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Abstract— Estimating camera motion and continuously re-
constructing dense scenes in deformable environments presents
a complex and open challenge. Many existing approaches tend
to rely on assumptions about the scene’s topology or the nature
of deformable motion. However, these assumptions do not
hold true in medical endoscopy applications. To address these
challenges, we introduce DDS-SLAM, a novel dense deformable
semantic neural SLAM that achieves accurate camera tracking,
continuous dense scene reconstruction, and high-quality image
rendering in deformable scenes. First, we propose a novel
hybrid neural scene representation method capable of capturing
both natural and artificial deformations. Additionally, by lever-
aging the 2D semantic information of the scene, we introduce a
semantic loss function based on semantic distance fields. This
approach guides network optimization at a higher level, thereby
enhancing system performance. Furthermore, we validate our
method through a series of experiments conducted on several
representative medical datasets, demonstrating its superiority
over other state-of-the-art approaches. The code is available at:
https://github.com/IRMVLab/DDS-SLAM.

I. INTRODUCTION

Accurately estimating the camera’s pose and reconstruct-
ing dense anatomical tissue from endoscopic videos are vital
tasks in medical applications. For instance, in minimally
invasive surgery, surgeons face challenges due to the en-
doscope’s limited view and restricted movement [1], which
hinder the surgeon’s ability to observe and comprehend the
target tissue, thereby affecting the safety and success of
the procedure. Precise camera pose estimation allows for
identifying the spatial relationships between surgical tools
and critical tissue structures [2]. This enables surgeons to
avoid vital structures such as nerves, significantly minimizing
surgical risks. Furthermore, dense reconstructions enhance
the surgeon’s understanding of the anatomy and provide
precise scene geometry for tasks like intra-operative and
preoperative registration [2]. Dense visual SLAM offers a
cost-effective and efficient solution to meet these needs.

Visual SLAM fundamentally assumes a rigid environment,
which is insufficient in medical endoscopy because the
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Fig. 1. A demonstration of DDS-SLAM. Our method processes RGB
images, 3D depth priors, and semantic distance fields derived from 2D
semantic segmentation images as inputs. Through DDS-SLAM, we can
accurately track camera poses, perform dense reconstruction of deformed
scenes, and provide high-quality rendering results.

environment deforms over time. Although recent research
has significantly advanced the accuracy of visual SLAM
in deformable scenes [3]–[6], several key issues remain
unaddressed. First, there is the challenge of finding a reason-
able and universally applicable way to represent deformable
scenes. Some studies employ triangular meshes to model
deformed surfaces [5], but they rely on the assumption that
the scene’s surface has a planar topology, which is unsuitable
for tubular structures, such as colons. Other methods use
sparse point clouds [3], which do not adequately capture the
scene’s geometry in detail [7], [8]. Second, many existing
methods presume specific types of scene motion, such as
isometric or quasi-isometric deformation. However, these
assumptions often do not hold in real-world endoscopic pro-
cedures, particularly when surgical instruments interact with
soft tissues. Lastly, challenges such as lighting variations and
weak textures in endoscopic scenes significantly degrade the
performance of the visual SLAM data association module,
affecting the algorithm’s accuracy and robustness.

In this paper, we introduce DDS-SLAM, a dense,
deformable-aware, semantic neural SLAM designed for en-
doscopic videos that addresses above challenges. First, for
deformable scenes, we propose a novel hybrid neural scene
representation. It combines an explicit hash grid to model the
3D canonical space with an implicit multi-layer perceptron
for the 4D deformation field. Unlike traditional methods,
DDS-SLAM does not rely on assumptions regarding the
scene’s topology or the nature of its deformation. This
flexibility allows it to capture various types of deformations,
from natural physiological movements, such as breathing and
heartbeat, to artificial alterations caused by surgical instru-
ments interacting with soft tissues. DDS-SLAM provides a
universal representation of deformable scenes and delivers
continuous and detailed reconstructions by leveraging dense
geometric priors. Furthermore, DDS-SLAM constructs losses
through differentiable rendering, eliminating the reliance on
explicit data association. To enhance system performance
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further, we incorporate semantic information through a novel
loss based on semantic distance fields. Extensive experiments
on datasets featuring both artificial and natural deformations
demonstrate that DDS-SLAM surpasses existing state-of-the-
art algorithms in camera tracking accuracy and image ren-
dering quality. Our contributions are summarized as follows:

1) We present DDS-SLAM, a dense, deformable-aware,
semantic neural SLAM designed for medical endo-
scopic videos. It achieves high-accuracy pose tracking,
continuous dense scene reconstruction, and superior
image rendering quality.

