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Abstract

Locating vertebral landmarks on anteroposterior (AP) X-ray
images is challenging due to the tissue overlap. Despite the
great progress of heatmap-based methods, they often predict
missing/false points, which are intolerable in the downstream
applications like scoliosis assessment. In this paper, we in-
stead modernize the classic point-regression scheme, and pro-
pose a novel model termed RouterNet to locate the 68 verte-
bral landmarks completely and accurately. RouterNet starts
from an initial root point, and then gradually routes it onto
more and more points with finer and finer semantics. Router-
Net naturally couples such point routing process with its hier-
archical and multi-scale feature learning. That is, lower-scale
feature maps are utilized to regress points with coarser se-
mantics, and the regressed points pilot a more focused lo-
cal feature extraction on the next higher-scale map to route
onto their subsequent positions with finer semantics. With
this divide-and-conquer, RouterNet alleviates the task diffi-
culty, and can robustly localize by routing from the whole
spinal center to 17 vertebral centers, and further to their 68
corner points. Extensive and comprehensive experiments on
both public and private datasets demonstrate our superior per-
formance over other state-of-the-arts, by decreasing NMSE
by 73.8% for landmark localization, and SMAPE by 14.8%
for the downstream scoliosis assessment.

Code — https://github.com/YingJGuo/RouterNet

Introduction

Scoliosis is characterized by lateral spinal curvature accom-
panied by vertebral rotation (Wang et al. 2021). Manual
Cobb angle measurement, the current clinical gold standard,
is time-consuming and suffers from high inter-observer vari-
ation. Accurately locating vertebral landmarks is crucial
for automatic computer-aided scoliosis diagnosis and down-
stream applications like Cobb angle calculation.

X-ray imaging is widely used in scoliosis diagnosis due
to its availability, economy, and lower radiation dose com-
pared to CT. An anteroposterior (AP) X-ray image contains
12 thoracic and 5 lumbar vertebrae, with landmarks defined
as four corner points of each vertebra (68 total). However,
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Figure 1: (a): Tissue overlap and vertebra-like structures in
AP X-ray images. (b): Missing/false points often predicted
by heatmap-based methods. The different colors encode four
corner points.

as shown in Fig. 1(a), tissue superposition makes the spine
low-contrast, and vertebra-like structures cause confusion,
making automatic localization extremely challenging.

Current solutions divide into two categories: heatmap-
based and point-regression methods.

Heatmap-based methods generate Gaussian heatmaps for
each landmark and locate points via local maxima, offer-
ing robustness to pose variations, and thus have dominated
in tasks of natural scenes. However, the great robustness to
large poses usually comes with a price of two types of errors,
i.e., missing points (see Fig. 1(b) left) induced by dilution of
overlapped tissues, and false points (see Fig. 1(b) right) in-
curred by other vertebra-like structures. Such errors result in
dramatically misguiding biomarkers, and cause misdiagno-
sis in subsequent clinical applications.

Therefore, we in this paper argue that the heatmap-based
methods are overkill in our focusing task, since the robust-
ness to large poses is of secondary importance whereas a
correct shape topology (no missing/false, only slightly mis-
aligning) is the primary. Although there are several efforts
(Payer et al. 2019; Wang et al. 2022) that have laboriously
tried to embed a prior shape into the heatmap generation, the
other classical point regression scheme can retain the shape
topology effortlessly.

Point-regression methods initialize points and update
them progressively, naturally preserving shape topology.
However, the highly nonlinear mapping from images to



landmarks makes direct regression challenging. Recent
work (Wang et al. 2024) proposed multi-stage cascaded
CNNs, but this complicates training and creates dependency
on first-stage predictions.

In view of the above analysis, we in this paper propose a
novel and efficient CNN model termed RouterNet, which ab-
sorbs the idea of cascade point regression to learn the com-
plex mapping, yet by cascading the intrinsic decoding layers
instead of separate models. The task difficulty is further al-
leviated via a hierarchical point routing strategy on the top
of decoded multi-scale global feature maps. Specifically, us-
ing the global maps one by one in increasing order of scale,
RouterNet first routes the input points onto more points with
finer semantics, and then further adjust their positions for
the next routing. RouterNet employs a differentiable Preci-
sion Rol Pooling (Jiang et al. 2018) to select more focused
local features conditioning on the guidance of previously lo-
calized points, and also permits itself to be trained in an end-
to-end manner as a whole.

