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Abstract—Scene reconstruction of monocular endoscope video
is essential for the enhancement of Surgical Endoscope Image
Analysis and Application. However, restricted by the narrow
space of endoscopic movement and the obstruction of vision
within cavities, it’s difficult for most conventional methods to con-
duct high-quality reconstruction. To overcome these challenges,
a novel dynamic growing 3D gaussian splatting architecture is
proposed to construct the 3D model of endoscopic scene without
pre-compute camera poses or Structure from Motion. Firstly, to
establish spatial feature associations between interframe, a 2D-
3D displacement field is designed based on dense feature matches
and depth prediction. On this basis, a novel displacement field
variational optimization is developed to acquire relative poses
by minimizing the energy functional of field transformation.
Secondly, to address the constraint of endoscopic view, by
gaussian dynamic transformation and differential gradient field
optimization, a novel dynamic gaussian growing strategy is
proposed to sequentially grow the local gaussian model. Finally,
a novel Forward-Reconstruction&Backward-Optimization archi-
tecture is proposed to generate the global gaussian model. The
evaluation is conducted on two public endoscopic datasets: Scared
and C3VD. The experimental results show the proposed method
outperforms state-of-the-art methods in quantitative (PSRN,
SSIM and LIPIS) and qualitative comparisons. The project page
is .

Index Terms—Monocular Endoscopic Video, 3D Gaussian
Splatting, Dynamic Gaussian Growing, Displacement Field Op-
timization, Scene Reconstruction

I. INTRODUCTION

ECONSTRUCTING surgical scenes from endoscopic
video stream is essential for Robotic Assisted Mini-
mally Invasive Surgery [!] by recovering the 3D model of
the observed anatomy. This technique can assist in simulat-
ing the surgical environment for pre-operative planning and
Augmented-Reality/Virtual-Reality surgical navigation [2].
With the emergence of Neural Radiance Field (NeRF) [3]
and Neural Implicit Surfaces (NeuS) [4], The field of scene
reconstruction and view synthesis has been largely advanced
during recent years [5]. Moreover, recently more efforts have
been focused on representing the surgical scene as the radiance
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field [6]-[8], which can learn continuous functions that implic-
itly represent the 3D scene trained from 2D images and paired
camera poses. Neural-Field-Based methods exploit deep neural
networks to implicit model complex geometry and appearance,
and outperforms Discrete-Representation-Based methods [9].
While Neural-Field-Based methods have achieved reasonably
good results, during the rendering process for each image, an
enormous number of points and rays will be queried repeatedly
from the radiance fields. This method requires significantly
constrains the rendering speed and poses substantial obstacles
for practical intraoperative applications [10].

Aiming to address these limitations, the 3D Gaussian Splat-
ting (3DGS) [11] approach extends the volumetric rendering
in NeRF to accommodate high-quality point clouds. Recently
researches have shifted their attentions to 3DGS in the field
of computer and surgical vision [|12]-[14]. The 3DGS can
describe the scene as anisotropic representation and render
images with efficient Tile-Based rasterizer, allowing real-time
rendering with superior reconstruction quality [15]. Nonethe-
less, adopting 3DGS for surgical scenes still faces challenges.
Generally, the endoscopic scenes are more complex and it’s
cumbersome to acquire motion through tracking devices.
What’s more, the endoscope motion is usually constrained
by the instrument characteristics or surgeon’s capacity, which
makes it difficult for endoscope to observe the full view
of cavity [16] [17]. The typical 3DGS mainly relies on the
Structure-from-Motion (SfM) [ 18] algorithm like Colmap [19]
to initialize the gaussian position. It is a time-consuming
pipeline with multiple stages and requires stringent require-
ments for the motion trajectory of endoscope and the range
of view field. Furthermore, it is challenging for surgeons
to acquire panoramic views by maneuvering the handheld
endoscope around the patient’s organs [20] [21]. As a result,
the view field of endoscope is typically confined to a limited
range of motion, making it difficult to recover sparse point
clouds and estimate absolute camera poses with SfM pipeline
[15].

To perform gaussian model reconstruction without camera
pose prior or SfM preprocessing, in this paper, a novel dy-
namic growing 3D gaussian splatting (DG-3DGS) architecture
is established by sequentially “growing” one frame at a time
as endoscope moves to process scene reconstruction. In this
architecture, there are two-step Interframe Pose Estimating and
Dynamic Gaussian Growing procedures during each growing
stage: (1) To address the challenge of estimating tiny relative
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poses between neighboring frames, a novel sequential 2D-
3D displacement field variational optimization is designed to
achieve continuous tiny relative camera pose. By utilizing the
dense key-points matching from Feature Matching network
(FM-Net) and relative depth from Dense Prediction Trans-
former network (DPT-Net), the 2D-3D displacement field is
established with 3D coordinates from former frame and 2D
corresponding locations from next frame. The optimization
goal is to learn the relative pose transformation by minimising
the gaussian rendering variational gradients of displacement
field. (2) To conduct gaussian reconstruction within con-
strained endoscopic view, by gaussian dynamic transforming
with relative poses, a sequential dynamic gaussian growing
module is developed to conduct gaussian growth progressively.
During each rendering iteration, the whole gaussian model is
transformed to current camera coordinate and the constrained
area is fitted with new gaussian ellipsoids, and a novel differ-
ential gradient field optimization is proposed to refine the local
gaussian model coordinates under the condition of lacking
multi-view geometric constraints. Freeing from reliance on
StM preprocessing or other prior information, based on the
relative poses between neighboring frames and the gaussian
growing module, a novel reconstruction architecture with
Forward-Reconstruction & Backward-Optimization strategy is
proposed to train and generate the new gaussian ellipsoids of
new viewpoint frame-by-frame. Therefore, it’s possible for the
proposed architecture to receive unlimited frames continuously
and perform gaussian rastering consistently.

In brief, the main contributions are as follows:

e To perform accurate tiny relative pose estimation between
interframe, a novel Interframe Pose Estimation (IPE) module
is designed to learn the transform association from the pro-
posed 2D-3D displacement field, by optimizing the variational
gradients of field transformation.

e By gaussian dynamic transformation and differential gra-
dient field optimization, a novel Dynamic Gaussian Growing
(DGG) module is proposed to perform new gaussian synthesis
and refine the gaussian coordinates within constrained endo-
scopic view.

e Based on the proposed IPE and DGG modules, a novel
Forward-Reconstruction & Backward-Optimization 3D gaus-
sian splatting architecture is proposed to conduct high-quality
monocular endoscopic scene reconstruction without SfM pre-
processing.

II. RELATED WORKS

Recently, to overcome the shortcomings of various prepro-
cessing priors in the field of 3DGS-Based reconstructions,
great interests have been increasing for researchers to estimate
accurate camera poses or modify SfM pipeline with alternative
methods.

