locate the final
sampling masks in Fig. 2 (c): �̃ �→ �. Given that the
spine typically represents the largest skeletal structure in
thoracic and abdominal CT images I, our central points
are concentrated around the spine and its vicinity. The i-th
sampling patch is defined as a cube I(xi,yi,zi) ∈ R

k×k×k, where

Fig. 3. (a) Spine-aware VNet: The red dashed box shows the multi-scale
spine-awareness path; The black dashed box shows the segmentation path;
The blue dashed box shows the classification block. (b) Densely connected
multi-scale 3D dilated convolution in MSSA with four dilated rates.

(xi, yi, zi) ∈ �. Finally, we reconstruct a complete 3D spine
by assembling the segmentation maps of each patch.

2) Spine-Aware VNet: Spine-aware VNet equips
V-Net [23] with spine-awareness via multi-task learning,
enabling it to detect spine regions across multiple scales. This
model performs 3D spine segmentation while concurrently
assessing whether each patch contains spinal regions, thereby
optimizing the segmentation map accordingly. The structure
of Spine-aware VNet, illustrated in Fig. 3(a), comprises three
components: a 3D segmentation path, a multi-scale spine-
awareness path, and a classification block.

In the 3D segmentation path, we develop a Vnet-like back-
bone, comprising an encoder and a decoder, interconnected by
skip connections. Specifically, the encoder consists of four 3D
convolutional layers fc : Xc

l �→ λ2c
l . Each layer performs two

sequential 3D convolutions using a kernel W ∈ R
5×5×5, with

a bias b, and a stride of 1. These convolutions are followed by
batch normalization and ReLU activation functions. The output
λ of the t-th convolution in the l-th layer is represented as

λc
l,t = fReLU

(
fBN

(WT
l,tλ

c
l,t−1 + bl,t

))
, l ∈ [1, 4], t ∈ [1, 2] (2)

Then we add the inputs of this layer to the feature map via
residual connection: λc

l,r = Xc
l + λc

l,2. Finally, we perform
a refine convolution frfc : λc

l,2 �→ λ2c
l,3, with a kernel of

W ∈ R
2×2×2 and a doubled output channel. The initial output

channel of the first layer is set to 16. The decoder also
consists of four 3D deconvolution layers denoted as fdc. Unlike
the encoder, each layer in the decoder utilizes transposed
convolution and takes input from the corresponding layers of
encoder and decoder. Therefore, the l-th layer is represented as
λ̄l = fdc[fcha(λl−1) ⊕ λ̄l−1], where ⊕ denotes a concatenation
and fcha denotes channel attention mentioned below.

Due to the stochastic distribution of sampling centers, the
sampling process inherently results in varying proportions of
spine inclusion, categorized into four types: 1) patches with
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Fig. 4. The workflow of our vertebrae recognition in the sagittal plane: (a) Central slice extraction with a subsectional strategy; (b) Vertebrae recognition
branch based on IAC; (c) Vertebrae recognition branch based on CPD; (d) Outlier elimination based on vertebral linkage angle.

at least one intact vertebra, 2) patches with large incomplete
vertebra, 3) patches with fragmented vertebras, and 4) patches
without vertebra. To address this variability, we develop a
multi-scale spine awareness (MSSA) path to capture size-
stable vertebral features. Firstly, MSSA takes a patch as
input and initializes the image features by a feature extractor
including four convolutional layers.

Inspired by the Atrous Spatial Pyramid Pooling
(ASPP) [24], MSSA cascades four 3D dilated blocks with
dilation rates of 1, 3, 5, and 7 to extract multi-scale spine
features from local to global contexts (as shown in Fig. 3(b)),
corresponding to the four types of patches: Mdilate =
{D1,1,D2,3,D3,5,D4,7}. Each 3D dilated block begins with an
initial convolution with Wl,1 ∈ R

1×1×1, getting initial feature
λl,1 ∈ R

l×w×h. Then a dilated convolution is performed,
which inserts cavities into convolution kernels Wl,2 ∈ R

3×3×3,
enlarging its receptive fields without increasing parameters.
By setting different dilation rates d, MSSA captures semantic
features in different receptive fields:

D(i,j,k)
l,d =

1∑
p=−1

1∑
m=−1

1∑
n=−1(

λ
(i+p·d, j+m·d, k+n·d)

l,1 · W(p,m,n)

l + bl

)
(3)

where D(i,j,k)
l,d represents the output of the l-th block at spatial

position (i, j, k) with a dilation rates d. In addition, MSSA
adopts pyramid pooling [25], fPP : Dl,d ∈ R

c,∗,∗,∗ �→ Dl,d ∈
R

c,l,w,h, where * denotes various feature sizes of difference
layers. It pools feature maps at different scales to a fixed
size, maintaining dimensional stability while yielding a richer
feature representation. Finally, MSSA concatenates four multi-
scale feature maps together as its output Mdilate.

