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Abstract. The shape of the posterior eyeball is a crucial factor in many
clinical applications, such as myopia prevention, surgical planning, and
disease screening. However, current shape representations are limited by
their low resolution or small field of view, providing insufficient infor-
mation for surgeons to make accurate decisions. This paper proposes
a novel task of reconstructing complete 3D posterior shapes based on
small-FOV OCT images and introduces a novel Posterior Eyeball Shape
Network (PESNet) to accomplish this task. The proposed PESNet is de-
signed with dual branches that incorporate anatomical information of
the eyeball as guidance. To capture more detailed information, we intro-
duce a Polar Voxelization Block (PVB) that transfers sparse input point
clouds to a dense representation. Furthermore, we propose a Radius-wise
Fusion Block (RFB) that fuses correlative hierarchical features from the
two branches. Our qualitative results indicate that PESNet provides a
well-represented complete posterior eyeball shape with a chamfer dis-
tance of 9.52, SSIM of 0.78, and Density of 0.013 on the self-made pos-
terior ocular shape dataset. We also demonstrate the effectiveness of our
model by testing it on patients’ data. Overall, our proposed PESNet
offers a significant improvement over existing methods in accurately re-
constructing the complete 3D posterior eyeball shape. This achievement
has important implications for clinical applications.

Keywords: Posterior eyeball shape · 3D reconstruction · Polar trans-
formation · Anatomical prior guided

1 Introduction

Posterior eyeball shape (PES) is related to various ophthalmic diseases, such
as glaucoma, high myopia, and retinoblastoma [25, 8, 6]. Ophthalmologists often
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define the retinal pigment epithelium (RPE) layer represented as the shape of
the posterior eyeball [5, 3, 19]. The changes in PES are helpful for surgeons to
further specifically optimize the treatments of myopia, surgical planning, and
diagnosis result [2, 20, 12]. For example, the PES can assist ophthalmologists to
determine the expansion types of myopia, 6 types inferred to [22, 18], in order
to prevent further increase of myopic degree at an early stage [5]. Besides, the
precise PES facilitates surgeons to estimate the cut length of the rectus during
surgical planning, optimizing operative outcomes and avoiding refractive error
after strabismus surgery [14]. Moreover, posterior eyeball shape is a sensitive
indicator to facilitate fundus disease screening, such as glaucoma and tilted disc
syndrome(TDS) [3, 12].

In ophthalmic clinics, existing representations of posterior eyeball shape are
mainly based on two medical imaging devices, including Magnetic Resonance
Imaging (MRI) and Optical Coherence Tomography (OCT). MRI cannot become
the preferred screening device in ophthalmic clinics due to its being expensive
and time-consuming. Even most ophthalmic hospitals do not equip MR devices.
Moreover, the resolution of ocular MRI is 0.416× 0.416× 0.399mm2, while the
depth of the retina is around 250µm[1]. Thus, limited by the resolution of MRI,
surgeons only infer the approximate posterior shape from the outer edge of the
sclera or inner edge of the retina, as the retinal layers cannot be distinguished
from MR images [2, 23, 18, 10, 7, 26]. Most common OCT devices applied in eye
hospitals can provide clear retinal layer imaging, but their field of view (FOV)
is very limited, ranging from 4.5*4.5 to 13*13 mm, which nearly equals 2%˜19%
area of the entire posterior eyeball. Unlike OCT volume correlation tasks that
are impacted by flatten distortion of A-scans[13], some researchers proposed
to roughly infer shape changes of the posterior eyeball based on the simplified
geometric shapes or non-quantitative topography in 2-dimensional (2D) obtained
from retinal landmarks or RPE segmented lines [27, 20, 17]. However, such 2D
expressions can not assist surgeons in making decisions. Therefore, we propose
a novel task constructing a 3-dimensional (3D) posterior eyeball shape based on
small-FOV OCT images.