Pose Estimation in Scene Reconstruction: Conventional
pose estimation methods in SfM typically rely on feature
extracting and matching (such as SIFT [22], SURF [23], or
ORB [24]), which leverage epipolar geometry to estimate the
essential matrix and decompose it to obtain the relative rotation
and translation between interframes. NeRF-Based methods

usually require initializing the camera poses to achieve photo-
realistic scene reconstruction [25]. Recently several studies
[26]-[28] have focused on minimizing the dependence on
StM by integrating pose estimation directly within the NeRF
or 3DGS framework. Rosinol er al. [29] leveraged recent
advances in dense monocular Simultaneous Localization and
Mapping (SLAM) and proposed a novel 3D mapping pipeline
for accurate pose estimation and scene reconstruction from
monocular images taken casually. Sucar et al. [30] utilized a
multi-layer perceptron as the only scene representation in a
real-time SLAM system with handheld RGB-D cameras, and
achieved real-time system via continual training of a neural
network against live image streams. Chen et al. [3 1] presented
a novel framework called iNeRF that performs mesh-free pose
estimation by inverting radiance field, showing that poses for
novel view images can be estimated with a reconstructed
NeRF model. Wang et al. [32] proposed an efficient RGB-
D SLAM method called EndoGSLAM, leveraging differen-
tiable rasterization to enable Gradient-Based optimizing the
camera poses in each incoming frame. Chng et al. [33]
presented a new positional embedding-free neural radiance
field architecture called Gaussian Activated neural Radiance
Fields (GARF), which outperforms the current state-of-the-art
in terms of high-fidelity reconstruction and pose estimation.
However, limitation still exists for accurate tiny sequential
pose estimating, most of the current methods lack effective uti-
lization of interframe feature association between neighboring
frames. Therefore, to overcome this limitation, a novel relative
pose estimation module is designed by leveraging feature
correspondence between interframes effectively to estimate
and optimize the tiny pose transform matrix.

3DGS without SfM Prepossessing: Recently, great interest
has been growing in eliminating the requirements of pre-
processing steps for NeRF-Based or 3DGS-Based methods.
Several approaches [26], [28], [31], [33]-[37] are mainly
focusing on incorporating undistorted monocular or binocular
depth priors to progressively train and optimize the local
radiance fields. Huang ef al. [12] exploited a depth predict
network to generate pseudo depth maps as prior and presented
Endo-4DGS with lightweight MLPs to capture temporal dy-
namics with gaussian deformation fields. Bonilla et al. [20]
proposed Gaussian Pancakes that synergizes a geometrically-
regularized 3D gaussian splatting with the SLAM system [38]
to enhance texture rendering and anatomical accuracy while
boosting training speeds. By integrating the efficient gaussian
representation and highly-optimized rendering engine, Liu et
al. [13] proposed a real-time endoscopic scene reconstruction
framework named EndoGaussian, which is built on 3DGS and
significantly boosts the rendering speed to a real-time level.
Batlle et al. [6] exploited the relation between pixel brightness
and depth map as the supervised information, they modified
the NeuS [4] architecture to explicitly account for it and
introduce a calibrated photometric model of the endoscope and
light source. Zha et al. [1] modeled surface dynamics, shape,
and texture with three neural fields to propose a novel Neural-
Field-Based method called EndoSurf, which can effectively
learn to represent a deforming surface from RGBD videos.
Nonetheless, recent works are mainly focusing on promoting
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Fig. 1. The architecture of DG-3DGS From Viewy to Viewn41, Viewny1 to Viewn4o, and to Viewn . The gaussian evolution path is presented

from Gn to Gny1, GN41 to Gn42, and finally to Gy .

the gaussian performance and optimizing render process with
depth prior information of discrete frames, which lacks the
geometric feature between consecutive sequence frames within
the limited field of views. Hence, to maintain the consistency
of the geometric perspective, by fully utilizing the continu-
ous features of the sequence interframes and depth prior, a
dynamic sequential gaussian growing strategy is proposed to
gradually expand the gaussian model with interframe features
and depth prior information, and the optimization goal is to
refine the coordinates within limited geometry constraint to
realize high-quality endoscopic scene reconstruction.

III. METHODS

The overall architecture of the proposed method is shown in
Fig. 1. The whole process of gaussian reconstruction is based
on the premise of sequential monocular endoscopic video. The
proposed DG-3DGS mainly consists of two modules during
each training stage: the IPE module and DGG module. In
the beginning of proceed, the first frame with predicted depth
map is considered as the gaussian initialization step, and the
XYZ location of gaussian model is calculated from the depth
map with intrinsic matrix. When the next frame flows in
(e.g. from Viewn to Viewnyy), the relative transform pose
matrix (e.2. Ry Nn+1,IN—N+1) 1s estimated and optimized
with the IPE module. By setting Ry, n+1,IN—nN+1 as the
transformation matrix, the gaussian model is transformed from
the local cameras coordinate system (LCCS) of Viewy to
that of Viewn 41, the DGG module is proceeded with current
frame I 4; and predicted depth map Dy to grow the local
gaussian set appearing in new region under current viewpoint

from gaussian model Gy to Gy41. With sequential frames
flow to the end, the G can finally evolve to Ggope and
finish scene reconstruction.

A. Interframe Pose Estimation Module

Given interframes Viewy and Viewns;, the main tar-
get is aiming to estimate the relative pose transformation
Ry N+1,Tn— nv+1 between right-handed camera coordinates
system. Therefore, an Interframe Pose Estimation module is
proposed and the main processing of the module is shown in
Fig. 2.

An end-to-end pretrained monocular deep predict network
DPTI[35] is used to estimate the local depth map Dy, and
the corresponding point cloud Pty is converted on local
camera coordinate system (LCCS) with intrinsic matrix Ky
and distortion parameters Disty:

Pty = Dy * K;,l ® Fy(Disty, Girdmaph,w,1)) (1)

Where Girdmapch,w, 1) represents 3D normalized plane
with i height and w weight, I, represents distortion correction
function, and Pty | {2y, Yn, 2n € R™*?}.

In order to obtain robust correlated feature information for
local camera pose transformation, a monocular endoscopic
feature matching network [40] is leveraged to fulfill dense
key-points pairs matching between interframes. The matching
distribution is located in a (h/8,w/8) sized gird-map, in each
grid a maximum matching score key-points pairs is extracted
and be formulated as kpy | {un, v, € R"*?} in Viewy and
corresponding kpn 1 | {Uni1,Vns1 € R™2} in Viewy,.
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Fig. 2. The architecture of proposed Interframe Pose Estimation module based on sequential 2D-3D displacement field variational optimization. The DTP
pretrained module denotes the Dense Prediction Transformer of depth map pretrained network [39], and the FM-Net Pretrained denotes the Feature Matching

Pretrained network [40].