The multi-task learning of Spine-aware VNet comprises the
MSSA, the encoder, a classification block, and a segmentation
lock. The classification block takes the output of MSSA
(Mdilate) and the output of the 4-th layer encoder (λenc) as
input. It performs fully connected operations on these inputs
separately, then concatenates and feeds them into a multilayer
perception machine (MLP). The MLP has three layers with
64, 32, and 1 neurons, respectively. Then we get a binary
indicator C after a sigmoid activation. The classification block
here discriminates whether the current patch contains a spine
region.

The segmentation lock determines the effectiveness of the
decoder output (λ̄dec) based on the classification result (C).
If C = 0, the corresponding patch is excluded from both
training and 3D spine reconstruction. The segmentation map
is set to blank, thereby invalidating segmentation training
for that patch. Nonetheless, the classification block is still
updated according to the classification results. Conversely, if
C = 1, the patch is considered effective and is included
in backpropagation and 3D reconstruction. Ultimately, the
segmentation lock reconstructs the final 3D spine model S
using all validated segmentation results. Moreover, because
the two tasks share the encoder of the segmentation path,
the overwhelmed classification task may impose a negative
interference on the segmentation task. Therefore, we insert
channel attention (fcha) into skip connections to enhance
synergistic features and suppress interfering features, where
only beneficial features from the encoder can be introduced
into the decoder.

In terms of loss function, besides segmentation loss
(Eq. (4)), we introduce compound loss (Eq. (5)) and awareness
loss (Eq. (6)). Segmentation loss and compound loss respec-
tively measure the consistency of the original segmentation
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Fig. 5. (a) Sagittal central slices extraction without subsectional strategy;
(b) sagittal central slices extraction with subsectional strategy.

map (ySeg = λ̄dec) and the compound segmentation map
(yComp = S) with the labels (ŷ). They include pixel-level
weighted binary cross-entropy loss and Dice loss. The aware-
ness loss, a binary cross-entropy loss, measures the consistency
of the classification results (γ = C) with the true situation (γ̂ ).
Since the segmentation task is the actual target in our study,
we apply a weighted joint loss function as Eq. (7):

LSeg = LWBCE
(
ySeg, ŷ

) + LDice
(
ySeg, ŷ

)
(4)

LComp = LWBCE
(
yComp, ŷ

) + LDice
(
yComp, ŷ

)
(5)

LAware = −1

η

η∑
i=1

(
γi log γ̂i + (1 − γi) log (1 − γ̂i)

)
(6)

L = Waware LAware + WSeg LSeg + WComp LComp (7)

B. Vertebrae Recognition in Sagittal Plane

In sagittal CT slices, both vertebral bodies and vertebral
arches are visible. Since CA only pertains to the centroidal
characteristics of vertebral bodies, it is crucial to exclude
the interference of vertebral arches. To achieve this, we
propose a method to recognize vertebral bodies in the sagittal
plane, as shown in Fig. 4. Firstly, this method inherits the
3D spine model produced by the Spine-aware VNet. A
subsectional strategy is designed to extract the spinal central
slice. Subsequently, we introduce two vertebrae recognition
branches: one based on image attribute clustering (IAC) and
the other on corner point detection (CPD). Finally, a voting
scheme combines results from both branches and performs
outlier elimination according to vertebral linkage angles to
further improve recognition accuracy.

1) Central Slice Extraction: Most spine diseases affect
spinal morphology, where the most common abnormality is a
deviation of the spinal axis. In an original central slice, this
deviation could lead to missing vertebrae as the red box in
Fig. 5(a) and adhesions between vertebrae and arch as the
yellow box. Hence, our method carries a subsectional strategy
based on the anatomical divisions of the spine. The whole
spine model is divided into cervical, thoracic, and lumbar
subsections. This strategy leverages the inherent distinct cur-
vature of these three subsections. Specifically, the cervical
subsection corresponds to the upper spine, including the neck
vertebrae (C1-C7); the thoracic subsection covers the middle
spine, encompassing the thoracic vertebrae (T1-T12); and the
lumbar subsection pertains to the lower spine, including the

lumbar vertebrae (L1-L5). Then we extract three central slices
separately and centralize them to get a final central slice (C).
To further remove adhesions between adjacent vertebrates, we
apply erosion and dilatation to get Cers and Cdia.