2) We introduce a novel hybrid neural representation for
deformable scenes, modeling the 3D canonical space
and the 4D deformation field with an explicit hash grid
and an implicit multi-layer perceptron, respectively.

3) We propose a semantic distance loss to guide the
network optimization at a higher level and achieve
superior scene reconstruction results.

4) We conduct extensive evaluations on two challeng-
ing datasets with various types of deformations to
demonstrate the superior performance of our method in
comparison to existing ones. Ablation studies further
validate the effectiveness of our key contributions.

II. RELATED WORKS

SLAM in Endoscopy. Over the past decades, many
SLAM systems specifically developed for medical endoscopy
scenarios have emerged. To address the pose estimation inac-
curacies caused by weak textures and illumination changes,
works utilizing hardware-based approaches [9] or algorith-
mic solutions [2], [10] have been proposed. Additionally,
previous researchers have attempted to introduce semantic
information into endoscopic SLAM to identify or eliminate
dynamic points and enhance data association [11]. However,
visual SLAM relying on rigid assumptions tends to degrade
in deformable scenes. While efforts have been made to
overcome this issue [3]–[5], a universally applicable repre-
sentation of deformable scenes has yet to be established.
In this study, we propose a versatile deformable scene
representation method capable of addressing both artificial
and natural deformations in endoscopic scenes.

Neural Implicit SLAM. Neural implicit representation
is an emerging method for 3D scene modeling that utilizes
neural networks to capture both geometry and appearance.
Initially, iMAP [12] developed an RGB-D SLAM system
based on this neural implicit representation. Since then,
numerous neural implicit SLAM systems [13]–[16] have
emerged, addressing issues such as system forgetfulness,
memory usage, and slow optimization. While these develop-
ments are mainly tailored for static indoor scenes, the poten-
tial of neural implicit representation in medical endoscopic
SLAM remains largely untapped [17]. This study introduces
a dense deformable semantic neural SLAM, tailored for
endoscopic deformable scenarios, offering a novel solution
to the challenges faced in endoscopic SLAM.

III. METHODS

In Fig. 2, we illustrate the DDS-SLAM pipeline, which
comprises three key components: the deformable semantic
tracking thread, the deformable semantic mapping thread,
and the deformable scene representation module. Given
an input endoscopic image sequence {Ii}Mi=1 with known
camera intrinsics K, we perform dense deformable semantic
mapping and real-time tracking by jointly optimizing the
scene representation and camera poses by leveraging the
depth priors {Di}Mi=1 and semantic informations {Si}Mi=1.
Sec. III-A describes our hybrid neural deformable scene rep-
resentation approach, explaining how we model deformable
scenes using 3D canonical space and a 4D deformation field.
Sec. III-B details the rendering process, which transforms
the raw outputs of the deformable scene representation
into pixel-based colors, depths, and semantics. Sec. III-C
introduces the loss functions. Sec. III-D provides the details
of the localization and reconstruction of our SLAM system.

A. Hybrid Neural Deformable Scene Representation

In deformable scenes, the camera captures images from
only one viewpoint at each specific time instant. To tackle
the challenge of observation sparsity, maintaining intrin-
sic correlations across different time steps and effectively
sharing relevant information is crucial. Inspired by recent
advancements in dynamic neural radiance fields [1], [18],
we model the deformable scene as a combination of a 3D
canonical space and a 4D deformation field. The canonical
space encompasses the scene’s 3D geometry, appearance,
and semantic distance information. The deformation field
represents how the canonical space deforms over time.

Deformation Network. The deformation network Dθ

establishes a deformation field linking the scene at a specific
time to its representation in the canonical space. For any
sampling point x in the 3D space at time t, the deformation
network Dθ estimates the position offset ∆x between x and
its corresponding point in canonical space. Without loss of
generality, we set the scene at t = 0 as the canonical scene.
Formally, the deformation network can be expressed as:

Dθ(x, t) =

{
∆x, if t ̸= 0
0, if t = 0

(1)

To enhance the network’s detail capture, we transform
low-dimensional coordinates x and time t into a high-
dimensional frequency domain using position encoding [19]:

γ(p) = ⟨sin(2lπp), cos(2lπp)⟩L0 . (2)

where p is t and each component of x, with L being 10 for
x and 4 for t.

