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Abstract

Gastrointestinal (GI) tract is a 9-meter-long food passage that transports food and nutrition to the human body. Due to the
narrow space (~2 cm in diameter) of the GI tract, a lesion removal surgery through endoscopic procedures faces limited
view of the lesion, leading to the challenge of maximum removal of diseased lesion and minimum sacrifice of healthy
tissues. This paper evaluates the application of the state-of-the-art Al technique of neural radiance field to reconstruct 3D
models of a lesion based on 2D endoscopic videos. In this way, a full 3D view of concerned GI lesion can be presented to
surgeons to allow comprehensive surgical planning. The advanced Al techniques, neural radiance field (NeRF), structure-
from-motion and multi-view stereo are applied. This system is implemented based on COLMAP and Nerfstudio libraries.
The system is evaluated using two sets of video clips containing 2600 images. Initial results illustrate that this end-to-end
deep learning architecture, i.e. from 2D video input to 3D model output, presents considerable potential for reconstruc-
tion of GI lesions. The similarity measures of SSIM, PSNR and LPIPS between original (ground truth) and rendered
images are of 19.46+2.56, 0.70+0.054, and 0.49+0.05 respectively. This work contributes to the solution towards one
of the long-standing challenges in computer vision field, which is to construct 3D views from 2D videos in the field of
GI surgery planning and has achieved a promising performance. Future work includes enlarging datasets and removal of
ghostly artefact from rendered images.
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Introduction

This paper is the extension of the work published at BIO-
IMAGING 2025 [1]. Gastrointestinal tract (GI) cancers
(oesophagus, stomach, bowel) were responsible for 26.3%
of cancer cases and 35.4% of deaths worldwide in 2018 [2].
As the 2nd largest death caused by cancer in the world (after
lung cancer), GI cancers have very low 5-year survival rate
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(< 20%). At present, the only curative and most effective
treatment for early GI cancer or lesion is the removal of
concerned lesion endoscopically, especially, for a lesion
confined to the mucosal layer, the surface columnar epi-
thelium and the first of the four layers on the GI wall. In
this procedure, a substance is injected first under the target
to act as a cushion. Then a surgical plan by marking cut-
ting lines is conducted. Finally, the dissection takes place at
submucosal layer under the concerned lesion following the
planned boundary. The key to success of this surgery is that
the endoscopists have a clear view of the lesion, the planned
lines and surroundings from varying view angles through-
out in order to perform precise dissection.

The challenges here are that all the views are confined
into a narrow (~ 2 cm in diameter) cylindrical food path
or tube along where the endoscopic camera travels in one
direction, resulting in some concerned tissues, anatomy and
planned boundary being invisible. In addition, in this com-
plex surgical scene, the endoscopist/surgeon/clinician has
to contend with various motions coming from respiration,
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Fig. 1 An illustration of endo- Mouth
scopic procedure for inspecting
oesophagus, the upper GI tract. a Eﬁ';:ﬁg
Probe tool to be inserted into the
mouth. b The diagram showing the ((}) esophagus

ood pipe)
passageway of oesophagus. ¢ A
endoscopic video images displayed Lungs
in montage form. The top tow row
images are collected when the Stomach
mac

white light is shining. The bottom
two rows, also called narrow band

images, are the images when the
light is shone at wavelengths of
415 nm (green) and 540 nm (blue)

(b) (©)

Fig.2 Demonstration of lesion resection endoscopically. a A lesion is detected; b cushion is injected; ¢ successful removal of the concerned lesion

(1]

heartbeat, camera and muscles. Because of this, at present,
all these operations can only be conducted by expert endos-
copists, which puts significant amount of pressure on health
care systems. Figure | illustrates the endoscopic procedure
when a probe (a) consisted of LED light, camera and tools
for collecting biopsy samples is inserted into the mouth
(b). Figure 1(c) presents the montage of endoscopic video
images with the top 2 two rows collected under conven-
tional white light whereas the bottom two rows are under
the blue (415 nm) and green (540 nm) lighting conditions,
showing the narrow band (NB) images.

Figure 2 demonstrates the process of resection of a polyp
in the stomach endoscopically. While the lesion in Fig. 2
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is benign, if left untreated, it could progress into cancer.
Hence resection is in need. Once the target is confirmed
(Fig. 2 (a)), an injection of a dedicated substance is carried
out to highlight and alleviate the lesion whereby a surgical
planning can be made (Fig. 2(b)). Then the lesion can be
removed safely (Fig. 2(c)).