Based on the kpy and kppy 1, the 2D displacement field can
be constructed as the follow:

DVF?D (ﬁ7 U) = Fr]LV:O([unJrl — Up, Un41 — Un]) (2)

The T2_, denotes the displacement field formation with
N corresponding tensors. In the DV F5p each vector element
represents the matched local 2D feature offset between in-
terframe, which also symbolizes the projection location of
3D key-points onto the local camera coordinate plane. Thus,
according to the aforementioned plane the 3D displacement
field denotes the 3D key-points offset between interframes in
the LCCS of Viewn41, and the formula can be denoted as:

DV Fsp(&,4,2) = TN_o([RI™F Ti™*) x Pty — Pty) (3)

vec vec

Where the [R! Timit] denotes the initial RT matrix
between interframes, and the Pty denotes homogeneous co-
ordinate location of kpyy; in camera Viewn4i. As shown
in Fig. 2, the [R"! Ti™'] s initiated by homogeneous
matrix estimating between Pty and kpyy1 with RANSAC
algorithm and optimized with variational functional. Given

initial 7~ € [Rini Tinit] | considering an energy functional:

B[T] = /Q IT DV Fsp(x) = DV Fop()|ladz  (4)

The €2 defines the domain of the independent variable and
it’s related to the definition of x. Here x is defined as the
tensor of the displacement field with respect to the mapping
of the coordinates, while Vx can be denoted as the magnitude
of the displacement field. Here the formula || 7« DV Fzp(x)—
DV Fyp(x)]|2 is denoted as F (7). To achieve the extremum
of the functional E[T], the function F(7) must satisfy the
Euler-Lagrange equation under the following condition.

OF /0y — d/dx(OF/9y') = 0 (5)

Here the gradient descent method is used to solve the
equation, by calculating the gradient of the energy functional

E[T] with respect to y. It can be indicated convergence when
the change of the energy functional E[7] is less than the
threshold, and the corresponding OF' is the minimum function
yielding from the optimization.

To improve computational efficiency, during training step
the original 3D displacement field of size (h,w, 1) is mapped
and obtained by stacking the channels to high dimensional
feature space with size (h/8,w/8,64), while for further in-
tuitive understanding, it is mapped to (h,w,1) during pre-
sentation. The example of 3D and 2D displacement field and
corresponding displacement field variational optimization in
Scared [4 1] dataset and C3VD [42] dataset are shown in Fig. 3.
Specifically, in Fig. 3 the corresponding displacement fields
are presented with different transformation changes in camera
poses: the planar translation on XY-plane of LCCS shown in
row D1KI1; the z-axis longitudinal translation of LCCS shown
in row desc_t4_a; the z-axis rotation of LCCS shown in row
D2K3. The column (a) represents the display of optimized
3D displacement field DV F34(Z, ¥, Z) and its corresponding
optimized 2D vector projection on XY-plane, the x axis and
y axis represent the corresponding LCCS x_3d and y_3d, re-
spectively.The value of z axis is taken as a negative number for
better visual results. And the basic unit of length is millime-
ters(mm). The column (b) represents DVF?f’;e”l(ﬂ'7 ¥) from
DV F54(%,y,Z) with optimized pose transformation, which
demonstrates the planar movement vector of the same feature
point between interframes, and the color distribution of each
two-dimensional vector represents its corresponding scalar
value from lime to indigo. The column (c) displays the 3D-
2D displacement field variational optimization. The set of red
vector arrows represents the ground truth DVFgf’;(ﬂ', ¥) and
the set of green vector arrows represents the DV F} ) “d(q,7),
and the basic unit of length is pixel. To specifically illustrate
the vector filed distribution results, some figure details are
presented with a locally magnified manner in (b) and (c).
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Fig. 3. The visualization of three transformation changes in camera poses
under LCCS (D1KI1: XY-planar translation, desc_t4_a: z-axis longitudinal
translation, and D2K2: z-axis rotation). (a) shows the optimized 3D dis-
placement field and the corresponding 2D vector projection on XY-plane;
(b) represents the 2D displacement field demonstrates the planar movement
vector of the same feature point between interframes, and the color distribution
of each two-dimensional vector represents its corresponding scalar value
from lime to indigo; (c) indicates the display of 3D-2D displacement field
optimization. The red arrow represents the ground truth of 2D displacement
field in (b) and the green one represents the 3D displacement field with
optimized pose transformation in (a).

With 2D-3D displacement field variational optimization
step, the initial transformation between interframes Viewy
and Viewpn 1 is obtained. Different with the original gaussian
splatting architecture[11], the global camera poses are replaced
with the relative camera poses under the transformation in
LCCS of current gaussian model. Given former gaussian model
Grorm in Viewy, assuming the transformation of G forym, €
Viewy is identity rotation matrix with zero translation, and
the local camera pose transformation of Viewy — Viewn
is [Ryec Tyee)- Thus, as the displacement field variational
optimization step shown in Fig. 2, the gaussian model trans-
formation of G yorm — Gopt can be formulated as:

[Ia Y, Z] = [RvTec - Rgec * TUEC} * [Iﬂ Y, Z]fm’m (6)

Where [z, y, 2] form denotes the location gaussian model in
LCCS, and in Fig. 2 the green ellipsoid represents the original
gaussian model in Viewy, the red ellipsoid represents the
transformed gaussian model in Viewpny;. With the function
of gaussian raster rending f,gster, the rendered frame can be
formulated as

I;\;ﬁliier = fraster (Gopt)

= fraster([Rfec - Rfec * Tvec] X Gopt)

The next frame % 41 With L2-norm is set as supervision
function in Viewpn 41, and the final loss function of Interframe
Pose Estimation can be formulated as:

L= (min(| I3 I3 ) IR T) ®)

The optimized matrix R,y and T, represent the local
gaussian model transformation between G form, and Gope in
LCCS of Viewpny1, which can fulfill continuous transform
optimization with sequential frames flow.

(7

B. Dynamic Gaussian Growing Module

The original gaussian splatting method [ 1] mainly focuses
on the initial point cloud extracted from the SfM preprocess-
ing, and the camera pose matrices are based on the coordinate
system of the initial point cloud. Therefore, the process of
training the gaussian model can be seen as the simulation
of object capturing in real-world, which also means the new
render frame is obtained and gaussian model is trained by
transforming the viewpoint position while remaining model
static. In [12]-[14], the work of endoscopic reconstruction
based on gaussian splatting is also based on the approach of
static gaussian model & dynamic camera pose, which heavily
relies on the initial point cloud as well as camera pose data.

In contrast to the aforementioned approach, a dynamic
gaussian growing strategy with differential gradient field opti-
mization is proposed to release the reliance on the initial point
cloud and generate new views of gaussian within constrained
field of camera view. The overall architecture of the module
is shown in Fig. 4.