In summary, our contributions are listed as follows:

* We propose RouterNet, a novel and efficient CNN model
for robust vertebral landmark localization by coupling its
in-built multi-scale layers with a classic cascaded point
regression process.

* We alleviate the learning difficulty by hierarchically rout-
ing points from coarse to fine in terms of both quan-
tity and semantics. Point-guided local feature selection in
RouterNet also permits an end-to-end training and usage
of more discriminative visual cues for predicting points
with finer semantics.

» Extensive and comprehensive experiments on two public
and one private datasets demonstrate the superior perfor-
mance of RouterNet in both the focusing task of land-
mark localization and the downstream task of scoliosis
assessment. Furthermore, RouterNet can almost elimi-
nate missing/false points, and thus shows great potential
for other clinical applications.

Related Work
Heatmap-based Landmark Localization

Heatmap-based approaches have achieved success in com-
puter vision (Yu and Tao 2021; Sun et al. 2019) and been
applied to vertebral landmarks. FARNet (Ao and Wu 2023)
predicts 68 individual heatmaps while Zhang et al. (Zhang
et al. 2021) use 6 grouped semantic heatmaps. Both suf-
fer from quantization errors due to discrete arg-max opera-
tions (Tompson et al. 2015). Yi et al. (Yi et al. 2020) and Guo
et al. (Guo et al. 2021b) address this via coordinate offset re-
gression and Transformers respectively. However, heatmap
methods struggle with missing detections and false positives
due to tissue occlusion and vertebra-like structures, limiting
clinical applicability.

Point-regression Landmark Localization

Point-regression methods directly update initialized points
toward targets, preserving shape topology. Classical ap-
proaches include Active Appearance Models (Matthews and
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Baker 2004) and Explicit Shape Regression (Cao et al.
2014). For vertebral landmarks, Sun et al. (Sun et al. 2017)
used Structured Support Vector Regression while Wu et
al. (Wu et al. 2017) proposed BoostNet. Although these
methods eliminate missing/false points, single-stage regres-
sion struggles with the complex nonlinear mapping from vi-
sual features to landmark coordinates. Wang et al. (Wang
et al. 2024) addressed this via cascaded CNNs with PCA
constraints, but stage-by-stage training complicates opti-
mization and creates dependency chains. Our RouterNet
unifies cascading within a single end-to-end network using
hierarchical point routing.

Method
Revisiting Classic Cascaded Point Regression

The key insight of cascaded point regression is using several
regressors to gradually fit a set of initialized points to the
target positions stage by stage. In each stage, the regressor
uses shape-indexed features to estimate the coordinate off-
sets. Given an input image I, the process of cascaded point
regression can be formulaically expressed as follows:

L...,T (1)

St = S’t_l =+ Regt(Fmdew(I, S’t_l))7t

where T is the number of total stages, St is the estimated
coordinates of points in the tth stage, F,qe, 18 the shape-
indexed feature extraction conditioning on points, and Reg?
is the learnable regressor for the t'" stage. The initial S0 is
often the average of all training labels, S© = 1/N 5. S,,,
where S, is the n'? sample’s ground-truth (GT) coordi-
nates. In the training phase, the regression target of Reg® is
the offsets between the GT and previous-stage coordinates
of points, that is, 0%, = argmin1/N Y ||Reg;, — (S, —

S5 Dz

There are two key issues when translating the above
cascaded point regression using the concept of deep neu-
ral networks. First, the complication of training is unbear-
able if each Reg' is an independent CNN model. Second,
the optimization is separate for each stage since Fj,ges 1S
none-differentiable. To address these, our proposed Router-
Net reinvents the cascaded process as a coarse-to-fine hi-
erarchical point routing, and tightly couples it with the
CNN’s inherent multi-scale feature learning. RouterNet is
also equipped with a differentiable local feature selection
guided by points, making itself enjoy an end-to-end opti-
mization as a whole.

RouterNet: CNN-style Point Regression

We denote a training sample as {1, (Sy+, Sctr, Senr) }, where
I is the AP X-ray image, and S,,,,. € R%®*2 is the manually
annotated coordinates of the entire 68 vertebral landmarks.
Seir € RY7%2 is the GT 17 vertebrae’s center points, which
is the average of every 4 corners, and S, is simply defined
as one of the centers. We set S,; to the 9" center point,
which is the closest point to the whole spine center.