Hence reconstruction of 3D view of concerned lesions
plays an important role in endoscopic surgical planning
and lesion removal. 3D reconstruction for GI from endo-
scopic videos has been studied by a number of researchers.
For example, Ali et al. [3] has established a physical model
of oesophagus that is applied to develop an Al system to
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quantify Barrett’s oesophagus. The researchers as detailed
in [4] has established the shape of oesophagus to allow visu-
alization of additional contextual and geometrical informa-
tion of oesophagus, from panorama image to 3D points
cloud then to regular triangulation mesh. Recently, 3D
shape reconstruction of whole stomach based on structure-
from-motion (SfM) [5] is investigated by spreading indigo
carmine (IC) dye on the stomach surface to present colour
texture of the stomach. This is because endoscopic videos
present weak texture of GI surface. On the other hand, the
approach of SfM appears to present robust results when it
comes to 3D reconstruction from 2D videos. Further study
for deep multi-view stereo for dense 3D reconstruction
[6] is also conducted based on SfM and is consisted of 3
steps, which are sparse reconstruction via SfM, monocular
depth estimation and embedding vector generation via patch
embedding network.

The steps to construct a 3D model from 2D images
usually include image collection, feature or/and keypoint
detection and extraction, key point tracking and matching,
structure from motion to determine camera intrinsic, extrin-
sic and orientation parameters, and key point-cloud recon-
struction, such as mesh reconstruction, mesh refinement and
mesh texturing.

With the current advances of state-of-the-art (SOTA)
deep learning (DL) techniques, many innovative approaches
have been developed towards reconstructing 3D deformable
objects.

In this study, 3D scene reconstruction based on 2D endo-
scopic videos is conducted based on SOTA neural radiance
field (NeRF) so that a lesion can be viewed from all viewing
angles, allowing correct recognition of concerned lesions,

Fig. 3 Examples of frames with artefacts (arrows). a specularity; b
instrument; ¢ bleeding; d—f colour misalignment (all over images)

tissue types and related anatomy, leading to an assistant
system in an operative room allowing multiple views while
performing lesion removal.

NeRF [7] addresses the long-standing problem in com-
puter vision field, which is to reconstruct a 3D represen-
tation of a scene from sparse 2D images. NeRF method
synthesizes a new view by directly optimising parameters
of a continuous 5D scene representation to minimize the
error of rendering a set of captured images. NeRF repre-
sents a scene using fully connected deep network with an
input of a single continuous 5D coordinate (i.e. 3D spatial +
2D view direction angles). The output of this network is the
volume density and view-dependent emitted radiance at that
spatial location. More recently, NeRF has been enhanced
into Uncertainty-aware Conditional NeRF (UC-NeRF) for
the application to GI tract for addressing the challenge of
endoscopic sparse views [8]. This work has improved the
scale consistency through the sparse SfM depth constraints
significantly. Since the modelling process takes place on
still images, UC-NeRF is limited to static or semi-stance
surgical scenes.

In this study, the training of enhance NeRF takes into
account of both spatial and temporal information hence has
potential to be applied in real time.

Methodology

Image Pre-process to Remove Artefact of Colour
Misalignment

Due to the confinement of narrow space of GI, it is quite
common that as many as a quarter of video frames contain
several types of artefacts, such as water bubbles, instrument,
and saturation. While these artefacts are present most of the
time, the concerned image features are still visible. How-
ever, the artefact of colour misalignment, where coloured
frames of red, green and blue are acquired at different loca-
tions resulted from the combination of movements when an
endo camera travels, should be removed not only because
most of interested contents are not present but also the pres-
ence of these artificial colours will influence the detection of
camera light of rays, hence affecting the accuracy of train-
ing. Figure 3 depicts a number of artefacts presented in a
video clip, where the top row of artefacts (green arrows)
still contains visible GI features but bottom row of colour
misalignment (whole images) mis-represents GI contents.
To detect artefacts, many deep learning-based systems are
developed offering promising performance [9-11]. In this
study, the processing time also plays an important role for
the future development of real-time 3D systems. Hence the
real-time system, real-time instance segmentation system,
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Fig.4 The architecture of
YOLACT network for detection
and segmentation of artefact. The
artefacts to distinguish are instru-
ment, bubbles, saturation, and
colour misalignment (CMA). The
mask or ground truth of frames
with CMA is the whole frame