Canonical Network. Through the deformation network,
scenes at different time steps are interconnected via a com-
mon canonical space [18]. This setup facilitates reliable
information sharing and mitigates the observation sparsity
issue in deformable scenes. The canonical network aims to
encode the scene’s 3D geometry, appearance, and semantic
information in a canonical configuration. NeRF [19] and
dynamic NeRF [1], [18] usually use MLP to represent
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Fig. 2. Overview of DDS-SLAM. It processes a sequence of RGB images from a deformable scene, along with associated depth and semantic priors.
DDS-SLAM comprises three main components: 1) Deformable Scene Representation: We adopt a hybrid neural deformable scene representation to represent
deformable scenes. Through the 4D implicit deformation field and the 3D explicit hash feature grids, feature vectors of the input 4D points are extracted
and mapped to RGB, SDF, and semantic distance values via three decoders. These components are updated online by minimizing our carefully designed
loss functions. 2) Semantic Deformable Tracking Thread: This thread focuses on optimizing per-frame camera poses by minimizing losses. 3) Semantic
Deformable Mapping Thread: This thread employs global bundle adjustment to jointly optimize the deformable scene representation, including parameters
of the 4D implicit deformation field and the 3D canonical network, as well as the poses of keyframes. These two threads run with alternating optimization.

canonical networks, but these methods have problems such
as slow convergence. Inspired by [14], [20], we adopt sparse
parameter encoding to enhance training efficiency.

Specifically, we utilize L resolution hash feature grids
Vα = {V l

α}Ll=1 to represent the entire scene. For a 3D sample
point x and its viewing direction d, we first identify the eight
nearest feature vertices at each resolution, then use trilinear
interpolation to query the feature vectors. To ensure system
smoothness, we employ One-blob encoding [21] for the input
point x. The feature vector Vα(x) and One-blob encoded
spatial coordinate β(x) are input into the SDF decoder fν
to predict the TSDF value s and a feature vector zh:

fν (β(x), Vα(x)) 7→ (zh, s). (3)

The feature vectors zh and the position-encoded viewing
direction γ(d) are input into the color decoder fµ and
semantic distance decoder fτ to predict the color c and
semantic distance value m:

fµ (β(x), zh, γ(d)) 7→ c, fτ (β(x), zh, γ(d)) 7→ m. (4)

Here, ϕ = {α, ν, µ, τ} represent the learnable parameters
associated with the canonical network.

B. Color, Depth, and Semantic Distance Rendering

To establish the relationship between the deformable scene
representation and the system’s inputs, we employ differen-
tiable rendering [12]–[15] to integrate the predictions from
Sec III-A to render pixel color, depth, and semantic distance
field value. Specifically, given the camera origin o and the
ray direction d, we sample R points along the ray, denoted
as xi = o + hid. The deformation network and canonical
network provide the predicted color, TSDF, and semantic

distance value at each sample point. Using the SDF-based
rendering technique [22], we convert the TSDF values into
volume densities:

σ(xi) = κ · Sigmoid(−κ · si(xi)). (5)

where κ is a learnable parameter. These volume densities
σ(xi) are then used to render the associated color, depth,
and semantic distance values for each ray:

ĉ =

R∑
r=1

wici d̂ =

R∑
r=1

wihi m̂ =

R∑
r=1

wimi (6)

where wi represents the weight of each sample point:

wi = exp

(
−

i−1∑
k=1

σ(xk)

)
(1− exp (−σ(xi))) (7)

C. Loss Functions

To optimize the parameters of deformable scene represen-
tation and camera poses, we design five loss functions.