These root, center and corner points (Sy¢, Sctr, Scnr) are
hierarchical representations of the same spine, but with more



|
i Conv, kixl, 1536 ',‘
MBConvé, k3x3, 384 ‘|||

¥

“w

1
704x384x1! < \[MBConVI k3x3 24 ¥
Conv, k3x3,32 | |

Encoder
Multi-scale Global Feature Extraction

Decoder

1% 4|MBConvé, k5x5, 232]'1 [up, Conv, k3x3,136]x 2*
E, 4 2Ax136
x 3| MBConvé, k5x5, /36|‘ [_Conv, kix1, 136

x 3| MBConvé, k3x3, 96| \ ,l [up, Conv, k3x3, 48x 2 i1.
A

".'""\/ﬁpws Updater]>
| 1

5%
v
........ + 5, pLFS +

44x24x136
crt
V PLFS Updater ->

Fg

22x12x1536 YLlloss
St <> St
+

,F4

2, »{ purs | ->€B

L1loss

88x48x48 ctr<>5nr
~Fy e
PLFS l—»@
176x96x32

onpuvwas soutf puv yurod a1o0w

0
scnr

* L1loss
Scnr<)scnr

352x192x24

Hierarchical Point Routing Process

Figure 2: RouterNet contains two parts, i.e., Multi-scale Global Feature Extraction and Hierarchical Point Routing Process.
Point-guided Local Feature Selection (PLFS) bridges the two parts as well as routers/updaters, enabling an end-to-end training

of RouterNet as a whole.

and more points as well as finer and finer semantics. The
relationship between them is formulated as follows:

Scnr = {(xcnryycnr)k},

=1

e

4
Sctr = {(mct'ryyct'r Z xcnr, ycn'r‘ 4(k— 1)+1} (2)
=1

Srt = (x'rt, yrt) (J:Ct’l‘7 yct'r)

where k =1,...,68 for S.,, and k =1,...,17 for S.;,.

RouterNet follows a coarse-to-fine hierarchical routing
path: S’Tt — §ctT — Sm. This coarse-to-fine path can
be naturally coupled with the inherent multi-scale feature
learning in CNN. Motivated by this, RouterNet adopts the
framework as shown in Fig. 2, consisting of two major parts,
i.e., Multi-scale Global Feature Extraction and Hierarchical
Point Routing Process.

Multi-scale Global Feature Extraction RouterNet re-
sizes input I to 704 x 384 and uses a modified EfficientNet-
B3 (Tan and Le 2019) encoder-decoder to extract 5 multi-
scale feature maps {F4,...,Fs} with downsampling ra-
tios 22,42, 82,162, 322. The encoder consists of MBConv6
blocks with squeeze-and-excitation optimization (Tan et al.
2019; Hu, Shen, and Sun 2018). The decoder progres-
sively fuses encoding features{E,..., Es} with lower-
scale maps to recover semantic information.

Hierarchical Point Routing Process Similar to Eq. (1),
RouterNet also starts from an initialized root point. Router-
Net makes the feature extraction and point regression highly
entangled with each other. The hierarchical point routing

process can be formulated as follows:

57 = 3 (S

Sy = 8%, + Uy (PLFS(Fs, 5%)),
Sctr - Srt S Rfrtﬁctr(PLFS(F4a Srt))
Sctr = Sctr + Uctr(PLFS(F37 Sctr))

Sgnr = Octr @ Rctr—)cnr(PLFS(F27 Sct’f"))7
Scnr - ng« + UCDI(PLFS(FL cnr )
where (S,¢), is the n'® sample’s GT root, superscript o

means a primary status for routing, U(-) and R(-) are up-
dater and router for estimating coordinate offsets, ¢ means
broadcast-adding, and PLFS(-) is Point-guided Local Fea-
ture Selection (PLFS) which will be detailed in the follow-
ing.

RouterNet uses lightweight MLP-based routers and up-
daters that efficiently select local features from static decod-
ing pools. The differentiable PLFS enables end-to-end opti-
mization across the entire path in Eq. (3).

PLFS: Point-guided Local Feature Selection

The shape-indexed feature plays a key role in the cas-
caded shape regression, whereas the previous implementa-
tions lack differentiability, impeding a joint learning of both
multi-scale feature extractor and point regressors.

In this case, we propose a differentiable parametric mod-
ule termed PLFS as detailed in Fig. 3, which extracts lo-
cal features {z;} from a global map F' conditioning on the
given points S = {(z,y)r} € RE*2, where the k" point
(z,y)x corresponds to the local feature vector zj (see Eq.