YOLACT [12, 13] is enhanced and applied for artefact clas-
sification. Figure 4 presents the architecture of the network
to classify frames with normal or artefact features (instru-
ment, bubbles, saturation or colour misalignment (CMA)).
In this pre-processing stage, only frames with CMA will be
discarded. This is because the subsequent 3D modelling and
reconstruction of lesioned GI regions depends on the infor-
mation of colour and intensity attributes, i.e. structure from
motion and neutral radiance fields.

For this end-to-end detection system of YOLACT [12]
(Fig. 4), the basic underline model employs ResNet101
to extract initial feature maps. The object segmentation is
accomplished through two parallel subnets (ProfoNet and
Prediction Head), which generate a set of prototype masks
and predict per-object mask coefficients respectively.

More specifically, ProtoNet employs a fully connected
network (FCN) accommodating the largest pyramid fea-
ture layer ( P3), to produce a set of image-sized prototype
masks. These k mask prototypes (k£ = 32 in this study) are
then applied to deliver predictions for the entire image in
relation to classification, segmentation and detection [13].

On the other hand, Prediction Head contains three
branches, which are c class confidence (c=35 for ‘Instru-
ment’, ‘Bubbles’, ‘Saturation’, ‘artefact-text’, ‘CMA’), 4
bounding box regressors (:[xtop*left*cornew Yiop—lefi—corner,
width, height])), and a vector of mask coefficients, one for
each prototype to be processed in parallel. Subsequently,
the branch of ‘Crop~+thresholding’ in Fig. 4 delivers a vec-
tor size of 4 + ¢ + k for each anchor or region of inter-
est (Rol), As a result, for each instance, one or more masks
will stem from that instance by linearly combining (plus or
minus) the work from both prototype and mask coefficient
strands, leading to the production of final masks ( M) by a
sigmoid nonlinearity as formulated in Eq. (1).

M=c (PCT) (1)
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where Pisan h x w X k matrix of prototype masks and
Cisa n x k matrix of mask coefficients for n instances
that have passed score thresholding and initial NMS,
the maxima suppression technique [11]. NMS determines
whether an instance should be kept or discarded. For exam-
ple, duplicated detections are suppressed not only for the
same class but also for cross-class boundary boxes depend-
ing on the probability of boxes, i.e. the box with higher
probability suppresses the one with lower probability. In Eq.
(1), CT indicates the transpose of C Matrix.

The calculation of the loss function is the same as for
YOLACT [13]. Three loss functions are utilised to train this
end-to-end detection model as formulated in Eq. (2), which
are classification loss ( L¢jqss ), box regression loss ( Lpoz)
and mask loss (Luqsk) Where the weights of 1, 1.5, and
1.5 are applied for them respectively, which are obtained
empirically.

L= Eclass + 1.5 £b09: +1.5 Emask (2)

In particular,

‘Cmask = BCE(M7 Mgt) (3)

where the binary cross entropy BCE is formulated using
Eq. (4).

BCE(p,y) = L1 [yilog (pi) + (1 — y:)log(1 — pi )] 4)

1
N
where y represents the label and p is the predicted prob-
ability of the point being a label for all N points. M and
Mg, are calculated in Eq. (1).

Empirically, if a frame contains an accumulated arte-
fact occupying 60% or more region of a frame, it will be
removed. The remaining ones are applied to train the 3D
model takes place based on NeRF.
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3D View Reconstruction for Concerned Lesioned Gl
Based on NeRF

For 3D scene modelling, neural radiance fields (NeRFs)
[7] take 5-degree coordinates as an input. The 5D refers
to each 3D point at (z, y, z) when viewing with a cam-
era ray of light emitting direction at (8, ¢ ). Hence, NeRF
enables learning novel view synthesis, scene geometry and
reflectance properties by optimising a deep fully-connected
neural network as a multilayer perceptron (MLP). As such,
NeRF represents this 5D function by regressing from a sin-
gle 5D coordinate (x, y, 2,0 ,¢ ) to a single volume den-
sity and view-dependent RGB colour. As a result, to render
NeRF from a specific viewpoint, camera rays are marched
through the scene, and a neural network produces colours
and densities for 3D points, which are then accumulated
into a 2D image.