2) Image Attribute Clustering Branch: Fig. 4(b) shows our
image attribute clustering branch for vertebrae recognition.
Initially, it employs an eight-neighborhood connected compo-
nent algorithm [26] to label each individual region on Cdia.
Subsequently, it evaluates five geometric attributes and two
shape attributes for each region. The geometric attributes
include centroidal coordinates, long axis, short axis, area,
and perimeter. In terms of shape, vertebrae tend to be
regular rectangles. In contrast, arches appear variously. To
quantify the discrepancy between both shapes, Hu moment
and inertia tensor are applied. Hu moments combine and
normalize geometric moments to describe pixel distribution
in the spatial domain, providing shape representation with
rotation, translation, and scaling invariance [27]. Additionally,
the inertia tensor, a second-order tensor incorporating pixel
spatial locations and values, extracts key shape features of
edge orientation, angle, and curvature.

We normalize the seven attributes and then classify all
regions into two classes by K-means clustering. The class
with a larger total area is retained in the output ϒIAC as the
vertebrae class.

3) Corner Point Detection Branch: Another vertebrae
recognition branch employs a corner point detection method-
ology. In the sagittal plane, vertebrae typically exhibit a
rectangular cross-section characterized by four corner points.
Therefore we detect the number of corner points Ni on each
connected component, as shown in Fig. 4 (c).

Firstly, we apply the Canny operator [28] to extract the
edges, transforming image regions into curves. Using Douglas-
Peucker algorithm [29], we fit each edge Ei = {p0, p1, . . . , pm}
to a polyline that retains the essential shape with fewer
points by curve simplification. As shown in Eq. (8), we set a
threshold θ and calculate the maximal distance d⊥(pk) from
any point pk to the line linking the start point p0 to the endpoint
Pm. If d⊥(pk) > θ , pk is marked as a new key point. Otherwise,
all points between p0 and pm are discarded, retaining only p0
and pm as key points. This process is then iteratively applied
to the new subsets p0, p1, . . . , pk and pk, pk+1, . . . , pm until
all key points are marked.

fdp(Ei, θ) ={ {p0, pm} ∪ fdp(P0k, θ) ∪ fdp(Pkm, θ) , d⊥(pk) > θ

{p0, pm} , otherwise
(8)

where the parameter θi = 0.05 × l(Ei) is dependent on the
perimeter l(Ei) of each edge Ei to adapt to diverse area sizes.
We then count the number of corner points Ni. When Ni = 4,
rectangular components are retained as vertebra; when Ni �= 4,
irregular components are excluded.

Shape features are altered following erosion and dilation
operations, each contributing uniquely to our CPD method.
Therefore, we design separate erosion and dilation branches.
Finally, we derive the outcome by intersecting the results from
both branches: ϒCPD = fdp(Cers) ∩ fdp(Cdia).
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Fig. 6. Two situations of CA measurement: (a) Non-adjacent measurement,
(b) Adjacent measurement.

4) Outlier Elimination Based on Vertebral Linkage Angle:
Voting the vertebrae recognition results from the above sub-
section (2) and (3) yields an initial vertebrae map: ϒinit =
ϒIAC ∩ϒCPD. As illustrated in Fig. 4 (d), we further refine the
recognition according to prior knowledge that linkage angles
of adjacent vertebrae along the spine axis are obtuse. We take
the centroid ϑi of each region on ϒinit and link the neighboring
centroids to form the linkage angle δi:

δi = arccos

⎛
⎝ −−−→

ϑi+1ϑi · −−−→
ϑiϑi−1∥∥∥−−−→

ϑi+1ϑi

∥∥∥ ·
∥∥∥−−−→
ϑiϑi−1

∥∥∥

⎞
⎠, (9)

where i = 2 ∼ n−1. If δi < π
4 , the region where ϑi belongs is

distant from the spine axis. Thus it can be defined as an outlier
that is highly probable to be an arch or other non-vertebral
region. As a result, we eliminate all outliers and output purified
vertebrae map ϒout.