During each view a DPT pretrained network is used to
predict the depth map as prior, and set it as initial local
supervision for current view of gaussian model. Therefore,
the gaussian model can be grown through corresponding depth
map in constrained area of current view. The gaussian model
is defined based on LCCS and each gaussian location will
be transformed with camera pose moving, which means the
pose matrix of current gaussian model is always the identity
matrix in current camera coordinate system. When gaussian
model is transformed from Viewy to Viewn 41, there should
be regions of model deficiency on the raster view due to the
incompleteness of the initial gaussian model. As shown in
Fig. 4, on the rendered image the corresponding representa-
tion would be the appearance of empty regions. Thus, the
growth of the gaussian model can be achieved through the
synthesis of the new viewpoint. For new blank region, at first
a DTP pretrained network is used to output local depth map
Depthy41 from Iniq as supervision, then the Depthy i1
is normalized to 0-1 and converted into local pointcloud
Ptsy41, based on the previous mask of the blank regions,
the initial xyz coordinates of the new gaussian point set can be
obtained. Since the previous gaussian model has already been
transformed to the current camera viewpoint, in other words,
the corresponding pose transformation matrix is the identity
matrix, and the new initialized gaussian positions can be
automatically aligned with the previous gaussian coordinates.
The new gaussian initialization is shown with green color in
Fig. 5, the «, 6 and ~ denote the initial radius of the gaussian
distribution, and the rest parameters can also be initialed
alone with the corresponding spherical harmonics, opacity
and rotation. Different with the original gaussian model in
[11], the proposed gaussian model designed in this paper not
only retains the original feature parameters, but also added
a novel parameter called the gradient optimization direction
VeCoptimize for differential gradient field optimization.

Regarding the refinement of the generated gaussian model,
since the new growth local gaussian set in the current view-
point Viewn 1 are generated based on 2D planar points. The
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calculation is show below:

Ptsyy1 = Z ([u2d; v2d, Zdepth] X K * coordspyw)  (9)

Where ugq, V24, Zdeptn Tepresent the local depth points, K
represents the camera intrinsic matrix, and coordsy,, repre-
sents homogeneous coordinate map, which only relies on the
dimensions of image. The projected coordinates usp and vsp
on the plane are absolutely accurate, therefore the parameter
that needs to be optimized can be optimized as a single zgeptn
value during the training process. And the optimized Zgepin
is the local depth value under the current viewpoint, whose
optimized direction is kept consistent with current camera
viewpoint direction (identity matrix).

When the gaussian model undergoes the next stage of
growth, due to the occurrence of gaussian changes, the
optimized direction of the zgepin in the previously grown
gaussian model will be transformed to a new direction, and
its transformation matrix is associated with the new gaussian
model transformation matrix. Therefore, based on gaussian

z_depth

VeCN,Z z_depth

Cn-1

Fig. 6. Example of different gradient directions of local gaussian set to be
optimized under camera viewpoints Viewy, Viewy_1 andViewpn _o. The
red arrows represent the descending direction of the gradients. Each rectangle
represents the normal plane which is perpendicular to the gradient of the
voxel.

differential rastering, a differential gradient field is established
for optimizing the XYZ of gaussian along with each gradient
vector direction. The example of differential gradient field to
be optimized in different camera viewpoints is shown in Fig. 6.
Since the gradient of the field is derived from a finite number
of gaussians, in essence it’s only differentiable locally with
discrete representation. The formula for the new optimized
field direction is as follows:

=0
Zdepth __ Zdepth N—1i N—1 T
vecy =UVeCn_p * H [Roptimized Toptimized] (10)
i<n

The example visualization of gaussian growth with differen-
tial gradient field optimization is shown in Fig. 7. (a) demon-
strates the comparison of xyz surface differential gradient field
optimization in local gaussian set growth between Viewy,
Viewpn_1, and named Gi\;z, Gi\gle. (b) shows the difference



Fig. 7. The visualization of gaussian growth with differential gradient field
optimization between interframes. (a) presents the dynamic changes of the
gaussian point set; (b) presents the 3D graph of the difference differential
gradient map of each voxel point in the XY plane of the LCCS.

differential gradient map of local gaussian growth where larger
values indicate a higher gradient rate.

With sequence frame flows in, the proposed module can
traverse and optimize all of the local gaussian set that appear
within the field of view as much as possible. Meanwhile, dense
property would appear due to the generated local gaussian set
is based on pixel points, a novel scale activation function is
designed to replace the original gaussian scale activation func-
tion to accommodate the dense property. Aiming to achieve
lower radius threshold through slower learning rate, thereby
reducing the radius of the gaussian ellipsoid to generate more
refined results. The proposed activation function formula is as
follows:

f(@) = 1/4 % (e + In(1 - z)) an

The loss function is designed as a combination of the
raster supervision and depth supervision function. The raster
supervision loss function is set as the PSNR similarity to
generate outputs that maximize the image similarity measure.
The formula is as follow:

ﬁpsNR =10 x lOglo(Mal‘(IN)/MSE(IN)) (12)

Due to the occurrence of gaussian changes, the depth su-
pervision loss function is designed with different optimization
directions of gaussian models under each viewpoint. Addi-
tionally, the training directions of the same gaussian point
set under different viewpoints shall change according to the
gaussian transformation during the training process, and the
transformation method has already been described in Equ 10.

For a subset of the gaussian model corresponding to one
single growth iteration, firstly the point clouds optimization
function is as follows:

[P opt = D, ([U2D, 02D, Zdeptn] X K * coordspxw) (13)

Then the loss function of the subset estimation depth map
can be represented as:

b_N N Mask
lsﬁtep_th =/Raster_depth (Gn(zyz € fPts_opt)) * Iy *°

14
— Depthy * IM sk (1

Where I 2% represents the bool mask map under cur-
rent viewpoint, which filters out the growth gaussian models

. . . Z
consisting with vecl\?e“h, and fRraster_depth Tepresents the

Viewg View; Viewy_, )
— Forward- > Backward- Interframe Pose Dynamic Gaussian
Reconstruction Optimization Estimation Growing

Fig. 8. The architecture of sequential scene reconstruction with “forward-
reconstruction & backward-optimization”.

differential gaussian rasterization of depth map. Therefore, the
total modified depth supervision loss function can be denoted
as:

=0
Ligih = D 1pepin" (15)
n<N
And the final loss function can be denoted as:
L= Lpsnr + LY, (16)

C. Sequential Scene Reconstruction Architecture

In order to acquire gaussian reconstruction frame-by-frame
without SfM prior, based on the two proposed modules
above, a novel unconstrained sequential gaussian reconstruc-
tion framework is constructed with “Forward-Reconstruction
& Backward-Optimization” (FR&BO) strategy. Different with
the original 3D gaussian splatting, the proposed architecture
can support continuous frames input with scalability, the
overall architecture of sequential scene reconstruction is shown
in Fig. 8. In the architecture, one epoch contains the complete
forward reconstruction and inverse optimization process by
iterating the sequence frames twice.