Figure 5 schematically illustrates the process of repre-
senting scenes as neural radiance fields for view synthesis.

Firstly, a scene (Fig. 5(a)) is represented using a 5D
vector-valued function with an input of a 3D location
x = (z,y, 2) and 2D viewing direction d = (6 ,¢ ). The
output of this function is an emitted colour ¢ = (r,g,b)
and volume density (Fig. 5(b)) at each ray. This 5D function
is approximated by applying a multilayer perceptron (MLP)
network Fo : (z,d) = (c,o ) to optimise its weights in
order to map each input 5D coordinate to its correspond-
ing volume density and directional emitted colour. Finally,
based on the classical volume rendering approach [14], the
colour of any light ray passing through the scene is rendered
(Fig. 5(c)) whereas the volume density o () is interpreted
as the differential probability of a ray terminating at location
x. Hence the expected colour C (7) of camera ray light
r (t) = o + td, starting at the original location o, with near
and far bounds ¢,, and ¢y, is expressed in Eq. (5) [6].

Fig.5 The process flow of NeRF.
a 5D input; b 4D output; ¢ vol-
ume rendering at a new viewing
direction [1]

(a) Input (5D)

Position (3D) + Direction (2D)

(,y,2,8, ¢)—*lm

C(r) = / th<t>a (r (1)) (r (1), d) dt 5)
where
T (t) = exp(~ / o (r()ds) ©)

As pointed out by Mildenhall et al. [7], operating a network

Fo directly on zyz6 ¢ can result in poorly rendering per-
formance when colour and geometry have high-frequency
variations. Hence, Fg is formulated as a composite of two
functions, ie., Fo = Fj oy , where F} is learned
applying a regular MLP network, from which the estimated
colour C, (1) can be expressed in Eq. (7) as a weighted sum
of all sampled colours c¢; along the ray.

Ce(r) =Y Mwici (7)
where
w; = T;(1 = exp (0 :8;)) ®)

T; = exp (— > 3‘;110j5j> ©)

and

d0;=1tiy1— 1t (10)

0; in Eq. (10) refers to the distance between adjacent
samples.

On the other hand, ~ is not learnt but a mapping from
R space into a higher dimensional space R?" as computed
in Eq. (11).

7 (p) = (sin (27 p) ,cos (2°7 p) , ... ,sin (25717 p) , cos (25717 p)) (l l)

(b) Output (4D) (c) Volume
Colour (3D) + Density (1D) Rendering
Ray 1
m—— (RGBo)—\
o g
Ray 2 (|
o Ray1l
] Ray 2

Ray Distance
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Fig.6 Demonstration of two processes (a, b) of generating point cloud
points from every 3 consecutive video frames for concerned lesions

where p=uxz,y,2,0,¢ respectively. L =10 when
p=uz,y,2,0 ,¢0 and L =4when p=6,¢ .

Hence the loss between ground true colour C(r) and pre-
dicted pixel colours for both coarse C.. (r) and fine C ¢ (r)

renderings is calculated in Eq. (12).

2

L=3 erl?C.r) = C ()27 +2C; (r) = C ()] (12)

where R is the set of rays in each batch.
Implementation

To model 3D view of endoscopic view based on NeRFs,
Nerfstudio [15] is implemented. Nerfstudio tools are a
repository collecting a family of simple python-based
extensive application programing interface (API) functions
to allow the visualisation of modelling scenes based on neu-
ral radiance fields (NeRFs). By providing a simplified end-
to-end process of creating, training and testing NeRFs, these
APIs supports viewing and interacting with these processes
through an internet browser.

In this study, the input data set is a clip of endoscopic
video containing RGB frames. After removal of artefact
of CMA as explained in “Image Pre-process to Remove
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Artefact of Colour Misalignment”, these frames/images are
analysed to extract needed information, including ground
truth information such as camera intrinsic and extrinsic
data. To obtain endoscopic camera information, COLMAP
system is employed. COLMAP [16] is the structure-from-
motion (SfM) package that can be employed to estimate the
ground truth information regarding to camera poses, cam-
era intrinsic parameters, and scene boundaries. In addition,
this pre-processing stage converts those input images into
a format that is compatible with NerfStudio !, i.e. a JSON
format.