C. Automated Centroid Angle Measurement

According to the clinical definition [20], we develop an
algorithm to automate CA measurement. This algorithm inher-
its the centroid set {ϑ1, . . . , ϑn} derived from sagittal vertebrae
recognition Section II-B, and accepts the vertebral section
[vi, vj] to be measured as user input. In clinical practice, CA
measurement encompasses two scenarios:

1) Non-Adjacent Measurements: As shown in Fig. 6(a),
non-adjacent measurement �̇i, j represents a non-adjacent
measurement is defined by vector

−−−−→
ϑ iϑi+1 and vector

−−−→
ϑjϑj−1.−−−→

ϑiϑi+1 links the centroids of the upper vertebra vi and
its adjacent lower vertebra vi+1, while

−−−→
ϑjϑj−1 connects the

centroids of the lower vertebra vj and its adjacent upper
vertebra vj−1:

�̇i,j = arccos

⎛
⎝ −−−→

ϑiϑi+1 · −−−→
ϑjϑj−1∥∥∥−−−→

ϑiϑi+1

∥∥∥ ·
∥∥∥−−−→
ϑjϑj−1

∥∥∥

⎞
⎠. (10)

2) Adjacent Measurements: As shown in Fig. 6(b), adja-
cent measurement �̈i, j is defined by vector

−−−−→
ϑ iϑi−1 and vector−−−→

ϑjϑj+1.
−−−→
ϑiϑi−1 links the centroids of the upper vertebra vi

Fig. 7. The screenshot of (a) file system and display, (b) screw placement,
and (c) rod generation in our application.

and its adjacent upper vertebra vi−1, while
−−−→
ϑjϑj+1 connects

the centroids of the lower vertebra vj and its adjacent lower
vertebra vj+1:

�̈i,j = arccos

⎛
⎝ −−−→

ϑiϑi−1 · −−−→
ϑjϑj+1∥∥∥−−−→

ϑiϑi−1

∥∥∥ ·
∥∥∥−−−→
ϑjϑj+1

∥∥∥

⎞
⎠. (11)

Finally, we output centroid angle �̇i,j or �̈i,j as the curvature
of vertebra section [vi, vj].

D. Slicer-Based Application

We develop a Slicer-based plugin to implement a clinically
accessible preoperative rod design for screw-rod systems.
Besides spine segmentation, vertebrae recognition, and CA
calculation above, this plugin also integrates file system
and display (Fig. 7.a), screw placement (Fig. 7.b), and rod
generation (Fig. 7.c) functions.

1) File System and Display: Our plugin seamlessly loads
CT files in DICOM or nii formats, eliminating the need for
preprocessing. It automatically initiates 3D spine segmentation
upon loading and performs sagittal vertebra recognition in
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the background. The plugin then displays slice views in three
orthogonal axes and presents a comprehensive 3D visualiza-
tion of the spine model. Furthermore, it integrates the results
of sagittal vertebrae recognition into the 3D spine model,
annotating vertebrae numbers for enhanced spatial orientation.

2) Screw Placement: Our plugin requires the user to
specify the vertebral section targeted for screw-rod system
implantation. Initially, each screw should be placed into the
designated pedicle, guided by clinical anatomical landmarks
to determine the insertion location and angle. Surgeons can
adjust the screw in the 3D space based on their clinical
experience. Additionally, the plugin permits customization of
screw length, diameter, and insertion depth to accommodate
individual anatomical differences.

3) Rod Generation: In typical screw-rod systems, two rods
are aligned with screw columns on each side of the spine.
Based on clinical research [30], a rod curvature that ranges
between plus or minus 4∼8 degrees relative to centroid
angle is recommended, to ensure the rods fit the spinal
curvature properly. Therefore, Our plugin generates a rod with
a curvature equal to the centroid angle initially. Then control
points from screw cap positions are set for manual adjustment.
New control points can be added along the rob by surgeons
if necessary, which will be connected via cardinal B-splines
to form the updated curved shape. While screw or control
points adjustment, the plugin actively monitors the revised rod
curvature, providing alerts if adjustments compromise spinal
alignment. This dynamic feedback ensures that each rod’s
final curvature is anatomically constrained, enhancing surgical
outcomes by maintaining biomechanical integrity.

Clinically, our Slicer plugin can be easily integrated into
existing surgical paradigms for robot-assisted implantation of
screw-rob systems, where the plugin mainly contributes to
preoperative planning and surgical navigation. Specifically, the
anticipated steps are as follows: (i) Load a patient’s preop-
erative CT images, and the plugin automatically reconstructs
an accurate 3D spine model for surgical planning; (ii) Select
the vertebral segment to be implanted and insert the screws,
then the plugin automatically calculates the spinal curvature
to generate the optimal rod shape; (iii) Adjust, if necessary,
the recommended screw-rob system displayed on the 3D
space; (iv) Fabricate the pre-designed rod preoperatively by
rod bending machine [31], rather than manually bending it
intraoperatively; (v) Use an available robotic-assisted surgical
system to insert screws according to our planned screw
location and implant our pre-designed rods. Since no manual
operation, such as bending the rods and locating the screws,
is required intraoperatively, this plugin makes it feasible to
perform a fully robotic-assisted implantation, driving it toward
a more intelligent and automated scenario.