Color and Depth Loss. We construct the color and depth
losses by comparing the differences between the rendered
and the ground truth color and depth values:

Lc =
1

|P |
∑
p∈P

∥∥∥C(p)− Ĉ(p)
∥∥∥
2
. (8)

Ld =
1

|P |
∑
p∈P

∥∥∥d(p)− d̂(p)
∥∥∥
2
. (9)

Here, P denotes the set of rays/pixels with valid depth
measurements, p represents a sampling ray/pixel, and C(p)
and d(p) denote the GT values.
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TSDF Free Space and Truncation Region Loss. Ac-
cording to the TSDF definition, in a batch of rays P with
valid depth, for sampling points q ∈ Sfs

p far away from the
surface (outside the truncation distance), we apply a TSDF
free-space loss [14], [15] to ensure the SDF values predicted
by the network are equal to the truncation distance T :

Lfs =
1

|P |
∑
p∈P

1

|Sfs
p |

∑
q∈Sfs

p

(fν(q)− T )
2
. (10)

For sampling points q ∈ Str
p located within the truncation

distance, we follow [14] for the loss function:

Ltr =
1

|P |
∑
p∈P

1

|Str
p |

∑
q∈Str

p

(fν(q) + h(q)−D(p))
2
. (11)

where D(p) is the depth value of the ray p obtained from
the input depth map, and h(q) represents the depth of the
sampling point q relative to the camera’s pose.

Semantic Distance Loss. To improve the robustness and
precision of our system, we employ semantic information to
guide network optimization. Different from existing NeRF-
based semantic SLAM systems [23], we utilize the semantic
edge distance field to capture local relationships among var-
ious semantic categories and guide the network optimization
at a higher level. Specifically, we apply the Canny algorithm
[24] to identify edges between semantic categories from the
input semantic map. We then compute each pixel’s distance
to the nearest edge, thereby establishing a semantic distance
field as the ground truth. We define the semantic distance loss
by comparing the discrepancy between the rendered semantic
distances and the ground truth:

Lm =
1

|P |
∑
p∈P

∥m(p)− m̂(p)∥2. (12)

The global loss function for our method is formulated as:

L = λcLc + λdLd + λfsLfs + λtrLtr + λmLm (13)

Here, {λc, λd, λfs, λtr, λm} are the respective weighting co-
efficients. The objective remains consistent for both mapping
and tracking phases in our framework.

D. Mapping and Tracking

When the system starts running, the first input frame is
used to optimize the deformation and canonical network
parameters to accurately represent the first frame. For each
subsequent frame, the camera pose is estimated in the
tracking thread. Concurrently, for every k frames, we select
one keyframe to add to the keyframe database and optimize
both all scene parameters and the poses of the keyframes
simultaneously. Following [14], we only use a subset of
pixels (approximately 5%) to represent each keyframe.

Tracking. For tracking, we calculate the camera-to-world
transformation matrix Twc = exp(ξ∧t ) ∈ SE(3) for each
new frame, utilizing a constant velocity motion model for
initial pose estimation. We then sample Q pixels from
the current frame and refine the camera parameters ξt by

minimizing the global loss function. During this process, we
keep all scene parameters unchanged.

Mapping. In the mapping stage, we select Qg rays
randomly from the keyframe dataset. Following [14], we
first optimize the scene parameters for km steps and then
update the camera poses of the chosen keyframes using the
accumulated gradient on camera parameters {ξt}. We then
sample Qt pixels from the current image and optimize all
scene parameters while the camera pose remains fixed.

IV. EXPERIMENTS

Datasets. We evaluate DDS-SLAM on a variety of scenes
from two different datasets. The first is the Semantic-
SuPer Dataset [11]. This dataset primarily captures artificial
deformations caused by surgical tools. It comprises four
trials, each containing 150 images at a resolution of 640×480,
referred to as Lab 1, 2, 3, and 4 in subsequent sections. The
second dataset, StereoMIS [6], is recorded with the da Vinci
Xi surgical robot. Ground-truth camera poses are generated
using the endoscope forward kinematics. We select one open-
source sequence, named P2 1, and select 4000 consecutive
images from this sequence, at a resolution of 640×512. P2 1
captures the natural deformations from breathing motion.

Metrics. For the StereoMIS dataset [6], we evaluate
camera tracking accuracy using the ATE RMSE. For the
Semantic-SuPer Dataset [11], where camera pose ground
truth is unavailable, we estimate reprojection error using
the positioning of green pins, as described in [11]. We also
evaluate image rendering quality using Peak Signal-to-Noise
Ratio (PSNR), SSIM [26], and LPIPS [27].