Then training takes place based on pre-processed images
to create a configuration file and a model.

Similarity Measurements

Three common measures are employed to calculate the sim-
ilarity between original (ground truth) and rendered images,
which are structural similarity (SSIM) [17] (Eq. (13)), peak
signal-to-noise ratio (PSNR) (Eq. (14)), and more recently
Learned Perceptual Image Patch Similarity (LPIPS) (Eq.

(15)).

(2/14 zlu‘y +Cl)(20 Z,Y +C2>
(ni+tngta)loi+of+c)

SSIM (z,y) = (13)

InEq. (13) of SSIM, u . , u , are the averages of z, y, with
0 2, o 2being the variances of =, y respectively and o ,
the covariance of = and y. The variables of c¢; and co are
applied to stabilize the division when a small denominator
occurs and are set to be (0.01L)* and (0.03L)* respec-
tively, whereby L stands for the dynamic intensity range of
an image, e.g. L=255 for an 8-bit image. x , y refer to origi-
nal and rendered images respectively.

For PSNR, Eq. (14) is calculated.

PSNR = 20log,(MAX | — 10log,(MSE (14)

where M A X refers to the maximum possible value of the
image (e.g. 255 for 8-bit) and M S'E the mean squared error
between two concerned images.

In addition, LPIPS [18] metric refers to Learned Percep-
tual Image Patch Similarity and is formulated in Eq. (15).
LPIPS is calculated by comparing the activations of two
image patches using pre-defined neural network features.
Specifically, it computes the distance between the feature
representations of the patches. The lower the LPIPS score
is, the more perceptually similar the patches are. The dis-
tance between reference and rendered patches x, zo with

L' https://docs.nerf.studio.
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Fig. 7 The modelling processing of NeRF. a A frame with a lesion (arrow). b The modeled mesh for a. ¢ A clip of video showing the lesion. d The

modelled point clouds or mesh

network F is calculated in Eq. (15) where H, W, C refer
to image patch high, width, and channel respectively.

1 ~1 o2
d(z,z0) = Z lm Z how TWE © (%w — Yohw’2 (15)

The feature stacks are extracted from layer L where unit-
normalization ( y, 9o corresponding to x, xg respec-
tively) in the channel dimension takes place, and for layer
I, 7, o' € RExWix G The weight w is performing
element-wise multiplication (?), which is equivalent to
computing cosine distance [18].

Results

Figure 6 presents a process of generating 3D mesh and point
clouds for the concerned lesion. At each time, the system
takes consecutive 3 frames and generates the mesh points,
and afterwards 3D shapes.

In Fig. 7 the formation of the lesion with regards to mesh
and point clouds are illustrated. The interface can show
point cloud or mesh with their visualization being inter-
changeable. In Fig. 7(a), a frame showing a cancer (arrow),
that is modelled applying the NeRf technique as displayed
in mesh at 7(b). Figure 7(c) shows a clip of the video around

SN Computer Science
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Fig.8 The illustration of train-

ing process. a, b Training takes
place at varying camera rays. ¢ An
individual training sample selected
from b with a specific camera ray
direction [1]

& (nerfstudio

the lesion with their modelling mesh or point clouds pro-
vided in 9(d).

Figure 8 demonstrates the training process implemented
via Nerfstudio. The training processing is visualised live on
a browser, which allows users to select any camera ray direc-
tion as exemplified at Fig. 8 (a)(b) to view detailed training
(8(a)) as well as each individual training image (8(b)) with a
specific camera location (Fig. 8(c)).

Figure 9 demonstrates the montage of training data set
(a) and the new view angle (b) rendered using the trained
model. The needed view path can be selected, defined or
requested through the visualisation tool presented in Fig. 8.

While the rendered data (Fig. 9(b)) have some back-
ground information missing due to the lack of sufficient
data, the concerned lesion can be rendered and viewed at
any needed viewing angle, which is important in a clini-
cal setting as an endoscopic camera can only travel in one
direction within the narrow food path whereas clinicians
need to know all the surrounding information for a surgical
planning.