III. EXPERIMENT AND RESULT

A. Spine Segmentation on CT Image

1) Implementation Details: To validate the advanced
performance of our adaptive threshold-based sampling mode
and Spine-aware VNet for CT spine segmentation, a series
of experiments are conducted. The Spine-aware VNet is built

on Python 3.8 (Python Software Foundation, PSF), Pytorch
1.13 (Facebook Inc.), and auxiliary libraries of OpenCV 4.8
(Intel Inc.), TorchIO 0.19 (Engineering and Physical Sciences
Research Council, EPSRC), Pandas 1.5 (NumFOCUS Inc.),
and NumPy 1.24 (NumFOCUS Inc.). The experiments are
performed on GeForce RTX 2060 GPU with Cuda 11.0
(NVIDIA Inc.), and Core i5 CPU (Intel Inc.).

For model training, all experiments set the batch size to 64,
and the initial learning rate to 1 × 10−4 with a learning rate
decay strategy. we use the largest available spine CT image
datasets, VerSe2019 and VerSe2020 [32], for experiments
and randomly split them into a training set, a validation
set, and a test set by 7:1:2. Each model underwent 100
training epochs, culminating in a comprehensive evaluation at
the end of the training phase. We introduce five evaluation
metrics, including the Dice coefficient, Hausdorff distance,
F1 score, average symmetric surface distance (ASSD), and
precision, to evaluate the segmentation performance of each
model. Additionally, for models that incorporate the spine-
aware module, we adopt classification accuracy (namely
Aware-ACC) as an evaluation metric to gauge spine-aware
performance.

2) Ablation Study: To validate the proposed Spine-aware
VNet, we conduct five ablation experiments. The ablation
models include the full model, the model without spine-
awareness, the model without channel attention, the model
without weighted joint loss function, and the baseline model
3D V-Net, as presented in Table I. All ablation experiments
are performed on adaptive threshold-based sampling mode.
Our Spine-aware VNet ultimately achieves a Dice coefficient
of 0.912±0.055, a Hausdorff distance of 6.108±1.994, and
an aware-accuracy of 0.937±0.067 on the test set, yielding
optimal performance in all evaluation metrics. Compared to
the baseline model, our Dice increased by 2.59%, Hausdorff
distance decreased by 24.16%, and both standard devia-
tions are smaller, indicating an improvement and stabilization
of the segmentation results. This improvement comes from
our spine-awareness strategy, the channel attention, and the
weighted joint loss function, as evidenced by the follow-
ing three experiments: (1) Compared to the full model,
removing the Spine-awareness decreases Dice by 1.75% and
raises Hausdorff distance by 38.74%. The spine-awareness
is the core module of our model, which makes the most
significant impact on the segmentation performance. Without
it, the model has no multi-task learning ability and hence
aware accuracy. (2) Removing the channel attention decreases
Dice by 1.43%, raises Hausdorff distance by 20.11%, and
decreases aware accuracy by 0.96%. Channel attention is
applied to the skip connections of the segmentation backbone
to balance the negative/synergistic features of the awareness
paths to the segmentation paths. Therefore it shows a greater
impact on segmentation performance and less impact on aware
accuracy. (3) Removing the weighted joint loss decreases
Dice by 3.18%, raises Hausdorff distance by 9.14%, and
decreases aware accuracy by 0.64%, where the best weights
are Waware : WSeg : WComp = 2 : 30 : 50. Due to the simplicity
of the awareness task, unweighted loss causes an overwhelm-
ing dominance of awareness task and leaves segmentation task
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TABLE I
THE ABLATION EXPERIMENT RESULTS OF SPINE-AWARE VNET

TABLE II
THE ABLATION EXPERIMENT RESULTS OF DIFFERENT SAMPLING PATCH SIZE

inadequately trained, which is indicated by the higher Aware-
ACC and degraded segmentation performance.

3) Sampling Mode Comparison: To validate the proposed
adaptive threshold-based sampling mode, we take 3D V-Net,
the most popular model for 3D medical image segmentation,
as the baseline model, and conduct comparison experiments
for the conventional uniform sampling mode and our adaptive
threshold-based sampling mode. To better show the efficiency
of our method, only 50 patches of 32×32×32 samples are set
per case, according to the typical volume occupied by a spine
in a thoracic-abdominal CT image. The inputs to both modes
are raw CT images without any preprocessing. The results are
shown in Table I. Under direct input of the raw CT image,
the Dice coefficient improves by 64.63% and the Hausdorff
distance decreases by 40.10% through our sampling mode.