).
{zx} =PLFS(F,S;w,h) € “4)

where d is channel length identical to F', and (w, h) defines
a local window of interest as indicated in Fig. 3.

RKd
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Figure 3: Details in Point-guided Local Feature Selection
(PLFS) module. Given points .S and a global feature map F',
PLEFS generates a set of local feature vectors, each of which
2y, 1s an differentiable integration within an interesting local
windows.

Essentially, PLFS(-) consists of multiple Precise Rol-
Pooling layers (Jiang et al. 2018), which ensures gradient
back propagation. Each layer corresponds to a point in S,
yielding a local feature vector from F'. Specifically, a con-
tinuous map f (the yellow region in Fig. 3) has to be defined
using the following equation:

fz,y) =Y IC (2,y,i,5) x F(i,5) )
0,J
where IC(z,y,,7) = max(0,1—|z—1i|) xmax(0,1—|y—

j]) is an interpolation coefficient, (%, j) is a discrete index
of F, and (x,y) is a continuous index of f. Therefore, zy,
is calculated by integrating over f within the scaled local
window centering at the £*" point, as formulated in Eq. (6).

f’Y(yk +h/2)

'y(wk+w/2
Y(yk—h/2) J

V(Ik w/2)
Y2 X w X h

(z,y)dzdy

6)

where k£ indexes the point in S, 7 is a downsampling fac-
tor between the feature map F' and input image I, that is,
v = {3, I &, 2, 55} for {Fy,..., Fs}, and the window
size (w, h) is set to (96, 64) in our case.

Point Updating and Routing

The entire updating and routing path in Eq. (3) can be
viewed as a chain of connected segments. Each segment

next

is a sub-path S° ——> S —= 52, (see Fig. 4), where

S € REX2 g from the 1n1t1ahzat1on or the previous time
of routing. S, € REM*2 is the routed points, M means
the number of finer points corresponding to each point in S.

Specifically, RouterNet first concatenates the differen-

tiable shape-indexed local features into a single feature vec-

tor Z = concat({PLFS (F,S°)}) € RX9 The updating
process can be formulated as follows:
AS:U(Z):ZXWU—FIJU, 7
S=5°+AS

where Wy € RE4XKX2 and b, € RE*2 are the updater’s
learnable parameters.

With the updated S {(z,y)r}, the local fea-
tures of the next routing can be extracted {znext )
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Figure 4: Details of point updating and routing. PLFS-
extracted features are concatenated for first updating the
point positions. The local features from new positions are
then individually processed by a shared router to ‘split’ each
point into multiple finer points.

PLFS (Fpexs, S) € RE*4, The router estimates the coordi-
nate offsets between each point to its finer counterparts. The
routing process can be formulated as follows:

{(A‘TI?exta Ayx?ext)k,m} = R(znext,k) = Znext,k X WR + bR7
{(mgexta yr(iext)k,m} = {(IE, y)k + (Am;)exh Ayx?ext)k,m}
(¥
where Wi € R¥>*Mx*2 and by € RM*? are the router’s
learnable parameters, and m = 1, ..., M.

The router is shared to spread each point onto M points.
Thus, S finally becomes Sg,,. containing more points and
finer semantics, which can further be updated and routed till
the final positions of all landmarks are precisely localized.

Implementation and Training Details

The objective of RouterNet is getting close to the GT regres-
sion targets of different semantics, i.e., Sr¢, Scir> Senr- The
loss for each level of semantic is the total L1 distance be-
tween the updated and target points. Unlike the classic point
regression which optimizes each regressor independently,
PLFES allows the parameters of all updaters and routers as
well as the multi-scale feature extractor to be optimized
jointly. Therefore, we add the losses together for an end-
to-end training. The overall loss function can be formulated
as:

|Sye — Senr| (9)

We use data augmentation (horizontal flipping, affine
transformation, Gaussian blurring, Gamma transformation),
Adam optimizer (Ir=1e-3, halved quarterly), batch size 40,
and 10 epochs.

Ltotal = g?“t| + |Sctr - Sctr‘ + |Scm" -

Dataset and Evaluation Metrics
Dataset

This work includes two AP X-ray datasets, i.e., AASCE!
(public) and our private dataset, and a public lateral X-ray
dataset, i.e., NHANES II2.

