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A B S T R A C T

Three-dimensional reconstruction of images acquired through endoscopes is playing a vital role in an
increasing number of medical applications. Endoscopes used in the clinic are commonly classified as monocular
endoscopes and binocular endoscopes. We have reviewed the classification of methods for depth estimation
according to the type of endoscope. Basically, depth estimation relies on feature matching of images and
multi-view geometry theory. However, these traditional techniques have many problems in the endoscopic
environment. With the increasing development of deep learning techniques, there is a growing number of
works based on learning methods to address challenges such as inconsistent illumination and texture sparsity.
We have reviewed over 170 papers published in the 10 years from 2013 to 2023. The commonly used public
datasets and performance metrics are summarized. We also give a taxonomy of methods and analyze the
advantages and drawbacks of algorithms. Summary tables and result atlas are listed to facilitate the comparison
of qualitative and quantitative performance of different methods in each category. In addition, we summarize
commonly used scene representation methods in endoscopy and speculate on the prospects of deep estimation
research in medical applications. We also compare the robustness performance, processing time, and scene
representation of the methods to facilitate doctors and researchers in selecting appropriate methods based on
surgical applications.
1. Introduction

An increasing number of medical applications, such as surgical navi-
gation, medical image segmentation, preoperative registration, surgical
simulation, surgical robotics, intelligent diagnostics, etc., can benefit
from depth estimation and 3D reconstruction tasks. The problem of
depth estimation has been studied in natural scenes for decades, but
obtaining depth information using endoscopic images or videos is still
an emerging problem. Many types of endoscopes are frequently used
in minimally invasive procedures, including oral endoscope [1], bron-
choscope [2], gastroscope [3], enteroscope [4], arthroscope [5], na-
soscopes [6], stomatoscopes [7], colonoscopes [4], hysteroscopes [8],
knee arthroscopes [5], fetal endoscopes [9].

Depending on the number of lenses used, these endoscopes can be
divided into monocular endoscopes and binocular endoscopes. Binoc-
ular endoscopes are similar to human binoculars, the relative position
and the internal parameters of the two lenses are known. Therefore,
the use of binocular endoscopes for depth estimation is more easily un-
derstood and more common. Monocular endoscopes have one moving
camera and cannot obtain depth information directly. Therefore, there
are more challenging problems in monocular depth estimation. Since
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the endoscope needs to pass through the natural cavities of the body
for examination, the size of the device is relatively small. Therefore,
among the endoscopes mentioned above, only the laparoscope can be a
binocular endoscope; the others are all basically monocular endoscopes.

The first generation of geometry-based methods relied on matching
pixels between multiple images. However, this is not applicable in
endoscopic scenes where the soft tissue surface is smooth resulting in
featureless and repetitive texture regions. Although methods exist to
improve feature matching using machine learning methods, the results
still need to be improved. The second-generation methods use learning-
based techniques to improve the integrity of reconstruction and reduce
time consumption. The learning-based method cloud has challenges
due to its dependence on large amounts of data and lack of ground
truth in the medical scene.

In this article, we present a comprehensive and structured review of
recent advances in the use of endoscopic images for 3D reconstruction
and depth estimation over the last 10 years. These methods mainly
use monocular endoscopes or binocular endoscopes. We have collected
over 170 papers that were published in leading medical-engineering
journals and conferences from 2013 to 2023. In addition, we describe
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Fig. 1. The number of publications per year in endoscopy reconstruction.

the changes in technology, elaborate common pipelines, provide sep-
arate theoretical accounts for monocular and binocular endoscopes,
and summarize each technique in a categorical manner. Moreover,
we provide an in-depth analysis of the most popular learning-based
approaches, including network architectures, training frameworks, and
training strategies. We also collate publicly available datasets applied
to depth estimation. The aim is to help readers navigate through this
emerging field.

The remainder of this paper is organized as follows. Section 2
describes the definition and current classification of the problem, as
well as the representation of the reconstruction. Section 3 investi-
gates datasets and the metrics that can be used for depth estimation.
Section 4 focuses on the theory and work on reconstruction using
monocular endoscopes. Section 5 reviews methods for reconstruction
methods using binocular endoscopes. Section 6 discusses the visual-
ization and surgical navigation related to 3D reconstruction. Section 7
suggests potential future research directions and Section 8 concludes
this survey.