Our method addresses segmentation under small sampling
patches for clinical scenarios with limited computational
resources. In this study, ablation experiments with different
sampling patch sizes are conducted to compare the segmen-
tation performance of our model and the benchmark model
(3D V-Net) under 16×16×16, 32×32×32 and 96×96×96
patch sizes, respectively. As shown in Table II, our model

significantly outperforms the benchmark at small patch sizes
with an improvement of 43.38% in the dice coefficient.
However, this gap gradually narrows as the patch size
increases, giving our model an advantage over the benchmark
with 2.58% and 1.69% in the dice coefficient at middle and
large sizes, respectively. Moreover, the results of standard
deviation state that our model provides superior segmentation
stability to the baseline regardless of any size. To balance the
segmentation accuracy and efficiency, we eventually set patch
sizes as 32×32×32.

4) Model Comparison: As an upstream subtask of this
study, spine segmentation is fundamental to the final cen-
troid angle calculation. To demonstrate our improvement, we
compare our model with six advanced spine segmentation
methods: 1) nnU-Net [33], which is a famous self-configuring
general segmentation model; 2) RUnT [34] with a constrain of
edge feature fusion by UNet and transformer; 3) MPVS [35],
which is a two-step approach consisted with a pixel-link
convolutional neural network and a multi-label dilated residual
network; 4) 3D VNet+Morphology [36], combining CNN
with K-means and K-NN; 5) Iterative 3D UNet [37], which
segments vertebrae one by one according to the number of
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TABLE III
THE COMPARISON RESULTS OF SPINE SEGMENTATION ON CT IMAGE

visible vertebrae. The results are shown in Table III. The
dice coefficient for our model is 7.801%, 4.948%, 3.167%,
2.47%, and 2.242% higher than [33], [34], [35], [36] and [37],
respectively.

B. Vertebrae Recognition in Sagittal Plane

Existing research lacks the annotation data for vertebrae and
arch classification in the sagittal plane CT images. To demon-
strate the generalization performance of our sagittal plane
vertebrae recognition method in various vertebral conditions,
40 standard spine cases and 20 pathological spine cases with
typical vertebral lesions from the VerSe dataset are randomly
selected. The corresponding sub-datasets, known as the health
and pathology datasets, are created accordingly. In particular, it
should be noted that the production of the health and pathology
sub-datasets is completed with the experiment results invisible,
thereby ensuring unbiased results.

For each case in the health dataset, we implement sagittal
vertebrae recognition by two individual paths and the com-
pound method, respectively. They correspondingly refer to the
output of three stages, vertebrae recognition based on IAC
(Method B.2), vertebrae recognition based on CPD (Method
B.3), and outlier elimination based on vertebral linkage angle
(COMP, Method B.4). Under the guidance and supervision of
a clinician, we count the number of vertebrae contained, the
total number of regions, the number of recognized vertebrae
and the output of the total region at each stage for each image.
Then we compute five evaluation metrics, including accuracy,
precision, recall, and specificity, to comprehensively show the
recognition performance of each stage.

The results of the four evaluation metrics are shown in
Table IV. The confusion matrixes are shown in Fig. 8. On the
health dataset, our compound method (H-COMP) achieves an
accuracy of 0.911±0.085, a precision of 0.937±0.099, a recall
of 0.846±0.180, and a specificity of 0.952±0.077. On the
pathology dataset, our compound method (P-COMP) achieves
an accuracy of 0.819±0.097, a precision of 0.864±0.238, a
recall of 0.614±0.222, and a specificity of 0.945±0.077. It
reveals a high level of integrative performance of our method
for the vertebrae recognition task. As visualized by the box
plot (Fig. 9), our compound method outperforms CPD and
IAC for both healthy and pathological spines. For example,
on the healthy spine, H-IAC and H-CPD reach an accuracy
of 0.794±0.130 and 0.840±0.072 respectively, with a mean
value of 0.817. After integration and optimization, H-COMP
gets an improvement of 14.74% and 8.45% compared to

TABLE IV
THE EXPERIMENT RESULTS OF SAGITTAL VERTEBRAE RECOGNITION

Fig. 8. The confusion matrixes of the vertebrae recognition on the health
dataset (a∼c) and pathological dataset (d∼f) by the IAC, CPD, and COMP.

the above two methods respectively, and 11.51% compared
to their mean value. On the pathological spine, P-IAC and
P-CPD reach an accuracy of 0.709±0.157 and 0.777±0.077
respectively, with a mean value of 0.743. After integration and
optimization, P-COMP gets an improvement of 15.52% and
5.41% compared to the above two methods respectively, and
10.23% compared to their mean value. Furthermore, both IAC
and CPD show advantages and disadvantages under different
evaluation metrics and different spine conditions. As a result,
the idea of compounding the two branches is effective and
leads to a notable complementarity.