AASCE consists of 707 spinal AP X-ray images from the
London Health Sciences Center in Canada. The images were

'https://aasce19.github.io/\#challenge-dataset
*https://wwwn.cdc.gov/nchs/nhanes/nhanes2/default.aspx



Method AASCEval ‘ AASCEtest ‘ Private
NMSE | ORs | ORil |NMSE| ORx| ORi| |NMSE| ORyl ORupl

SCN 4.16E-3 45.14 22.35 5.32E-3 40.32 19.03 5.08E-3 34.34 15.74
SLSN 3.01E-3 49.60 23.22 3.40E-3 63.60 25.35 4.13E-3 48.88 22.66
HRNet 1.82E-3 36.35 15.40 2.65E-3 27.16 10.83 1.26E-3 17.95 7.61
Yi et al. 1.29E-3 29.33 11.26 1.66E-3 31.95 11.06 9.51E-4 18.94 6.19
H3R 1.25E-3 33.13 8.84 8.43E-4 24.56 5.87 9.52E-4 27.64 4.33
FARNet 1.15E-3 29.03 9.87 7.04E-4 14.99 4.73 8.20E-4 22.75 4.46
3000FPS 8.13E-4 12.26 2.16 1.43E-3 14.62 3.14 1.23E-3 13.88 3.68
Cascaded CNNs 4.88E-4 3.62 0.36 7.78E-4 6.68 0.96 3.38E-4 3.68 0.04
RouterNet (Ours) 1.28E-4 1.72 0.08 2.00E-4 2.16 0.24 1.26E-4 1.17 0.09

Table 1: Comparison results of vertebral landmark localization on three datasets, i.e., AASCFE,q;, AASCE,.s; and Private.
The first 6 methods are heatmap-based and the last 3 methods uses point-regression strategy. The best performance is marked

in bold. See supplementary material for detailed results.

officially divided into 481, 128, and 98 for training, valida-
tion, and test, respectively. The training and validation im-
ages have the GT labels, each of which contains 4 corner
points for each of 17 vertebrae, resulting in 68 landmarks
in total. Since the official labels of 98 test images are un-
available, we invited two local experts to label them manu-
ally and the annotations are released with our codes for the
research purpose.In the following, we denote the 128 vali-
dation and 98 test images as AASCE,q and AASC Eyegt,
respectively.

Our private dataset contains 36 AP X-ray images col-
lected from a local hospital. Each image was scanned from a
scoliosis patient using the Canon X-ray system. The same
two local experts were invited to annotate the 68 land-
marks of each image, which are consistent with those in the
AASCE.

NHANES II contains 214 cervical annotated images col-
lected from 1976 to 1980 conducted by the NCHS for the
Second National Health and Nutrition Examination Survey.
The images were annotated with 4 vertebrae (C2-C5, 16 cor-
ner landmarks). We randomly divided the images into 171
(80%) and 43 (20%) for training and test, respectively.

Evaluation Metrics

For the task of landmark localization, we employ the consis-
tent metrics with the previous works, i.e., Normalized Mean
Squared Error (NMSE), which is calculated as:

Tk — Tk \2

W)+

1 Yk — Uk \2

NMSE = - ;( (=) (10)

where K is the number of landmarks, i.e., 68 for AASCE

and our Private, and 16 for NHANES II, (zj,yx) and

(Zx,9r) are the predicted and GT absolute point coordi-
nates, and W and H are the width and height of image.

We also report Outlier Ratio outside the distance of 7 pix-

els (OR,) to evaluate the missing/false points, calculated as:

1 K
OR, = & ,;H((xk —ap)* + (g —)* > %) (D)
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where I(.) is 1 if the inner equation is true and 0 if false, and
r defines an error radius.

Besides, AASCE was initialized for a challenge of down-
stream task called Cobb angle estimation and provided
the GT of three angles, i.e., the proximal thoracic (PT),
main thoracic (MT), and thoracolumbar (TL) angles. There-
fore, we convert the predicted landmarks to the Cobb an-
gle biomarker using the AASCE official tool*, and employ
the five challenge-adopted metrics for evaluation, i.e., Man-
hattan Distance (MD), Euclidean Distance (ED), Chebyshev
Distance (CD), Circular Mean Absolute Error (CMAE), and
Symmetric Mean Absolute Percentage Error (SMAPE). The
calculation of these metrics can refer to the challenge pa-
per (Wang et al. 2021).