First Frame Initialization. For the initial frame, the view-
point is initialized into the LCCS of the first frame, and the
corresponding point cloud Pts;,;; is calculated from depth
map with Formula (1). The xyz of gaussian model is initialed
with the point cloud Pts;,;, and the spherical harmonics SHS
parameter is initialized with the RGB value of the frame. The
SHS contains the main feature color feature_dc and the rest
feature color feature_rest, and the formula is as follow:

SHS = feature_dc & feature_rest 17

Forward-Reconstruction. During the forward process of
sequential order video frame, with the help of IPE and DGG,
the interframe poses are estimated and new local gaussian
sets are grown for Viewy — View;, View; — Views ...
and Viewy_1 — Viewy. The forward reconstruction process
aims to maintain the integrity of the reconstruction process as
much as possible.

Backward-Optimization. During the backward process
of sequential order video frame, since the estimated poses
represent the transformation matrices between every double
interframes, and the current gaussian model G is in the LCCS



of Viewp, it’s not feasible to perform repeated operations
directly from viewpoint Viewy. The gradients of the gaussian
model need to be guaranteed continuous during the training
process. Therefore, it’s a feasible approach to achieve cyclical
training by reversing the order of the video frames, and
the backward training orders are: Viewy — Viewn-_i,
Viewy_1 — Viewny_s, ... , and View; — Viewgy. The
backward optimization process aims to perform optimization
on the estimated gaussian parameters during the forward
reconstruction process and back-propagate the gradients.

IV. EXPERIMENT AND RESULTS
A. Experiment Settings

1) Datasets Detail: The proposed network is evaluated on
two public available datasets: the stereo correspondence and
reconstruction of endoscopic dataset (Scared) [41] and the
colonoscopy 3D video dataset (C3VD) [42].

Stereo Correspondence and Reconstruction of Endoscopic
Dataset: For Scared dataset, the original frames and depth
maps were obtained using the da Vinci Xi surgical robot.
The dataset consists of 7 training datasets and 2 testing
datasets with a resolution of 1024 x 1280 pixels. Each dataset
corresponds to a single porcine subject and contains between
4 and 5 keyframes. And one keyframe is a single unique view
of the scene where the structured light pattern was projected
into the field of view of the camera and a dense stereo
reconstruction was computed [41]. For all of the keyframes in
each dataset, where 80 percent of random picked keyframes
are used for training, and the remaining 20 percent are
used for validation. The resolution of the original frame is
downsampled into 480 x 640. In this paper, four distinct
sequences (“dataset_1, keyframe_1”, “dataset_2, keyframe_3",
“dataset_4, keyframe_2” and “dataset_8, keyframe_1") are
selected for example visualize demonstration.

Colonoscopy 3D Video Dataset: For C3VD dataset, the
original frames are acquired with a high definition clinical
colonoscope and high-fidelity colon models for benchmarking
computer vision methods in colonoscopy. In total, 22 short
video sequences are registered to generate 10,015 total frames
with paired ground truth depth, surface normal maps, optical
flow, occlusion, six degree-of-freedom pose, coverage maps,
and 3D models. The dataset also includes screening videos
acquired by a gastroenterologist with paired ground truth pose
and 3D surface models [42]. The ratio of the training set as
well as the validation set is consistent with the aforementioned
Scared. The resolution of the original frame is down-sampled
into 480 x 675. In this paper, four distinct sequences (“‘cecum,
cecum_t2_a”, “desc, desc_t4_a”, “sigmoid, sigmoid_t3_b” and
“trans, trans_t1_a”) are selected for example visualize demon-
stration.

2) Evaluation Metrics: For a comprehensive quality as-
sessment of comparative view synthesis, the proposed method
is evaluated in four aspects several common metrics. For novel
view synthesis, following the previous methods [I1]-[13],
[32] Peak Signal-To-Noise Ratio (PSNR), Learned Perceptual
Image Patch Similarity (LPIPS), specifically the VGG loss
[43] and Structural Similarity Index Measure (SSIM) [44] are

selected as evaluation metrics. For relative pose evaluation,
since current methods do not include the relative pose cal-
culation step, in this paper only the proposed relative pose
estimation metrics is exhibited and ground truth. The standard
visual odometry metrics is used, which including the Absolute
Trajectory Error (ATE) and Relative Pose Error (RPE). The
estimated trajectory is aligned with the ground truth with 6
degrees of freedom.

3) Compared Methods: The DG-3DGS is evaluated with
four relevant methods: the modified 3D gaussian splatting
(3DGS*) approach [11]; the monocular endoscopic scene
reconstruction with 4D gaussian splatting (Endo4DGS) [12];
the realtime dense reconstruction and tracking in endoscopic
surgeries nursing gaussian splatting (EndoGSLAM) [32] and
the realtime gaussian splatting for dynamic endoscopic scene
reconstruction (EndoGaussian) [13]. The different training
strategies of all the compared methods are briefly introduced
as follows. The 3DGS* is based on the standard reconstruction
baseline and contains the classical gaussian render and raster
approach. Since the Colmap pipeline from the original 3DGS
cannot complete the initialization to generate initial point
cloud. Therefore, the input method of the 3DGS approach
is modified by directly using the initial point cloud and
pose ground truth as the initialized data. Theoretically, this
approach has better advantages, and it will be marked as
3DGS* in the following discussions. The Endo-4DGS uti-
lizes lightweight MLPs to capture temporal dynamics with
gaussian deformation fields and obtain a satisfactory gaussian
initialization by generating pseudo-depth maps as a geometry
prior with Depth-Anything [45], the provided depth map from
original datasets is used for the ground truth input. The
EndoGSLAM integrates streamlined gaussian representation
and differentiable rasterization to facilitate high rendering
speed during online camera tracking and tissue reconstructing.
The EndoGaussian contains holistic gaussian initialization
(HGI) and spatio-temporal gaussian tracking (SGT), to handle
the non-trivial gaussian initialization and tissue deformation
problems, respectively. To make a fair comparison to methods
which are ready to be tested, for each dataset the networks are
used with the same training and validation data. During each
test sequence, use the default hyperparameters in the original
implementations for all of the baselines.