SN Computer Science
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The accuracy of rendered images using the aforemen-
tioned three metric measures is provided in Table 1, which
is based on two sets of data. The initial video frames with
10 min each containing over 30,000 frames per video. After
pre-processing for detection of colour misalignment arte-
fact, 6000 frames are kept. When extracting camera ray
information using COLMAN approach, only 2600 images
are found related due to poor image quality, e.g. blurry with
floating objects or noise/artefact.

The overall mAP of 63% is considered very promising in
comparison with the EAD2020 artificate detection competi-
tion [19] where an overall mAP of 28% is observed using
2%, 50% and 75% IoU thresholds.

Discussion and Conclusion

This study investigates the feasibility of reconstruction of
3D scene of GI from 2D endoscopic videos as an end-to-end
process, i.e. from an input 2D video to an output of a 3D
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(b)

Fig. 9 Demonstration of training data (a) and rendered data (b) at a
specific view direction for a polyp in the stomach [1]

Table 1 The measurement of similarity between ground truth (origi-
nal) and rendered images for PSNR and SSIM, higher value implies
more similar whereas lower LPIPS referring more similar between the
two [1]

Dataset  Image no
2 2600

PSNR
19.46 +£2.56

SSIM
0.70 £ 0.054

LPIPS
0.49 £ 0.05

Table 2 The segmentation results for detection of artefacts based on
the network shown in Fig. 4 [18]

ToU 0.50 0.70 0.95 All

mAP 99.00 87.0 1.00 63.00
box 77.85 61.64 0.99 47.42
mask 76.91 61.51 0.87 46.17

mAP Mean Averaged Precision

model, without the prior knowledge of camera information
of location, intrinsic and extrinsic data. The developed sys-
tem consists of two phases. The first phase accounts for data
pre-processing to removal the frames that contain most of
the artefact. Then SOTA NeRF approach is applied.

With regards to artefact detection, YOLACT-based real
time processing (Fig. 4) network is employed, which detects,
classify and segments artefacts. Similar to EAD2020 com-
petition [20], 5 classes of artefacts are considered, including
specularity, bubbles, instruments, artefacts, and bleeding.
The overall mAP is 63% for segmentation, which is consid-
ered to be good (Table 2). In particular, when IoU is set to
be 50% overlapping, 99% mAP can be achieved. The back-
bone model employs Resnet101.

With regard to modelling of 3D shapes, the challenges
include the acquired endoscopic video being with less tex-
ture information on the GI surface in comparison with none-
medical images, e.g. plants, and limited camera positional
information that should be extracted from videos requiring
images with varying view angles. Hence the ground truth
images after pre-processing only contain10% of the original
input after removal of frames with 60% artefact.

However, even with only 2600 images as a training data
set, the 3D model is able to render high quality images with
various viewing angles. In the future, more datasets will
be evaluated. Post processing includes removing noises or
ghostly artefact and more training data set. In comparison
with the work of NeRF for natural images [7], our results
appear to be less performed where their PSNR, SSIM and
LPIPS for real forward-facing images are 26.50, 0.811
and 0.250 respectively in comparison with our results of
19.46, 0.70 and 0.49 (Table 1). However, in [7], around
100 views are acquired for each filmed object with known
camera information. In our study, this information needs to
be extracted from endoscopic videos themselves with much
less viewing angles due to the constraints of viewing space
in the food-pipe passage, leading to less image frames are
employed.

Due to the limitation of dataset size, this 3D modelling
system proceeds with the detection of artefact first to elude
misalignment. In the future when large number of annotated
data is in place, it is anticipated that this step will be redun-
dant as the modelling system will be trained to articulate
frames with artefacts.

In addition, post processing will be conducted includ-
ing to remove noises or ghostly artefact as recommended
more recently by Warburg et al. [21]. Specifically, to make
use as many video frames as possible, especially for medi-
cal applications with limited dataset, a new algorithm will
be developed to establish camera information based on the
existing available but less clear images through the applica-
tion of human vision models. While many frames appear

SN Computer Science
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burry with regard to motion tracking, human vision can still
perceive these motions easily and clearly. In this way, the
developed system will also become more transparent, such
as applying attention models.

Dataset plays a key role in training robust models. In the
future, the open public datasets C3VD [22] will be investi-
gated and applied for this reconstruction modelling.

Significantly, to allow real-time application, 3D Gauss-
ian Splatting-based approach [23] for real-time radiance
filed rendering will be evaluated in the future to increase the
processing speed.
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