Baselines. The baselines fall into two categories. The first
category comprises neural SLAM methods, for which we
select four state-of-the-art approaches: iMAP [12], NICE-
SLAM [13], ESLAM [15], and Co-SLAM [14]. We utilized
the iMAP∗ model in our experiments, which is a reimple-
mentation referenced in [13]. The second category includes
SLAM methods tailored for deformable endoscopy scenarios.
We include three state-of-the-art algorithms: DefSLAM [25],
Semantic-SuPer [11], and RECP [6].

Implementation Details. We run DDS-SLAM on a desk-
top PC equipped with an NVIDIA RTX 2080 GPU. In the
mapping thread, we set the keyframe frequency to k = 5
with 10 iterations for the long-sequence StereoMIS dataset,
and to k = 1 with 200 iterations for the short-sequence
Semantic-SuPer dataset. In the tracking thread, we perform
10 iterations for the StereoMIS dataset and 20 iterations for
the Semantic-SuPer dataset. We sample Q = 1024 pixels for
tracking, Qg = 2048 pixels globally, and Qt = 2048 pixels
locally for mapping. On each ray, we uniformly sample 32
points and an additional 16 points near the estimated depth.
All experiments were conducted adhering to the default
parameter settings: λc = 5, λd = 0.1, λfs = 10, λtr = 1000,
λm = 0.5, km = 5, T = 0.1, and L = 16.

In order to obtain deep priors, we utilize the pre-trained
depth estimation models provided by each dataset on both
the Semantic-SuPer [11] and StereoMIS [6] datasets. Ad-
ditionally, to capture the scene’s semantic information, we
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TABLE I
QUANTITATIVE EVALUATION ON THE SEMANTIC-SUPER DATASET [11]. THE BOLD FONT INDICATES THE BEST RESULTS.

Methods Lab1 Lab2

Rep.Err.↓ PSNR↑ SSIM↑ LPIPS↓ Rep.Err.↓ PSNR↑ SSIM↑ LPIPS↓

DefSLAM [25] 16.5(12.5) - - - 14.5(13.2) - - -
Semantic-SuPer [11] 7.5(6.1) - - - 8.6(7.6) - - -

iMAP [12] 4.7(1.3) 22.875 0.744 0.367 4.4(0.9) 22.668 0.750 0.350
NICE-SLAM [13] 5.8(1.0) 20.800 0.692 0.382 5.6(1.1) 21.027 0.701 0.381

ESLAM [15] 5.0(1.5) 22.018 0.724 0.339 4.8(4.8) 22.195 0.720 0.344
Co-SLAM [14] 4.9(1.6) 20.754 0.513 0.594 4.6(1.9) 21.713 0.593 0.481

DDS-SLAM(ours) 3.3(0.4) 28.649 0.797 0.231 3.0(0.5) 29.678 0.828 0.175

Methods Lab3 Lab4

Rep.Err.↓ PSNR↑ SSIM↑ LPIPS↓ Rep.Err.↓ PSNR↑ SSIM↑ LPIPS↓

DefSLAM [25] 12.8(8.8) - - - 7.0(5.2) - - -
Semantic-SuPer [11] 6.0(4.9) - - - 4.3(3.8) - - -

iMAP [12] 5.7(1.3) 20.675 0.617 0.548 3.2(1.2) 20.500 0.597 0.424
NICE-SLAM [13] 5.7(1.3) 21.652 0.666 0.401 4.5(1.6) 20.284 0.624 0.464

ESLAM [15] 4.5(1.6) 23.241 0.707 0.326 3.1(0.7) 25.592 0.707 0.273
Co-SLAM [14] 3.5(1.4) 23.996 0.696 0.354 2.5(0.5) 24.182 0.688 0.298

DDS-SLAM(ours) 2.4(0.4) 27.230 0.782 0.195 2.0(0.2) 27.340 0.734 0.210
* Following [11], Rep.Err. represents the average reprojection errors across all points, formatted as ”mean (standard deviation)”. The symbol ↑ denotes
that higher values indicate higher accuracy, and vice versa. The results of DefSLAM [5] and Semantic-SuPer [11] are both from [11]. ”− ” means that
the methods do not support image rendering and therefore cannot be evaluated for that specific metric.

iMAP NICE-SLAM ESLAM Co-SLAM DDS-SLAM Ground Truth

L
a
b

1
L

a
b

2

Fig. 3. Rendering results on the Semantic-SuPer dataset. Compared to baselines, our approach achieves high-quality RGB image renderings.

employ the pre-trained DeepLabv3+ model [28] provided by
each dataset for semantic segmentation.