C. Automated Centroid Angle Measurement

To evaluate our automated CA measurements, we compare
the automated measurement results from our application with
the manual measurement results from an experienced clinician
on spine surgeon. This comparison experiment is performed
on 30 random preoperative CT images of spinal disease,
comprising 108 pairs of adjacent CA measurements and 122
pairs of non-adjacent CA measurements. On each CT image,
we first complete accurate manual measurements and use them
as ground truths. We then load this CT image in our application
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Fig. 9. The box plots of the vertebrae recognition on the health dataset (a∼d)
and pathological dataset (e∼h) by the IAC, CPD, and COMP.

Fig. 10. Error distribution (a∼b) and linear fit analysis (b∼c) of the adjacent
and non-adjacent situation.

and automatically measure CA of the corresponding vertebral
sections.

For adjacent cases, compared to manual measurements, the
mean absolute error (MAE) of our automated measurements
is 0.578 degrees and the mean relative error (MRE) is 8.075%
(i.e., 91.925% accuracy). For non-adjacent cases, the MAE of
our automated measurements is 0.772 degrees and the MRE is
5.503% (i.e., 94.497% accuracy). The MAE in both situations
is 0.681, and the MRE is 6.298%. As shown in Fig. 10(a∼b),
we draw the error distribution graphs for both situations, which
demonstrates that our automated measurement protocol is able
to achieve remarkably low errors in an absolute majority of
cases. For adjacent vertebrae, the log-normal parameters are
μ = −0.023 and σ = 0.759; For non-adjacent vertebrae,
μ = −0.030 and σ = 1.235. In addition, we analyze the
data pairs of automatic and manual measurements by linear
fitting. As shown in Fig. 10(c∼d), the adjacent cases achieve
a slope of k1 = 1.010 and a bias of b1 = 0.061, with
R2

1 = 0.984 and RMSE1 = 0.763. The non-adjacent cases
achieve a slope of k2 = 0.987 and a bias of b2 = 0.146,

with R2
2 = 0.982 and RMSE2 = 1.230. The slopes k1/2 ≈ 1

and biases b1/2 ≈ 0 indicate that our automated measurements
provide strong consistency with manual measurements. The
scatter plots demonstrate that for both adjacent and non-
adjacent vertebrae, relatively small CA correspond to smaller
measurement errors, which also account for most of the cases.

IV. DISCUSSION

This study addresses a previously underexplored issue in the
field of spinal disease therapy: the preoperative rod design for
the robotic-assisted screw-rod system implantation. A series
of algorithms are proposed to build a complete preoperative
rod design method, accompanied by a corresponding software
plugin. In robotic-assisted implantation of screw-rod systems,
the rod serves as a vital component, stabilizing the vertebral
arch and lamina, particularly in surgeries involving vertebral
fractures where rods are essential for fixing and stabilizing the
affected spinal section. The alignment of the rod’s curvature
with the spine is recognized as a critical determinant of
postoperative stability. Compared with other spine curvature
measurements mostly used for scoliosis assessment, which
are impractical for robotic-assisted implantation of screw-rod
systems, we enable automated spine curvature measurement
from preoperative CT images and apply it to robotic-assisted
rod design for the first time. In addition, our Slicer-based
plugin can also assist in determining the length, shape, and
placement of the rod. This ensures that the rod can perfectly
aligned with the patient’s spinal curvature, thereby optimizing
mechanical properties and improving surgical outcomes.

3D spine segmentation is a fundamental task in both
centroidal angle measurement and rod design, where com-
putational efficiency and segmentation accuracy are pivotal
for clinical applicability. Compared to 2D segmentation [38],
3D segmentation faces serious memory limitations in clin-
ical settings, which necessitate smaller input sizes for 3D
patches. The traditional uniform sampling approach requires
a large number of patches to adequately cover the entire
spine, complicating the process and leading to inefficiencies.
Furthermore, many studies still rely on V-Net [39] that strug-
gle to consistently perceive stable spine features, frequently
cause misidentification, and leave “impurities” in segmentation
maps, especially in case of small sampling patches and few
sampling numbers. Our proposed Spine-aware VNet with a
threshold-based sampling mode solves the above sampling and
segmentation challenges, achieving a computationally efficient
and accurate 3D spine segmentation.