Experimental Results and Discussions
AP-view Vertebral Landmark Localization

We choose 8 recent state-of-the-arts for comparison of ver-
tebral landmark localization, i.e., Yi et al. (Yi et al. 2020),
FARNet (Ao and Wu 2023), SLSN (Zhang et al. 2021),
Cascaded CNNs (Wang et al. 2024), SCN (Payer et al.
2019), H3R (Yu and Tao 2021), HRNet (Sun et al. 2019),
and 3000FPS (Ren et al. 2016). Among them, Cascaded
CNNs (Wang et al. 2024) and 3000FPS (Ren et al. 2016)
belong to point-regression and the rest ones are heatmap-
based. All comparison methods have released source codes.
We train the comparison methods and ours using the training
data (481 images) of AASCE, and perform the evaluation on
AASCE,q, AASC Eyeq, and Private, respectively.

The comparison results are listed in Table 1. Point-
regression methods consistently outperform heatmap-based
approaches due to inherent shape constraints that elimi-
nate missing/false detections critical for clinical applica-
tions. RouterNet achieves significant improvements: 73.8 %
NMSE reduction on AASCE,, compared to Cascaded
CNNs (Wang et al. 2024) and 71.6% on AASCFE,.s com-
pared to FARNet (Ao and Wu 2023), with near-zero miss-
ing/false detections.

3http://spineweb.digitalimaginggroup.ca/
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Figure 5: Visualization results on AASCE,,;, AASC FE.s and our private dataset. Different colors indicate the four corner

points for each vertebra.

To further verify the cross-dataset generalization perfor-
mance of the compared methods, we directly apply the
best model evaluated on ASSCFE,,; to predict our private
dataset. On Private dataset, RouterNet still achieves 62.7 %
NMSE improvement over Cascaded CNNs, demonstrating
consistent performance across datasets.

Fig. 5 gives visual results of different methods on
AASCE,q, AASCE,.s and our private dataset. It can
be observed that the heatmap-based methods predict many
missing/false points. In comparison, this error rarely occurs
in RouterNet’s results. To further reveal this, we plot curves
of detection rate by varying normalized error radius(see
supplementary material). The curves show that RouterNet
achieves near-perfect detection rates with minimal missing/-
false predictions compared to heatmap-based methods.

Lateral-view Cervical Landmark Localization

To verify the applicability, we compare our method with oth-
ers on the cervical lateral X-ray images from NHANES 1I,
and the comparison results are shown in Table 2. We can ob-
serve that the performance on this dataset is better than that
on AP X-ray images for all methods. This is due to the fact
that the lateral cervical X-ray images contain fewer vertebra-
like structures from the heart and lung, and the advantage of
using heatmaps emerges, that is, HRNet (Sun et al. 2019)
becomes the second-best. Nevertheless, RouterNet still out-
performs others in terms of all metrics, indicating its good
applicability to other body parts.
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Method NMSE| ORi5] OR3dl
SCN 1.55E-4 3.20 291
SLSN 9.47E-5 0.73 0.73
HRNet 2.87E-5 0.29 0.15
Yi et al. 1.12E-4 1.45 1.16
H3R 2.53E-4 6.40 3.78
FARNet 8.55E-5 1.60 1.31
3000FPS 2.93E-5 0.87 0.00
Cascaded CNNs 1.03E-4 0.73 0.00
RouterNet (Ours) 1.74E-5 0.00 0.00

Table 2: Comparison results of cervical landmark localiza-
tion on NHANES II. The best performance is marked in
bold.

Ablation Studies

The Effectiveness of Hierarchical Routing Table 3
validates hierarchical routing effectiveness through three
variants: direct 68-landmark regression without rout-
ing, routing once (centers—corners), and routing twice
(root—centers—corners). Progressive routing achieves
61.7% and 60.6% NMSE improvements respectively,
confirming the divide-and-conquer strategy’s effectiveness.

The Selection of Root Point We also analyze the impact
of different selections of root point. We exhaustively train



Method NMSE| OR3y) ORyd
w/o Routing 8.48E-4 2398 2.83
Routing once ~ 3.25E-4 4.39 0.13
Routing twice  1.28E-4 1.72 0.08

Table 3: The comparison results on AASCE,,; of Router-
Net (‘Routing twice’) and its two variants with different
routing times.