2. Scope and taxonomy

2.1. Scope

The goal of depth estimation is to recover three-dimensional infor-
mation about the endoscopic scene from a sequence of images or videos
taken by the endoscope, where the internal or external reference of
the camera is known or unknown. If a binocular endoscope is used,
i.e. there are two cameras side by side, then it is possible to obtain
two images taken at the same time. If a monocular endoscope is used,
then one image can be obtained at one moment in time. The recovery
of three-dimensional information about the scene based on two images
or one image taken at a moment in time is generally represented as
a depth map and is called a depth estimate. After obtaining multiple
depth estimates, the multiple depth estimates are fused into a single
representation of the scene.

In this survey, we focus on depth estimation and surface recon-
struction under monocular and binocular endoscopy. Some papers on
improvements to endoscopic hardware are outside the scope of our
study. The related survey paper [10] is published. As shown in Fig. 1,
in the past 10 years, a large number of works have emerged. Thus our
survey is timely and necessary.

2.2. Taxonomy

Whether using a monocular endoscope or a binocular endoscope,
two types of methods can be distinguished. According to the develop-
ment of the technique, the geometry-based methods and the learning-
based methods can be divided. Geometry-based methods include
2

shape from shading (SfS) [11], structure from motion (SfM) [12], simul-
taneously localization and mapping (SLAM) [13], and multi-view stereo
(MVS) [14]. The theoretical basis for the geometry-based approach
is multi-view geometry. The main theories in multi-view geometry
are epipolar geometry [15], triangulation [15], perspective-n-point
(PnP) [16], iterative closest point (ICP) [17], etc. The steps that have
the greatest impact on performance are feature extraction and feature
matching.

Subsequently, learning-based methods have gained significant
advances in natural scenes. As a result, many works use learning-
based methods to improve the performance of feature matching in
endoscopy. In conjunction with traditional pose estimation methods,
learning-based methods obtain better results. In the last five years,
direct depth estimation methods using deep learning network methods
have achieved state-of-the-art results in quantitative and qualitative ex-
periments. The learning-based method can be summarized as predicting
the depth map (D) from the image set (I) through a prediction function
(F ). The depth map consists of the corresponding depth values of all
pixels in the image. In natural scenes, the performance of learning-
based methods mainly depends on a large number of high-quality
training data. However, in the medical scene, it is difficult to obtain
the ground truth of depth estimation due to the limitations of devices.
Therefore, learning-based methods can be divided into two categories.
The first category only uses endoscopic images for self-monitoring
training, and the second category uses CT and other auxiliary data for
training.

The classification of depth estimation methods and the types of
scene representation is shown in Fig. 2. In summary, we divide depth
estimation methods into two categories: geometry-based methods and
learning-based methods, which are represented by different shades
of green. The blue blocks indicate the different expressions used to
display 3D information in the endoscopy scene. Scene representations
are available as point clouds [18], surfel [19], and truncated signed
distance functions (TSDF) [20].

Point cloud. A point cloud is a discrete set of points in 3D space.
The point cloud is the common data form in 3D reconstruction tasks.
Luo et al. [21] regard the point cloud as a result of intraoperative video
3D reconstruction and match the point cloud to a preoperative model
that underwent downsampling. Most methods use point clouds as the
representation of 3D scenes.

Surfel. Surfel is a real-time reconstruction method that supports
dynamic scenes [19]. Surfel is designed based on the representation
of flat and point. Each surfel contains a 3D point, a surface normal,
radius, confidence, and timestamp. Several works also utilize surfel
to represent a 3D scene. Turan et al. [22] combines electromagnetic
positioning and visual positioning, and uses surfel for non-rigid map
fusion. Li et al. [23] selects surfel as the scene representation and
employs the embedded deform graph to track all surface sets. In the
binocular endoscope, Wei et al. [24] also uses surfels as the expression
of the whole surgical scene.

TSDF. TSDF (truncated signed distance functions) is a parameter-
ized surface representation. The core idea of TSDF is to divide the
selected 3D space into small pieces (voxels). Secondly, TSDF stores the
distance between the current position and the nearest object surface in
each voxel. A distance greater than 0 indicates that the position is in
front of the surface; If the distance is less than 0, the position is behind
the surface; Moreover, the position where the distance is zero is the
object’s surface. TSDF can be updated in a relatively straightforward
way [20]. Recasens et al. [25] and Liu et al. [26] fuse depth information
corresponding to multiple keyframes into a TSDF. Liu et al. [26] first
use learning-based descriptions and SfM to generate dense point match-
ing and camera trajectories. Then dense feature matching is utilized to
provide supervision for the density estimation of each pixel, and finally,
the depth maps are fused into a surface through TSDF.