As far as we know, there is no existing work on 3D eyeball reconstruction just
using local OCT images. We refer several 3D reconstruction methods using nat-
ural images. For example, NeRF and Multi-View Stereo [16, 15] need multi-view
images, which are difficult to obtain in the ophthalmic field. The point cloud
completion task [28] recovers local details based on global information, which is
different from our target. As the limited FOV of common retinal imaging de-
vices makes capturing global eyeballs difficult, we reconstruct global shapes from
local OCT information. Moreover, the curved shape of the eyeball determines
that its imaging information is often concentrated in a local area of the image
where most of the pixels are empty, resulting in sparse information. Directly
downsampling as in most existing point-based algorithms often leads to surface
details lost limited by the number of input points. Therefore, to address the
above problems, we first propose to adopt a standard posterior eyeball template
to provide medical prior knowledge for the construction; then we propose co-
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ordinate transformation to handle the sparse representations of retinal in OCT
images in this paper. Our main contributions are summarized as follows:
1) We define a novel task to reconstruct the complete posterior eyeball shape
within large FOV only based on local OCT images. We then propose a novel
Posterior Eyeball Shape Network (PESNet) leveraging the anatomical prior of
the eyeball structure to accomplish the task.
2) We propose a Polar Voxelization Block (PVB) to provide a dense represen-
tation of the posterior eyeball in the polar coordinate system to address the
problems of high computation cost and detail loss caused by sparse distributions
of input point clouds. Besides, we propose a Radius-wise fusion block (RFB) to
fuse rich hierarchical Radius-channel features from the dual branch of PESNet.
3) Our proposed PESNet is qualitatively and quantitatively validated on our
self-made posterior ocular shape dataset. It is also tested on patients’ data.

2 Method

The overview of our proposed Posterior Eyeball Shape Network (PESNet) is
shown in Fig.1(a). The subarea point cloud (size N1 ∗ 3) from local OCT images
and the template point cloud (size N2 ∗ 3) from the template OCT images are
taken as inputs. N1 and N2 are points number. The inputs are transformed
to the polar grid with size (B,C,R,U, V ) by our proposed Polar Voxelization
Block (PVB), respectively. Then two polar grids are input into the dual-branch
architecture of PESNet, whose detail is shown in Fig.1(b). After a 2D ocular
surface map (OSM) is predicted from the network, we convert it to a 3D point
cloud as our predicted posterior eyeball shape using inverse polar transformation.

2.1 Dual-branch architecture of PESNet

The input point cloud is derived from limited FOV OCT images, and the struc-
tures between the local area and the complete posterior eyeball are totally differ-
ent. Thus, considering the structural regularity of ocular shape in OCT images,
we propose to aggregate structural prior knowledge for the reconstruction. As
shown in Fig.1(b), the proposed PESNet is constructed by the Shape regres-
sion branch (S-branch) and Anatomical prior branch (A-branch) with the same
RBs, whose details are shown in Fig.1(c). Inspired by ResNet [9], we propose
the RBs to gradually extract hierarchical features from the R-channel of input
grids with the reduction of the R-dimension. The last layer of RB1 to RB4
uses anisotropic 3D convolution layer with (2 × 3 × 3) kernel, (2, 3, 3) stride,
and (0, 1, 1) padding. Features from every RB in S-branch are fused with corre-
sponding features from A-branch by our RFB. For RB5, the last layer adopts
a maxpooling layer by setting kernel as (4, 1, 1) to reduce the R-dimension to
1 for reducing the computational cost. Then (1 × 1 × 1) convolution layers are
adopted to further reduce the feature channels from 128 to 32. Finally, a 2D
OSM with size (B, 1, 1, N,N) is predicted from the dual-branch architecture
(B = batch size, N = 180 in this paper) by the last RFB5. For the loss of our
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(B=batch size, C=1, R=1, U, V)

Fig. 1. The proposed PESNet for posterior eyeball reconstruction based on the local
point cloud derived from OCT images. (a) The whole pipeline of the reconstruction
process. (b) Dual-branch structure of PESNet, including an anatomical prior branch
to extract structure features from the ocular template. (c) The key components of
PESNet include R-wise Fusion Block (RFB), Residual-Block (RB), and used layers.