In detail, regarding computational efficiency, a new 3D
sampling mode with the adaptive thresholded CT images as
probability maps is proposed, leveraging the inherently high
CT values of the spinal bones. This sampling mode signifi-
cantly reduces the patches from hundreds to tens per image
for full spine coverage, thereby accelerating calculation speed
and lowering equipment requirements. Therefore, our method
facilitates spine segmentation in a more clinically friendly
manner. Regarding segmentation accuracy, a 3D spine segmen-
tation model featuring multi-scale multi-task learning, namely
Spine-aware Vnet is built. Experimental results demonstrate
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that simultaneous spine awareness benefits the segmentation
performance. On one hand, our spine-aware strategy mini-
mizes the “impurities” caused by misidentification, particularly
in small 32 × 32 × 32 sampling patches. On the other hand,
our segmentation lock mitigates the negative impact of invalid
patches, thereby improving training efficiency.

To the best of our knowledge, this research first proposes
the task of vertebra recognition in sagittal CT slices, which
is an indispensable step in rod design for robotic-assisted
screw-rod systems. A compound method of image attribute
clustering (IAC) and corner point detection (CPD) is proposed,
fulfilling satisfactory recognition accuracy. Furthermore, the
vertebral features utilized in this method are consistent with
the clinician’s intuitive perception, such as the shape properties
of the vertebrae, offering strong interpretability.

Ultimately, by integrating the above two steps and CA
measurement algorithm, a Slicer-based plugin is developed
for the preoperative rod design of robotic-assisted screw-
rod systems. For surgeons, this is a highly clinical-friendly
application, which accomplishes the rod design from scratch
and requires only simple user manipulation and raw CT images
without any preprocessing. Especially for novice doctors or
country hospitals with poor computing facilities, compared
to freehand surgery without preoperative rod design [40],
our application can assist them in performing robotic-assisted
screw-rod implantation more conveniently and confidently.
For patients, our application contributes to the safety of
spine surgery by developing a robotic-assisted implantation of
screw-rod system that is tailored to the natural curvature of
their spine. This personalized approach improves surgical suc-
cess rates and enhances postoperative rehabilitation outcomes,
ultimately advancing patient care in spinal surgery.

Our study meticulously addresses various preoperative
pathologies, particularly spinal deformities, through advanced
algorithms that optimize rod design. By utilizing sophisticated
spine segmentation and vertebrae recognition techniques, we
accurately characterize anatomical variations resulting from
these pathologies. The incorporation of centroid angle allows
personalized rod designs tailored to each patient’s unique
spinal curvature, accommodating a wide range of anatomical
complexities in both pathological and non-pathological con-
ditions. Moreover, distinct rod design templates specific to
different spinal pathologies will be continuously developed in
the future, since some rare cases may still require additional
rod specifications and designs.

However, our method is still facing some limitations.
Because our vertebra recognition relies on predefined geomet-
ric features, its robustness to special cases where the vertebral
structure is damaged, e.g., fractures, remains to be further
optimized. Currently, only centroid angles on central sagittal
slices are measured, which restricts the direction of implanta-
tion from posterior to anterior. However, in practical clinical
scenarios, some rare spinal conditions may demand a slight
tilting of the screw-rod system toward the coronal plane, espe-
cially in cases of severe coronal scoliosis [41], [42]. While the
current version of our plugin does not automatically address
coronal plane measurement, it allows surgeons to manually
alter the rod shape during the adjustment phase if scoliosis

is evident in the 3D spine model. This manual flexibility
ensures that the rod design better conforms to the patient’s
anatomical requirements. In the future, we are committed to
expanding our plugin to include coronal plane measurements,
thus improving our tool’s utility and effectiveness in complex
surgical scenarios.

Our study builds upon rigorous clinical research [21], [30]
and consensus among orthopedic surgeons. Close collabora-
tion with clinical experts ensures the proposed pipeline aligns
with current clinical practices. However, a current limitation is
the absence of comparative studies against traditional screw-
rod system implantation to quantitatively assess improvements
in rod quality and reductions in surgical complications. Future
research will prioritize conducting these clinical validations,
supported by collaborative efforts with surgeons and long-term
patient observations.

V. CONCLUSION

This study achieves centroid angle measurement from CT
images for preoperative rod design of robotic-assisted screw-
rod systems implantation in an efficient, automatic, accurate,
and clinical-friendly manner. We have innovatively proposed
and experimentally validated a multi-scale and multi-task 3D
spine segmentation method with adaptive sampling, integrated
sagittal vertebrae recognition, and automatic centroid angle
measurement techniques. Additionally, this research combines
the above stages to develop a Slicer-based plugin for the
rod design of robotic-assisted screw-rod systems implantation,
which is of significant clinical value. Our automatic and
efficient preoperative rod design system facilitates the cus-
tomization of robotic-assisted screw-rod systems, representing
a substantial advancement toward personalized spinal disease
treatment.
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