NeRF. At present, implicit scene representation has shown great
potential in 3D reconstruction. NeRF (Neural Radiance Field) repre-
sents the scene as the volume density and color value of any point



Computers in Biology and Medicine 175 (2024) 108546Z. Yang et al.
Fig. 2. The classification of depth estimation methods and the types of scene representation. Both the binocular depth estimation method and monocular depth estimation method
can be divided into the geometry-based method and the learning-based method.
in space [27]. Wang et al. [28] and Yang et al. [29] use differ-
entiable volume rendering to project scene representations onto 2D
images and represent the deformable surgical scene in MLP (multilayer
perceptrons).

We summarize the publicly available datasets in Table 1. We divide
the performance of the robustness into 5 levels based on the theory,
characteristics, and challenges of the methods, as shown in the Table 2.
We summarize the accuracy, running time, robustness, and scene rep-
resentation of methods in the following tables. Readers can choose the
appropriate method based on the applied surgery.

3. Datasets and metrics

This section summarizes the datasets and metrics that can be uti-
lized in the 3D reconstruction task.

3.1. Datasets

Few datasets can be used to monitor the depth estimation since it is
very difficult to obtain the true value of the scene depth. Therefore,
some works utilize VR-CAP [42] to create synthetic datasets. Some
works create phantom models to collect truth values. Others use the
results obtained from COLMAP [43] and surgery images as the ground
truth. The images in the datasets are shown in Fig. 3. We have collated
the public datasets used for depth estimation in the medical scene. Here
we mainly introduce the size of the dataset and the method of obtaining
the ground truth, as shown in Table 1.

3.1.1. Dataset size
The SERV-CT dataset [32] places the whole body of two miniature

pigs in the endoscope field of vision, ensuring that the endoscope and
the target anatomical structure can be seen in the CT scan, and uses CT
reconstruction to obtain the true value. The SCARED benchmark [33]
provides 7 training sets and 2 structured light data testing sets captured
from pig carcasses for intensive depth estimation and camera poses.
The EndoSLAM dataset [31] sews pig organs such as the colon and
stomach onto the foam and utilizes a mechanical arm and a 3D scanner
to record the true depth value and camera poses. The EndoMapper
benchmark [30] provides 59 high-quality calibrated complete conven-
tional endoscope records, corresponding sparse 3D reconstruction and
pose estimation. Compared with other datasets, the video in this dataset
takes a long time and comes from real records of the human body.
The EndoAbs dataset [36] simulates the endoscopic stereoscopic images
of abdominal organs and uses 3D organ surface references generated
by laser scanners to provide camera calibration parameters, but only
contains 120 binocular images.
3

Fig. 3. Examples of synthetic, phantom, and surgery datasets.

3.1.2. Ground truth
The ground truth for the EndoSLAM dataset [31] and the SCARED

dataset [33] are obtained from the 3D scanner, and each depth map
is dense. the depth estimate for the first frame in each subsequence
of the SCARED dataset is accurate, but subsequent dense depth maps
are incomplete and cannot be updated for emerging scenes. The En-
doSLAM dataset [31] includes a model stitched through the foam, and
the anatomy is incomplete compared to the real scene. The ground
truth of the EndoMapper benchmark [30] is derived from the sparse
point cloud results of the SfM algorithm (COLMAP). The real values
of the SERV-CT dataset [32] originated from the pre-operative CT
reconstruction model, but there may be problems with intraoperative
video deformation. The ground truth can be obtained from these tools,
such as the CT-reconstructed model of a colon phantom molded from a
real colon [41],1 simulator used in [38],2 slicer used in [44],3 VR-caps

1 https://www.thecgroup.com/product/colonoscopy-trainer-2003/.
2 https://drive.google.com/drive/folders/1cypaTsHpi7TRVKI5cYvzk1Ufpm

dcOEts?usp=sharing.
3 https://www.slicer.org/.
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Table 1
Dataset for the depth in endoscopy. ‘–’ means this item is not mentioned in the reference. ‘✓’ represents this item is provided in the dataset. ‘Int.’ and ‘Ext.’ are the abbreviations
of camera intrinsics and extrinsics.