A. Experimental Results

Evaluation on the Semantic-SuPer Dataset [11]. We
present a quantitative analysis of the experimental results
for four sequences from the Semantic-SuPer dataset [11]
in Table I. As shown in Table I, our approach significantly
outperforms the baselines in both pose tracking accuracy and
image rendering quality. Furthermore, our method exhibits
lower variance, indicating greater stability and robustness
compared to existing methods. A qualitative analysis of the
Semantic-SuPer dataset [11] is provided in Fig. 3, revealing
that our DDS-SLAM can render higher-quality RGB images
with reduced noise and fewer artifacts in deforming scenes.

Evaluation on the StereoMIS Dataset [6]. We further
evaluate our method on the StereoMIS dataset [6]. Unlike
the Semantic-SuPer dataset [11], the sequence in this dataset
comprises a larger number of images (4000) and includes
natural deformation. The quantitative results, summarized
in Table II, demonstrate that our method outperforms the
baselines in tracking accuracy. Visualizations of camera
tracking performance are presented in Fig. 4. Our method
aligns more closely with the ground truth, reinforcing its

TABLE II
QUANTITATIVE EVALUATION ON THE STEREOMIS DATASET [11]. THE

BOLD FONT INDICATES THE BEST RESULTS.

Methods Localization Rendering

ATE(mm)↓ PSNR↑ SSIM↑ LPIPS↓

RECP [6] 28.791 - - -
iMAP [12] 36.849 14.047 0.465 0.681

NICE-SLAM [13] 37.365 14.037 0.531 0.576
ESLAM [15] 14.833 20.803 0.585 0.533

Co-SLAM [14] 19.412 22.029 0.579 0.526
DDS-SLAM(ours) 8.261 22.513 0.592 0.496

superior accuracy. Table II also highlights that our approach
excels over the baseline methods in image rendering quality.

B. Ablation Study

To verify the contribution of key components of the DDS-
SLAM, we conduct a series of ablation studies on the
StereoMIS dataset [6], with the results presented in Table III.

Effect of Hybrid Neural Deformable Scene Representa-
tion (HNDSR). The term ‘w/o HNDSR’ refers to a variant
from which the deformation network is removed, leaving
only the canonical network in the hybrid neural deformable
scene representation. As illustrated in Table III, our full
model demonstrates superior localization accuracy and image
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Fig. 4. Visualization of camera tracking results on the StereoMIS dataset.

TABLE III
THE ABLATION STUDY RESULTS FOR KEY COMPONENTS OF

DDS-SLAM ON THE STEREOMIS DATASET [6].

Name ATE(mm)↓ PSNR↑ SSIM↑ LPIPS↓

w/o HNDSR 9.834 21.906 0.580 0.529
w/o SDL 8.628 22.036 0.591 0.492

Full 8.261 22.513 0.592 0.496

rendering quality compared to the variant without the defor-
mation network. This finding confirms the effectiveness of
the hybrid neural deformation scene representation.

Effect of Semantic Distance Loss (SDL). The notation
‘w/o SDL’ indicates a variant without semantic distance loss.
The quantitative results in Table III reveal that incorporating
SDL enhances both camera tracking accuracy and image
rendering quality. SDL captures the local interrelationships
among different semantic categories and guides the optimiza-
tion of the network at a higher level.

V. CONCLUSION AND DISCUSSION

In this paper, we introduce DDS-SLAM, a novel dense
semantic neural SLAM for deforming endoscopic scenes.
Our main design philosophy is twofold. First, we develop
a novel hybrid neural representation to model deformable
scenes, applicable to medical endoscopic scenarios with both
artificial and natural deformations. Second, we propose a
semantic distance loss based on the semantic distance field to
guide the network’s optimization from a higher level. Exten-
sive experimental results confirm that DDS-SLAM excels in
deformable endoscopic scenarios, offering superior camera
pose tracking and image rendering quality. We believe that
DDS-SLAM holds promising potential for applications in
medical endoscopy, such as surgical interventions.
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