PESNet, we adopt the combination of smooth L1 loss L1smooth and perceptual
loss Lpercep [11] as Loss = αL1s + Lperc, and smooth L1 loss is defined as:

L1s =
1

UV

N−1∑
u=0

N−1∑
v=0

{
(O(u, v)− Ô(u, v))2 ∗ 0.5, if |O(u, v)− Ô(u, v)| < 1

|O(u, v)− Ô(u, v)| − 0.5, otherwise
(1)

where O(u, v) and Ô(u, v) denote the predicted and ground truth (GT) OSM,
respectively. The (u, v) and U, V represent the positional index and size of OSM.
The α denotes a manual set weight value.

2.2 Polar Voxelization Block and R-wise Fusion Block

Polar Voxelization Block (PVB). The curve shape of the eyeball determines
the sparse layer labels of OCT in cartesian coordinates. Sparse convolution sig-
nificantly increases memory. Inspired by the shape of the eyeball, we propose to
use polar transformation to obtain the dense representation of the input. Due
to the hierarchical and regular distribution of RPE points in polar grid, the 3D
grid is parameterized into a 2D OSM by anisotropic convolution. Therefore, we
design the PVB to perform polar transformation and voxelization jointly for two
input point clouds Ps and Pt and output two 3D grids of voxels Gs and Gt.

Given the center coordinate c = (cx, cy, cz) of the top en-face slice of OCT
images as polar origin, the transformation between the cartesian coordinate
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(x, y, z) and the polar coordinates (r, u, v) can be expressed as Equation2. Be-
sides, given a polar point set P : {(ri, ui, vi)|i = 1, . . . , n} and a 3D polar grid
G(r, u, v) ∈ {0, 1}, the voxelization process of PVB is defined in Equation3:

r =
√

(x− cx)2 + (y − cy)2 + (z − cz)2

u = arctan

(
z−cz√

(x−cx)2+(y−cy)2

)
+ π

2

v = arctan
(

y−cy
x−cx

)
+ π

2

and

 r ∈ [0, 370)
u ∈ [0, π)
v ∈ [0, π)

(2)

GR×U×V
(
round

(
ri
ϕ

)
, round

(
ui×180

π

)
, round

(
vi×180

π

))
= 1 (3)

OSM U×V (ui, vi) = G(r, ui, vi), i ∈ [0, 180) (4)

where u,v and r are the elevation angle, azimuth angle, and radius in polar
coordinates. The extra π

2 term is added to make the angle range correspond
to the integer index of height and width of OSM. Besides, R,U ,V denote the
depth, height, and width of the 3D grid (R = 64, U and V = 180 in our paper),
which make grid G hold enough resolution with acceptable memory overhand.
In addition, ϕ is a manual set number to control the depth-dimension of G.
Since we choose the center of the top en-face slice as the origin, the RPE voxels
distribute in layers along the R-axis of G. Therefore, we can compress the 3D
polar grid G(r, u, v) into a 2D OSM along the R-axis of grid using equation4,
where OSM (u, v) denotes the pixel value at position (u, v), which represents the
radius from the polar origin to an ocular surface point along the elevation and
azimuth angles specified by index (u, v). The entire posterior eyeball shape can be
reconstructed once givenOSM and the center coordinate C. This representation
of ocular shape is not only much denser than a conventional voxel-based grid
(370 ∗ 300 ∗ 256 in our paper) in cartesian coordinates but also maintains more
points and spatial structure than common point-based methods.
R-wise Fusion Block (RFB).

The conventional feature fusion methods (denoted as F in Table1) often con-
catenate two feature volumes along a certain axis and simultaneously compute
the correlation among R-, U-, and V-dimensions with convolution. They do not
consider the feature distribution in the dimension. However, for our task, the
hierarchical features distributed in the same channel along R-axis have a higher
relevance. Separately computing relevance between features inside the R channel
is able to enhance the structure guidance of prior information. Thus, we propose
RFBs to fuse the feature volumes from S-branch and A-branch. As shown in
Fig.1(c), the first four blocks (RFB1 to RFB4) first concatenate two feature
volumes along the R-dimension and then rearrange the channel order in the R-
dimension of combined volume to place the correlated features together. Finally,
the relevant hierarchical features from S- and A-branches are fused by a convo-
lution layer with (2 × 3 × 3) kernel and (2, 1, 1) stride followed by Batch-Norm
and ReLU layers. The output volume of RFB has the same size as each input
one. It’s worth noting that the last RFB rearranges the order in feature- instead
of R-dimension, since R-dimension is already equal to 1, and the last activation
layer is Sigmoid to ensure the intensity values of output OSM ranging in [0, 1].
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3 Experiments