Dataset Type Organs Tasks Images Depth Pose

Size Resolution Type Source Int. Ext.

EndoMapper [30]
https://www.synapse.org/#!Synapse:
syn26707219/wiki/615178

Surgery Colon VSLAM 59 sequences 320 × 240 Sparse COLMAP ✓ ✓

Synthetic at leat 6
sequences

– Dense VR-Caps ✓ ✓

Endo-SLAM [31]
https:
//data.mendeley.com/datasets/cd2rtzm23r/1

Phantom Colon, small
intestine,

Disparity 42,700 640 × 480 Point cloud 3D
scanner

✓ ✓

Synthetic stomach Disparity 35,900 320 × 320 Dense-per-
frame

Unity ✓ ✓

SERV-CT [32]
https://www.ucl.ac.uk/interventional-surgical-
sciences/weiss-open-research/weiss-open-data-
server/serv-ct

Phantom Torso
cadavers

Disparity 16 stereo
pairs

– Depth map CT – –

SCARED [33]
https://endovissub2019-scared.grand-
challenge.org/

Phantom Abdominal
cavity

Disparity 23,000 1280 × 1024 Point cloud 3D
scanner

✓ ✓

Hamlyn [34]
https://hamlyn.doc.ic.ac.uk/vision/

Surgical Stomach,
colon,
abdomen

Poly detection,
tracking and
retargeting
disparity

37G Multi-
resolutions

Disparity
map

CT ✓ –

UCL [4,35]
http://cmic.cs.ucl.ac.uk/ColonoscopyDepth/

Synthetic Colon Depth 16,016 256 × 256 Depth map CT – –

EndoAbs [36]
https://zenodo.org/record/60593

Phantom Spleen, liver,
kidney

Disparity 120 640 × 480 Point cloud Laser
scanner

✓ –

Stereo surgical dataset used in [37]
https://doi.org/10.5281/zenodo.7385603

Surgery Lymph Radical
prostatectomy with
lymphadenectomy

128G 1920 × 1080 – – – –

Simulation platform used in [38]
https://studentutsedu-my.sharepoint.com/

Synthetic Colon Pose estimation 15 cases – – – ✓ ✓

Colon10k used in [39]
https://endoscopography.web.unc.edu/place-
recognition-in-colonoscopy/

Surgical Colon Place recognition 10,126 270 × 216 – – – –

Sinus Surgery used in [40]
https://github.com/SURA23/Sinus-Surgery-
Endoscopic-Image-Datasets

Surgical
Phantom

Sinus Instrument
segmentation

9003 256 × 256 – – – –

CVC-ClinicDB used in [41]
https://polyp.grand-
challenge.org/CVCClinicDB/

Surgical Colon Annotated poly 612 576 × 768 – – – –

ASU-Mayo
https://polyp.grand-challenge.org/AsuMayo/

Surgical Colon Annotated poly 18,902 – – – – –

LDPolypVideo used in [4]
https://github.com/dashishi/LDPolypVideo-
Benchmark

Surgical Colon Annotated poly 4,200,000 560 × 480 – – – –
Table 2
The levels of the robustness performance.

Symbol Explanation

Rigid Clear limitations in theory, with refinement
Non-rigid No limitations in theory, tolerance for small deformation of soft tissue during small time splits
Instrument No limitations in theory, good tolerance for small deformation of soft tissue and instrument movement during small time splits
Dynamic No limitations in theory, ideal results achieved when there is any deformation of soft tissue, movement of instruments within time slices.
Full cycle No limitations in theory, ideal results achieved when there is any deformation of soft tissue, movement of instruments during surgery.
w
r

used in [42],4 maya used in [45],5 Blender used in [46,47]6 and 3D
Systems GI Mentor Platform [46].

3.2. Metrics

According to different tasks and objectives, researchers utilize dif-
ferent metrics to evaluate the effectiveness and accuracy of the method.
The main tasks are depth estimation and pose estimation. For the

4 https://github.com/CapsuleEndoscope/VirtualCapsuleEndoscopy.
5 https://www.autodesk.com/products/maya/.
6

4

https://www.blender.org/. a
methods based on deep learning, it is also necessary to evaluate the
performance of the network.