4) Implementation Details: The entire proposed network is
trained using AdamW [46] optimizer with initial learning rate
of 1x 107, the AdamW decay parameter is set 0.1 and adopt
linear learning rate warming-up strategy after 2000 steps. The
learning rate scheduler is set multistepLR with gamma 0.5.
The batch size is set 1 on RTX 3080Ti GPU with 10 epochs.
The original endoscopic image size is set to (480 x 640 x 3)
with RGB format. For depth map period, the DPT pretrained
network [47] is used to output the relative local depth es-
timation results, and the dual-correlate optimized coarse-fine
feature matching network [40] is used for interframe keypoints
matching and output distributed matches uniformly.

B. Comparison with Related Methods

In this subsection, the DG-3DGS is compared with several
baselines mentioned above on new view synthesis and relative



TABLE I
THE COMPARISON RESULTS OF PSNR, SSIM AND LPIPS ON SCARED DATASET FROM DATASET_1 TO DATASET_9. EACH DATA SET CONTAINS
KEYFRAMES FROM 1 TO 4, AND THE EVALUATION METRICS UNDER 20% EVAL FRAME VIEWPOINTS ARE COLLECTED.

scenes Endo4DGS [12] 3DGS* [11] EndoGSLAM [32] EndoGaussian [13] DG-3DGS
PSNRT SSIM{ LPIPS| PSNR{ SSIM{ LPIPS| PSNR{ SSIM{ LPIPS| PSNR{ SSIM{ LPIPS| PSNRT SSIM{ LPIPS]
Dataset_1  16.56 0.5096 0.4299 24.13 0.6893 02093 1598 04222 0.5213 2129 0.6463 04247 2435 09747 0.1556
Dataset 2 12.19 04802 0.6062 24.81 0.6624 03702 1239 04100 0.5905 13.28 04664 0.6157 2227 0.9617 0.2554
Dataset_ 3 11.87 0.4253 0.5812 22.66 0.6075 0.3196 11.61 0.3398 0.5906 16.19 0.4894 0.5631 2220 0.9550 0.2216
Dataset_ 4 15.74 0.6061 0.4535 2475 0.7701 0.2754 1481 0.5662 0.5172 18.20 0.6618 0.5045 25.79 0.9788 0.1519
Dataset_ 5 16.50 0.5565 0.4455 20.29 0.6694 0.3990 14.64 0.5204 0.5147 1843 0.6194 0.4788 2142 0.9472 0.2419
Dataset_ 6 1639 0.6265 0.4741 24.29 0.7900 0.3665 1531 0.6071 0.5271 1840 0.6968 0.5203 23.65 0.9713 0.2514
Dataset_7 13.71 0.5433 0.5244 2440 0.7557 0.3469 1431 0.5054 0.5462 1536 0.5272 0.5621 23.73 0.9487 0.2734
Dataset_8 1635 0.5691 0.4598 25.37 0.7691 0.2971 16.58 0.5665 0.5003 20.09 0.6784 0.4995 25.61 0.9730 0.1684
Dataset 9 13.58 0.3940 0.6507 2249 0.5579 03372 13.06 0.2854 0.6160 1447 0.3186 0.6529 22.63 0.9551 0.2442
Mean 14.81 0.5279 0.5105 23.68 0.7011 0.3259 1433 04761 0.5450 17.37 0.5736 0.5337 23.55 0.9628 0.2182
Endo4DGS EndoGSLAM 3DGS* EndoGaussian DG-3DGS(Ours) GT

D4K2 D2K3 D1K1

D8K1

Fig. 9. The visualization of qualitative 3D reconstruction results of Endo4DGS, EndoGSLAM, 3DGS*, EndoGaussian and DG-3DGS (ours) from Scared
dataset, the GT represents the sparse point clouds extracted from original sense data with voxel rendering. The example results are reported including dataset_1
keyframe_1(D1K1), dataset_2 keyframe_1(D1K1), dataset_4 keyframe_2(D4K2), dataset_8 keyframe_1(D8K1).

pose estimation.

1) Results on Scared dataset: A comprehensive com-
parison of the DG-3DGS is conducted with state-of-the-art
approaches for abdominal cavity scene reconstruction. The
comparison results on Scared from dataset_1 to dataset_9 are
reported in Table I. Upon analysis, the DG-3DGS outperforms
the others across most of metrics consistently. For Endo4DGS,
EndoGSLAM and EndoGaussian, due to limited viewpoints
or low accuracy of initial point cloud, the view reconstruction
after model training may exhibit uneven gaussian distributions,
significant distortion, or excessively large radii, resulting in
poor image quality. In terms of 3DGS¥*, since the provided
initial point cloud and pose matrices data are both derived
from the ground truth without Colmap initialization, the re-

construction results largely depend on the ground truth data.
Therefore, the value of PSNR under several viewpoints does
not outperform those of 3DGS*.

Analyzing from specific detail prospectively, the Scared
dataset contains more limited camera views, whose motion
trajectories are mainly located on the XY-plane of LCCS.
The shortage of multi-view supervision results in lacking
effective bundle adjustment (BA) as well as richer multi-view
representations of the gaussian model. In contrast, with the
help of DGG proposed above, the DG-3DGS can achieve
interframe bundle adjustment reprojecting optimization and
supervise the coordinates of the generated point cloud of
gaussian model with monocular depth map priors. As is shown
in Table. I, the DG-3DGS can achieve higher SSIM scores
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The original region

Fig. 10.
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EndoGaussian DG-3DGS(Ours) Ground Truth

O The zoom-in region

The visualization of qualitative 2D rendering results of Endo4DGS, EndoGSLAM, 3DGS*, EndoGaussian and DG-3DGS from Scared

dataset. The example results are reported including dataset_1 keyframe_1(D1K1), dataset_2 keyframe_1(D1K1), dataset_4 keyframe_2(D4K2), dataset_8

keyframe_1(D8K1).

together with lower LPIPS scores.

The qualitative 3D reconstruction results are presented in
Fig. 9. From the figure it can be observed that compared
with the reconstruction results of other methods against the
GT sparse point clouds, the DG-3DGS can demonstrate
more refined reconstruction outcomes with complete gaussian
model. Followed with the original 3DGS*, the Endo3DGS,
EndoGSLAM and EndoGaussian mainly maintain the gaus-
sian training pipeline with Pruning and Split strategy, which
mainly relies on enough view points to establish multi-view
geometry constraint. Due to the constrained field of views,
it’s difficult for this strategy to conduct gaussian XYZ location
constraint, lacking geometry supervision under multi-view
during training. Compared with the related work, with the help
of differential gradient field optimization in DGG, the gaussian
gradient tensor can be optimized to a clear direction without
random gradient descending. By establishing the gaussian
differential gradient field, it’s possible for optimizer to search
for the lowest descending locations under geometry constrains.
In fact, due to the narrow space of endoscope scene, during
training the directions of gaussian gradients are mainly located
on the XY plane, gaussian tends to be optimized along with
the tensor perpendicular to z-axis. By adopting the pixel-level
gaussian dynamic grow strategy, the occurrence of holes is
reduced on the surface of reconstruction results. The example
rendering results of each method are reported in Fig. 10. In
this figure the render images with zoom-in detail are presented
under eval frame viewpoints, and it can be shown that the
DG-3DGS can generate clearer images and sufficient texture
details compared to other methods. With the function of DGG,

because of the consistency between optimized direction and
current camera viewpoint direction, the gaussian ellipsoid is
constrained within a local range while ensuring the gaussian
ellipsoids exhibit different spherical harmonics from different
viewpoints. Therefore, it’s possible for DG-3DGS to raster
more detailed and accurate render results compared with the
others.