Dataset: We build a Posterior Ocular Shape (POS) dataset based on Ultra-
widefield (24×20mm2) swept-source OCT device (BM-400K BMizar; TowardPi
Medical Technology). The POS dataset contains 55 eyes of thirty-three healthy
participants. Simulating local regions captured by common OCT devices, we
sample five subareas from every ultra-widefield sample. Both subarea point
clouds and ground truth of OSM are derived from segmented RPE label im-
ages from all samples (more details are in supplementary). The POS dataset is
randomly split into training, validation, and test sets with 70%, 20% and 10%,
respectively. Referring to [4, 24], the template is obtained by averaging 7 high-
quality GT OSMs without scanning defects and gaps from the training set and
then perform Gaussian smoothing to reduce textual details until it does not
change further. Finally, the averaged OSM is converted into the template point
cloud by inverse polar transformation.
Implementation Details:

The intensity values of all GT OSMs are normalized from [0, 63] to [0, 1] for
loss calculation. We use unified center coordinates as the polar origin for polar
transformation since all OCT samples are aligned to the macular fovea during
acquisition. Since the background pixels in predicted OSM are hardly equal to
0, which cause many noise points in reconstructed point cloud, only intensity
values that are not equal to OSM(5, 5) are converted to points. During training,
we set α in the loss function as a linear decay weight after the first 50 epochs,
adam optimizer with a base learning rate of 0.001, and a batch size of 10 for 300
epochs. The model achieving the lowest loss on the validation set is saved for
evaluation on the testing set. We implemented our PESNet using the PyTorch
framework and trained on 2 A100 GPUs.
Evaluation Metrics: Since our proposal employs 2D OSM regression in polar
coordinates to achieve 3D reconstruction in cartesian coordinates, we evaluate
its performance using both 2D and 3D metrics. Specifically, we use Chamfer Dis-
tance (CD) to measure the mean distance between predicted point clouds and its
GT point cloud, and Structural Similarity Index Measure (SSIM) as 2D metrics
to evaluate the OSM regression performance. Additionally, we introduce point
density (Density) as an extra metric to evaluate the number ratio of total points
between predicted and GT point clouds, defined as Density = |1−Npred/NGT |,
where Npred is the number of predicted point clouds, NGT is the number of GT
point clouds. The lower Density, the fewer defects in the valid region of OSMs.
Method Comparison and Ablation Study: The effectiveness of the key
components of PESNet is investigated through a comparison and ablation study,
as presented in Fig.2 (other samples are shown in supplementary) and Table1.
To provide a benchmark, we re-implemented PointNet, a pioneering point-based
method (details in the supplementary material). Compared to PointNet (Fig.2(a)),
the visual results in OSM and a reconstructed point cloud of 1-branch or 2-branch
networks show more details in the valid region and reasonable shape, with bet-
ter evaluation metrics, as hierarchical structure information is preserved in the
dense representation by PVB. Compared to that by 1-branch (Fig.2(b)), the vi-
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Table 1. Method comparison and ablation studies on Posterior Ocular Shape Dataset.

Method CD ↓ SSIM ↑ Density ↓

PointNet[21] 59.81 0.433 0.669

1-branch 13.57 0.310 0.714

2-branch F 5 10.14 0.504 0.140
2-branch F 1−5 11.68 0.744 0.048
∗2-branch F 1−5 with unshare-weight 11.12 0.764 0.059

2-branch RFB5 9.65 0.287 0.339
2-branch RFB1−5 9.84 0.710 0.173
∗2-branch RFB1−5 with unshare-weight 9.52 0.781 0.013