3.2.1. Depth evaluation metrics
The mostly used metric is the Root Mean Squared Error (RMSE), as

shown in Eq. (1),

𝑅𝑀𝑆𝐸 =
√

1
|𝐃|

∑

𝑑∈𝐃
|𝑑∗ − 𝑑|2, (1)

here 𝑑 and 𝑑∗ denote the predicted depth and the ground truth,
espectively. D is the set of predicted depth. The other metrics, such
s Eqs. (A.1), (A.2), and (A.3) are used to measure the error for depth

https://www.synapse.org/#!Synapse:syn26707219/wiki/615178
https://www.synapse.org/#!Synapse:syn26707219/wiki/615178
https://data.mendeley.com/datasets/cd2rtzm23r/1
https://data.mendeley.com/datasets/cd2rtzm23r/1
https://www.ucl.ac.uk/interventional-surgical-sciences/weiss-open-research/weiss-open-data-server/serv-ct
https://www.ucl.ac.uk/interventional-surgical-sciences/weiss-open-research/weiss-open-data-server/serv-ct
https://www.ucl.ac.uk/interventional-surgical-sciences/weiss-open-research/weiss-open-data-server/serv-ct
https://endovissub2019-scared.grand-challenge.org/
https://endovissub2019-scared.grand-challenge.org/
https://hamlyn.doc.ic.ac.uk/vision/
http://cmic.cs.ucl.ac.uk/ColonoscopyDepth/
https://zenodo.org/record/60593
https://doi.org/10.5281/zenodo.7385603
https://studentutsedu-my.sharepoint.com/
https://endoscopography.web.unc.edu/place-recognition-in-colonoscopy/
https://endoscopography.web.unc.edu/place-recognition-in-colonoscopy/
https://github.com/SURA23/Sinus-Surgery-Endoscopic-Image-Datasets
https://github.com/SURA23/Sinus-Surgery-Endoscopic-Image-Datasets
https://polyp.grand-challenge.org/CVCClinicDB/
https://polyp.grand-challenge.org/CVCClinicDB/
https://polyp.grand-challenge.org/AsuMayo/
https://github.com/dashishi/LDPolypVideo-Benchmark
https://github.com/dashishi/LDPolypVideo-Benchmark
https://github.com/CapsuleEndoscope/VirtualCapsuleEndoscopy
https://www.autodesk.com/products/maya/
https://www.blender.org/
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Fig. 4. Results of SfS, SfM, and MVS using the monocular endoscopy. (a) is the result of stomach phantom model [11]; (b) shows the reconstructed model from nasal endoscopy
images [48]; (c) [3], (d) [49], and (e) [50] represent the result of the stomach.
evaluation in Appendix. Eq. (A.4) represents the accuracy for depth
estimation in Appendix.

3.2.2. Ego-motion evaluation metrics
Absolute trajectory error (ATE) [51] and relative pose error (RPE)

are commonly used metrics. ATE mainly evaluates the global consis-
tency and RPE measures the local accuracy of the trajectory [52].
5-frame pose evaluation [53], breaks down the trajectory of the full
sequence into 5-frame snippets with the reference coordinate frame
adjusted to the central frame of each snippet. The trajectories are
aligned by using the method [54]. Given this transformation 𝑆, the
absolute trajectory error at the time step 𝑖 is computed as 𝐹𝑖 = 𝑄−1

𝑖 𝑆𝑃𝑖,
between the estimated 𝑃𝑖 and the ground truth 𝑄𝑖. The root mean
squared error over all time of the translational components (𝑡𝑟𝑎𝑛𝑠)
in [52], i.e.,

𝑅𝑀𝑆𝐸(𝐹1∶𝑛) =

(

1
𝑛

𝑛
∑

𝑖=1
‖𝑡𝑟𝑎𝑛𝑠(𝐹𝑖)‖2

)1∕2

. (2)

3.2.3. Network evaluation metrics
There are some metrics used for evaluating the proposed network,

including parameters (M), FLOPs, and speed (ms) [55]. Researchers
utilize this metric to evaluate the consumption of memory resources.
FLOPs, floating point operations, is used to measure the time complex-
ity of the algorithm. The speed of the model means the number of
reasoning times that the model can execute in one second.