2) Results on C3VD dataset: A comprehensive comparison
of the DG-3DGS is conducted with state-of-the-art approaches
for rectum scene reconstruction and report the comparison
results on C3VD in Table II. The C3VD dataset contains 4
sub-data labeled as cecum, desc, sigmoid and trans. Upon
analysis, the DG-3DGS still outperforms the others across
most of metrics consistently. For EndoGSLAM, 3DGS*, En-
doGSLAM and EndoGaussian, the PSNR and SSIM evaluation
metric shows relatively low performance, and the LPIPS score
perform higher compared with the DG-3DGS, which means
lower render quality. Similar with the experiment on Scared
dataset, during evaluation of the 3DGS*, the provided initial
point cloud and pose matrices data are both derived from the
ground truth without Colmap initialization, and the quantita-
tive analysis shows that the DG-3DGS still outperforms the
3DGS* across most of metrics consistently.

Different with the Scared dataset, the clinical scenes of
C3VD dataset come from inside the rectum. The camera
motion trajectories primarily follow the internal motion along
the rectum, Therefore, its movement directions are mainly
restricted to the z-axis of LCCS. Similarly, it’s challenge to
process BA under such limited viewpoints without accurate
pose period. The qualitative 3D reconstruction results of



TABLE I
THE COMPARISON RESULTS OF PSNR, SSIM AND LPIPS ON C3VD DATASET. EACH DATATSET CONTAINS VARIOUS KEYFRAMES AND THE EVALUATION
METRICS UNDER 20% EVAL FRAME VIEWPOINTS ARE COLLECTED.

11

scenes Endo4DGS [12] 3DGS* [11] EndoGSLAM [32] EndoGaussian [13] DG-3DGS
PSNRT SSIM?T LPIPS| PSNRT SSIM? LPIPS| PSNR{ SSIM{ LPIPS| PSNRT SSIM{T LPIPS| PSNRT SSIM? LPIPS|

Cecum  19.32  0.7595 0.4675 20.05 0.8217 03615 17.52 0.6902 04797 17.58 0.7468 0.5262 21.03 09091 0.3475

Desc 1638 0.6988 04264 19.10 0.8135 03667 15.11 0.6247 04693 16.14 0.7054 04642 16.81 0.8769 0.3831

Sigmoid 19.34 0.7567 04065 21.06 0.8331 0.2957 17.51 0.6652 04750 17.76 0.7522 04947 22.149 0.9118 0.3064

Trans  18.10 0.7784 03622 1991 0.8340 03078 18.50 0.7084 04230 16.63 0.7579 04878 2212 0.9651 0.2550

Mean  18.63 0.7615 04121 20.12 0.8282 03329 17.71 0.6874 04562 17.14 0.7489 0.5006 21.34 0.9286 0.3068

3DGS* EndoGaussian DG-3DGS(Ours) GT

o

Endo4DGS

EndoGSLAM

Fig. 11. The visualization of qualitative 3D reconstruction results of Endo4DGS, EndoGSLAM, 3DGS*, EndoGaussian and the DG-3DGS from C3VD
dataset, and the GT presents the sparse point cloud provided from original data with voxel rendering. The example from four sample cases are reported:
cecum_t2_a(Cecum), desc_t4_a(Desc), sigmoid_t3_b(Sigmoid), trans_t1_a(Trans).

Endo4DGS

Sigmoid Desc Cecum

Trans

EndoGSLAM

3DGS*

EndoGaussian

DG-3DGS

The original region O The zoom-in region

(Ours)

Ground Truth

Fig. 12. The visualization of qualitative 2D rendering results of Endo4DGS, EndoGSLAM, 3DGS*, EndoGaussian and the DG-3DGS from C3VD dataset, and
the GT presents the sparse point cloud provided from original data with voxel rendering. The example from four sample cases are reported: cecum_t2_a(Cecum),

desc_t4_a(Desc), sigmoid_t3_b(Sigmoid), trans_t1_a(Trans).



C3VD are reported in Fig. 11. Compared with the other results,
the DG-3DGS can generate more detailed and high-quality
reconstruction gaussian models. Similar with the results on
the Scared dataset, the other methods tend to optimized the
gaussian ellipsoids with random gradient directions, resulting
in unreasonable radius of gaussian ellipsoids and lacking
geometry supervision under multi-view. In DG-3DGS, the
gaussian gradient tensor can be optimized to a clear direction
without random gradient descending with differential gradient
field optimization, and more reasonable gaussian ellipsoids can
be optimized to guarantee the detailed gaussian model. The
example rendering results of each method are also reported in
Fig. 12. In this figure the render images with detail under eval
frame viewpoints are presented, and it can be shown that the
DG-3DGS can generate clearer images and sufficient texture
details compared to other methods. The zoom-in view of the
local details shown in the image indicates that the DG-3DGS
is more beneficial for generating texture details of the cecum
wall. Compared with the Scared dataset, the reconstruction
process is mainly focused on the motion along with z-axis
in LCCS of C3VD dataset. Therefore, the requirements for
high-accurate camera pose are the primary influencing factors.
In DG-3DGS, the IPE module can generate more accurate
relative camera pose compared with the others, and transform
the gaussian model continuously to align with the current
LCCS to avoid absolute pose errors. Therefore, there are more
detailed and accurate gaussian rendering results in DG-3DGS
compared with the others.

3) Relative pose estimation: The relative pose estimation
accuracy against ground truth poses of Scared and C3VD are
reported in Table 3. RPEt represents the root mean square error
of the translation part in pose estimation, which measures the
difference between estimated translation and actual translation
over a series of time steps. RPEt is commonly used to evaluate
the translation accuracy between consecutive frames. PREr
represents the root mean square error of the rotating part
in pose estimation. Similar with RPEt, RPEr measures the
difference between estimated rotation and actual rotation over
a series of time steps, typically used to evaluate the rotation
accuracy between consecutive frames. ATE represents absolute
trajectory error, which measures the difference between the
estimated trajectory and the actual trajectory. ATE is eval-
vated by calculating the point-to-point distance between the
estimated trajectory and the actual trajectory, typically used
to assess the accuracy of overall pose estimation. Since the
DG-3DGS implies the relative pose estimation for interframe
transformation, each pair of pose matrix is calculated based
on the LCCS of previous frame as baseline. Compared to the
Colmap-Based pipeline, the proposed IPE pipeline demon-
strates superior performance across various evaluation metrics,
which relies entirely on the estimated absolute poses and
point clouds without using Colmap or ground truth poses for
assistance during training.