（b）1-branch（a）PointNet (c) 2-branch, F 5Input (d) 2-branch, F 1-5 

(f) 2-branch, RFB 5 (e) *2-branch, F 1-5(g) 2-branch, RFB 1-5 GT (h) *2-branch, RFB 1-5 (ours)
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Fig. 2. The visualization results of the comparison. The main- and sub-images show
the reconstructed point clouds in cartesian coordinate and its corresponding output
OSMs, respectively, where F 5 and F 1−5 denote common late- and multi-state fusion,
RFB5 and RFB1−5 denotes late- and multi-state RFB, and ∗ means unshare-weight.

sual results by 2-branch networks are much closer to the posterior eyeball shape,
as the adopted prior knowledge provides structure assistance for reconstruction.
As shown in Fig.2, after incorporating RFB and unshare-weight, the 2D and 3D
figures express the curve structure of the eyeball with more information, espe-
cially the macular and disc (in the bottom of the eyeball) are back to the right
position. The visualization shows that multi-state fusion can extract more struc-
tural details in R-dimension from multi-scale feature volumes of two branches,
which can improve the scope and textual details of the valid regions in OSMs. As
shown in Table1, our 2-branch variant exceeds 1-branch ones by 3.43, 0.19, 0.57
at CD, SSIM, and Density after adding A-branch, which further proves that prior
knowledge guides to reconstruct a more complete valid region. If incorporating
the RFB, the 3D shape (expressed by CD) can be closer to GT. In our PESNet,
we adopt unshare-weight for two branches, which produces the best metrics in
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Table 2. Ablation study about loss functions.

Loss function CD ↓ SSIM ↑ Density ↓

L1smooth 65.49 0.287 0.446
Lperc 9.95 0.729 0.085

L1smooth + Lssim 49.14 0.259 1.615
L1smooth + Lgrad 56.04 0.305 0.544
L1grad + Lperc 38.47 0.239 0.099
L1smooth + Lssim + Lgrad + Lperc 74.65 0.161 0.824

L1smooth + Lperc 9.52 0.781 0.013

GT Pred

2D

3D

2D

3D

High Myopia
2D

3D

2D

3DGT Pred

DME

Fig. 3. The test results with the data from a high myopia case and a diabetic macular
edema (DME) case, the shape point cloud and its OSM of GT are shown on the left
side, and those of predicted results are shown on the right side.

the last row. Therefore, our proposed algorithm reconstructs the eyeball close to
GT considering the specificity of the eyeball.

Ablation Study about loss function: We compare different loss functions
applied in our task, and the results as shown in Table2. The results reveal two
trends: 1): L1smooth can ensure the correct optimization direction, impelling the
OSMs area other than the background close 1, but we find it cannot effectively
learn the accurate scope of OSMs from experiments. 2): Lperc can achieve sub-
optimal results, but is too unstable to keep the right direction of optimization,
which highly increase training time and decrease reproducibility. For other com-
binations, their OSMs show either wrong optimization direction or limited scope
of valid regions which are also revealed by metrics. Therefore, our loss function
combine the advantages of L1smooth and Lperc, and the extra α makes Lperc fur-
ther descent stably. Our combination obtains the best metrics and visualization
results, proving that it is the most suitable choice for our task.

Validation on disease sample: Although our POS dataset only contains the
data of healthy eyeballs, we still test our PESNet on two disease cases: one is high
myopia and the other is Diabetic Macular Edema. As shown in Fig.3, although
the template lack of priors from the disease eyeball, the range of pixel value and
scope of region are close to GT. The result shows the potential of our PESNet
to handle the posterior shape reconstruction for the diseased eyeballs. We are
collecting more patients’ data.
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4 Conclusion

In this study, we introduced the task of posterior eyeball shape 3D reconstruc-
tion using small-FOV OCT images, and proposed a Posterior Eyeball Shape
Network (PESNet) that utilizes polar coordinates to perform 2D ocular surface
map (OSM) regression. Our experiments on a self-made posterior ocular shape
dataset demonstrate the feasibility of this novel task and confirm that PESNet is
capable of leveraging local and anatomical prior information to reconstruct the
complete posterior eyeball shape. Additionally, our validation experiment with
disease data highlights the potential of PESNet for reconstructing the eyeballs
of patients with ophthalmic diseases.
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