4. Depth estimation from an endoscope

Methods for depth estimation from image sequences acquired by
monocular endoscopes can be divided into two main categories: the
first category is based on multi-view geometry, and the second cate-
gory is based on deep learning. The classification of depth estimation
methods is shown in Fig. 2. Each major category can be divided into
specific sub-categories according to different theoretical methods.

4.1. Geometry-based methods

Geometry-based methods rely intensively on feature extraction and
feature matching. The traditional features often used in endoscopic
5

scenarios are SIFT [56], SURF [57], ORB [58], BRIEF [59] and DISP-
SIFT [60]. In order to improve the speed, the fuzzy theory is used to
optimize the matching strategy [48]. [61] evaluate the performance
of traditional eight key point detectors and six feature descriptors in
knee arthroscopic images. [62] improve the extraction process of ORB
feature points based on motion vectors. [63] use dense contour clues
to achieve target tracking and augmented reality navigation in endo-
scopic surgery. Geometry-based methods contains SfS [11], SfM [48],
SLAM [13] and MVS [14]. The results of SLAM methods are shown
in Fig. 5. The results of SfS, SfM, and MVS are shown in Fig. 4. The
performance of surface estimation, pose estimation, processing time,
robustness, and the scene representation of each method are shown in
Table 3. For simplicity, we use different abbreviations in the table to
represent different metrics.

4.1.1. SfS
Shape from shading (SfS) deals with the recovery of 3D shape which

can be in terms of depth Z, the surface norm (nx,ny,nz), or surface
gradient (p,q) from a single monocular image [75]. If the scene satisfies
several assumptions (for example, there is only one light source in the
scene, and its intensity and pose relative to the camera are known.
In addition, the light reflected by the object conforms to the Lambert
rule, and the object surface has a constant albedo), then SfS can use
the brightness of the pixel to estimate the angle between the camera
and the normal at that pixel [11]. Turan et al. [11] first filter the
keyframes in the endoscopic image sequence and then use SfS to restore
the three-dimensional structure, as shown in Fig. 4(a).

4.1.2. SfM
Structure from motion (SfM) refers to the phenomenon that 3D

structures of the scene can be recovered from the projected 2D (retinal)
motion field of a moving object. The pipeline of SfM is feature extrac-
tion and matching, pose estimation, 3D point triangulation, and bundle
adjustment. In SfM, determining the correspondence between images
plays a key role in reconstruction performance. To solve the problem
of slow traditional feature matching, Rattanalappaiboon et al. [48]
propose a fuzzy zoning method, which creates an adaptive matching
region for each feature point according to the brightness, thus limiting
the search space (Fig. 4(b)). Feature matching of endoscopic images
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Table 3
Survey of the geometry-based methods mentioned in this paper. ‘–’ represents the item that is not reported in the reference paper. The numbers in [] are the minimum and
maximum values that appear in the reference. ‘RMSE’ is the root mean square error. ‘RMSD’ is the abbreviation for root mean square distance, which calculates the error of two
sampled surfaces on the Z axis. Only medical-related public datasets are listed in the data availability column. ‘×’ indicates that medical data is not available. ‘✓’ indicates that
the data can be downloaded.

Reference Category Surface estimation Processing time Robustness Scene represent

Data Availability Metric

[13] SLAM Synthetic × Median error: 0.36 mm 18 ms per frame Rigid Sparse points
(50–100)

[48] SfM Synthetic × Average error: [0.029 0.041] Feature matching: 55.59 s per
image pair

Rigid Point cloud
Poisson surface

[64] SLAM Phantom × RMSE: 4.1 mm Tracking (average): 25 ms per
frame

Rigid Point cloud

[65] SfS+SLAM Phantom × RMSE: [0.023, 0.044] 55 ms Non-rigid Surfel
[11] SfS Phantom × RMSE: [2.14 cm, 4.45 cm] 919.15 ms per frame pair Rigid Point cloud

[66] SLAM Synthetic ✓ RMSD: [2.54 mm, 3.66 mm] Sparse tracking: 25 ms (max)
Dense pipeline: 600 ms