Method CMAE | ED | MD | CD | SMAPE |
Wang et al. - - - - 23.43
Horng et al. - - - - 16.48
PFA 6.69 - - - 12.97
CGN 4.77 - - - 10.25
Guo et al. - - - - 8.62
Kpt-Transformer - - - - 8.40
W-Transformer - - - - 8.26
VF 3.51 - - - 7.84
Segd4Reg 3.96 - - - 7.64
Segd4Reg+ 3.73 - - - 7.32
SCN 22.80 44.08 68.42 34.74 31.62
SLSN 4.04 8.19 12.14 6.86 9.08
HRNet 12.23  24.38 36.71 19.53 21.77
Yi et al. 3,55 7.13 10.63 5.90 8.21
H3R 7.20 14.60 21.60 12.12 15.34
FARNet 8.06 16.38 24.17 13.43 16.15
3000FPS 7.61 1523 22.84 12.64 17.01
Cascaded CNNs  6.51  12.81 19.54 10.37 14.60
RouterNet (Ours) 2.69 530 8.07 4.27 6.24

Table 4: Comparison results of scoliosis assessment on
AASCE,q.The best performance is marked in bold.
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Figure 6: The effect of selecting different vertebra as root
point on AASCE,;.

17 variants of RouterNet by using the first to last vertebra’s
center point as root, and the comparison results are shown in
Fig. 6. Analysis of root point selection shows the 9th verte-
bra center achieves optimal performance, enabling potential
semi-automatic clinical deployment.

Application on Scoliosis Assessment

We evaluate our method in a downstream task called scolio-
sis assessment on AASCE,,; using the officially released
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Method CMAE | ED | MD | CD | SMAPE |
XMU 491 1123 14.74 10.17 22.18
iFLYTEK 548 12.14 1645 1074 22.17
SegdReg 485 11.17 1455 10.16 21.71
SCN 2979 58.34 89.35 46.11 48.26
SLSN 359 739 1078 621  11.51
HRNet 17.64 3472 52.99 27.64 36.59
Yi et al. 342 684 1025 561 1144
H3R 8.95 17.43 26.85 14.04 23.48
FARNET 8.61 17.37 2577 1420 21.63
3000FPS 7.58  14.90 22.75 12.01  23.68
Cascaded CNNs ~ 7.46  14.83 22.38 12.24 21.30
RouterNet (Ours) 2.80  5.63 8.40 4.64  9.45

Table 5: Comparison results of scoliosis assessment on
AASC Eyest. The best performance is marked in bold.

GT Cobb angles.

For the localization methods, the Cobb angles are cal-
culated using the official tool as mentioned in the evalu-
ation metrics section. Besides, we also include 10 recent
state-of-the-arts focusing on scoliosis assessment. The re-
sults of (Huo et al. 2021; Guo et al. 2021a,b; Yao et al.
2022; Lin et al. 2019, 2021) are reported in their original pa-
pers, and the results of (Wang et al. 2019; Horng et al. 2019;
Wang, Wang, and Liu 2019; Kim et al. 2020) are borrowed
from (Yao et al. 2022; Lin et al. 2021).

The comparison results are listed in Table 4. RouterNet
achieves the best scoliosis assessment performance, out-
performing VF (Kim et al. 2020) by 23.4% (CMAE) and
SegdReg+ (Lin et al. 2021) by 14.8% (SMAPE).

On challenge test data AASC Ey.st, we include the results
of the top three participants(Lin et al. 2019; Chen et al. 2019;
Wang, Huang, and Wang 2019). The comparison results are
listed in Table 5. Our method achieves SMAPE less than half
of the champion’s (Lin et al. 2019).

Conclusion

We propose RouterNet, a hierarchical point routing network
that decomposes vertebral landmark localization into pro-
gressive sub-tasks. By coupling multi-scale feature learning
and point-guided local feature selection (PLFS) with coarse-
to-fine point routing, RouterNet achieves superior perfor-
mance while eliminating missing/false detections. Exten-
sive experiments on three datasets demonstrate significant
improvements in both landmark localization and scoliosis
assessment, with potential for clinical deployment through
semi-automatic operation.

Although RouterNet is fully automatic in this work by use
of the initial root pre-calculated based on all training sam-
ples, it can be naturally extended to be semi-automatic and
more controllable in the clinical practice by allowing the
doctor to give an initial point manually. Our further work
will focus on vertebral landmark localization on X-ray im-
ages with arbitrary FOV.
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