We further present the visualization of local camera poses
estimation results extracted from example cases in Fig. 13.
The horizontal color bar represents the rotation matrix errors
corresponding to different frames, obtained by converting them
to rotational Euler angles to derive the angular errors relative to

TABLE III
THE EVALUATION OF POSE ACCURACY ON SCARED AND C3VD BETWEEN
IPE AND COLMAP-BASED PIPELINES. THE UNIT OF RPER IS IN DEGREES,
ATE 1S IN THE GROUND TRUTH SCALE AND THE UNIT OF RPET IS PIXEL
WITH 100 SCALING.

IPE Pipeline
RPEt] RPEr| ATE]
0.1777 0.0020 0.1774
0.3719 0.0066 0.3715
0.2125 0.0044 0.2125
0.2441 0.0029 0.2439
0.2959 0.0057 0.2958
0.3611 0.0040 0.3613
0.2899 0.0051 0.2898
0.2395 0.0021 0.2393
0.2896 0.0041 0.2896
0.2758 0.0041 0.2757
0.1638 0.0136 0.1637
0.2433 0.1728 0.2426
0.0984 0.0136 0.0984
0.2322 0.0042 0.2316
0.1844 0.0511 0.1841

Colmap-Based Pipeline
RPEt] RPEr| ATE]
0.9855 1.9952 0.9859
1.2008 2.0113 1.0323
1.0552 2.0603 1.0397
1.0435 2.0584 1.0465
1.0440 2.1246 1.0537
1.0998 1.9563 1.0627
1.0585 2.0213 1.0744
1.0582 2.0050 1.1045
1.0628 2.0434 1.2022
1.0665 2.0316 1.0664
0.9855 2.0959 0.9856
0.9082 0.9082 0.9082
1.0153 2.1062 1.0152
1.0764 2.0487 1.0766
1.0202 2.0349 1.0204

dataset scenes

Dataset_1
Dataset_2
Dataset_3
Dataset_4
Dataset_5
Dataset_6
Dataset_7
Dataset_8
Dataset_9
Mean
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C3VD Sigmoid
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— &t 05
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Fig. 13. The visualization of local camera poses estimation extracted from
Scared and C3VD with different example cases. The unit of translation is
millimeter (mm) in LCCS, and the unit of rotation is degree.

the ground truth rotation angles. From this figure it can be seen
that the variations of the relative pose are very close to those
of the ground truth, which provides significant assistance for
the subsequent viewpoint localization and reconstruction. The
rotation matrix errors primarily concentrated in some scattered
frames, and there are little impact on the accuracy of overall
gaussian reconstruction.

4) Ablation Study: To comprehensively verify the effects
of the core architecture design on the DG-3DGS, we conduct
the ablation experiments under specific conditions. The detail
conditions are as follows, which keep the same setting and
training strategies and test on the Scared dataset. The com-



parison results is presented in Tab. IV, and the qualitative 3D
reconstruction results of Scared are reported in Fig. 14.

TABLE IV
THE COMPARISON RESULTS OF PSNR, SSIM AND LPIPS BETWEEN
ABLATION EXPERIMENTS ON SCARED AND C3VD DATASETS.

dataset eval metrics w/o IPE w/o DGG w/o SSR DG-3DGS

PSNRT 20.80 20.61 21.24 23.55
Scared SSIM7T 0.9380  0.9186 0.8588 0.9628
LPIPS] 0.2644  0.3524 0.3264 0.2182
PSNRT 21.03 20.18 20.42 21.34
C3VD SSIM7T 0.9040  0.9126 0.8978 0.9286
LPIPS] 0.3312  0.3123 0.3272 0.3068
wio IPE w/o DGG wio SSR DG-3DGS

The original region Q The zoom-in region

Fig. 14. The visualization of qualitative 3D reconstruction results of w.o. IPE,
w.0. DGG, w.o. SSR and DG-3DGS on Scared D1K1 and C3VD trans_tl_a
senses.

(a) W/o Interframe Pose Estimation.

The Interframe Pose Estimation module is replaced by the
classical local pose transform estimation method based on
SIFT/RANSAC. Each transformation matrix is based on the
previous frame image as the reference coordinate system with
consistent global scale maintaining. The result shows that the
PSNR and SSIM decreases due to the lack of pose estimation
accuracy, resulting in the rendering sense shifts.

(b) W/o Dynamic Gaussian Growing.

The dynamic gaussian growing module is replaced by the
original density and prune function proposed from the original
3DGS [1 1], this method achieves gaussian filling by separating
existing large-scale gaussian ellipsoids and generating new
gaussian models. The result shows that due to the lack of
multi-view supervision in training process, the density and
prune function can’t fully perceive the 3D structural infor-
mation of the scene, and the LPIPS increases compared with
DG-3DGS.

(c) W/o Sequential Scene Reconstruction.

The standard gaussian training strategy with random sense
view sampling are used during training process, and the
gaussian model is frozen with transforming relative poses into
absolute poses. The result shows that the PSNR, SSIM and
LPIPS still fails to exceed the metric of DG-3DGS. Without
sequential scene reconstruction architecture, the estimation of
relative pose will become quite challenging and the gaussian
model growth for new view will also face more difficulties.

V. CONCLUSION

In this work, to overcome the challenges of tiny pose
variation, constrained field of views and non-prior SfM in
monocular endoscopic scene reconstruction, an effective dy-
namic growing 3D gaussian splatting architecture called DG-
3DGS is proposed for high-quality reconstruction without
any pre-computed poses or SfM priors. A novel Interframe
Pose Estimation module is designed by learning and op-
timizing the variational gradients of gaussian rastering to
perform accurate tiny pose estimation. Based on differential
gradient field optimization, a novel Dynamic Gaussian Grow-
ing strategy is designed to perform new gaussian synthesis
within constrained endoscopic view. Combining these two
modules above, a novel 3D gaussian splatting architecture with
Forward-Reconstruction&Backward-Optimization strategy is
proposed to generate the gaussian model sequentially and
resolve the limitation of SfM prior. The improved relative
pose estimation and novel gaussian growing strategy lead
to better novel view synthesis quality and model geometry
reconstruction. The proposed DG-3DGS outperforms state-of-
the-art methods in quantitative (PSRN, SSIM and LIPIS) and
qualitative comparisons. It’s believed that the proposed method
will be an important step towards applying the unknown-pose
or non-SfM 3D gaussian splatting methods to more complex
clinical scenes in the future.
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