Rigid Point clouod
Mesh

[49] SfM Phantom × Diameter ratio: 99.33% – Rigid Point cloud

[67] SLAM Phantom ✓ Average RMSE: [0.3 mm, 6.1
mm] stereo methods as GT

Sparse tracking: 730 ms
Dense tracking: 16 280 ms

Rigid Point cloud

[68] SLAM+MVS Phantom, cadavery ✓ RMSE: [0.2 mm, 0.5 mm] – Rigid Point cloud

[69] SLAM Phantom × – Sparse tracking: 80 ms per
frame

Rigid Point cloud

[70] SLAM Phantom × RMSE: 4.86 mm Tracking: 13 ms Non-rigid 3D points

[71]a SLAM Phantom ✓ RMSE: [5 mm, 17 mm] Deformable tracking: 50 ms
Deformable mapping: 400 ms

Non-rigid 3D Points

[72]b SLAM Phantom ✓ RMSE: [3 mm, 12.56 mm] – Non-rigid 3D points

[73]c SfM Phantom ×
Number of sparse points: 37 ms per image pair Rigid Point cloudLearning [6763, 45 654] per case

[74] SfS Phantom × Mean absolute error: [0.534,
1.757]

– Rigid –

a https://github.com/UZ-SLAMLab/DefSLAM.
b https://github.com/UZ-SLAMLab/SD-DefSLAM.
c https://github.com/lppllppl920/DenseDescriptorLearning-Pytorch.
Fig. 5. Results of SLAM methods using the monocular endoscopy. (a) shows the image from laparoscopic surgery [13]; (b) is the reconstructed stomach phantom model [65];
(c) [66] shows the sparse result of abdominal organs; (d) represents the sparse point cloud of the phantom model [64]; (e) [67] is the dense result of abdominal scenes; (f) shows
the 3D reconstruction of the heart sequences [71]; (g) shows the result from Hamlyn dataset [72]; (h) is the sparse point cloud reconstructed from the bronchoscopic images [69].
with weak structure and texture can only obtain sparse correspon-
dence. To solve this problem, dense optical flow is used in [49] is
used to determine the dense correspondence between the point sets
of image pairs with small displacement, as shown in Fig. 4(d). Yang
et al. [76] combine the contour feature and SIFT feature to improve
6

the effect of SfM results. Widya et al. [3] collect endoscopic images
after spraying indigo carmine (IC) on the stomach, and then use SfM
to perform global reconstruction of the stomach. The result can be
found in Fig. 4(c). Most of the follow-up works leverage SfM to provide
supervision information [73,77].

https://github.com/UZ-SLAMLab/DefSLAM
https://github.com/UZ-SLAMLab/SD-DefSLAM
https://github.com/lppllppl920/DenseDescriptorLearning-Pytorch


Computers in Biology and Medicine 175 (2024) 108546Z. Yang et al.
Fig. 6. 3D visualization results from learning-based methods that only use visual cues. There are 4 sub-figures in (a) and (b) respectively. The first row in (a) [78] shows the
result of the stomach phantom model, and the second row [79] is the result from abdominal images. The first figure in (b) is the input image. The other figures in (b) are the
reconstructed point cloud of the colon from [80,81], and [38].
4.1.3. SLAM
Simultaneous localization and mapping (SLAM) is the computa-

tional problem of constructing or updating a map of an unknown
environment while simultaneously keeping track of an agent’s location
within it. Grasa et al. [13] propose a monocular vision SLAM algorithm
combining joint compatibility branch and bound (JCBB) and EKF-
SLAM for localization and reconstruction in the endoscope, but the
reconstruction result is only a sparse point set (Fig. 5(a)).

ORB-SLAM [51] is a widely applied method and has stable per-
formance in the natural environment. Mahmoud et al. [64] use ORB-
SLAM [51] for the first time to estimate the endoscopic position and 3D
structure of the surgical scene, and search for unmatched ORB features
in adjacent keyframes to increase the number of reconstruction points.
The result is shown in Fig. 5(d). Ye et al. [82] realize online tracking
and localization of gastrointestinal endoscopic optical biopsy based
on Haar-like random binary descriptor of the local region. Although
this method can obtain a certain amount of feature points, it is still
relatively sparse. Turan et al. [65] propose a non-rigid dense direct
SLAM method. First, the initial depth is estimated according to the
shape from shading algorithm. For each new incoming frame, the pose
is estimated according to photometric and geometric constraints, and
it is fused with the initial surfel model (Fig. 5(b)). Wang et al. [83]
leverage dense contour clues to achieve target tracking and augmented
reality navigation in endoscopic surgery. Chen et al. [66] retrain the
bag of words model for surgical data and utilize the moving least
squares (MLS) smoothing algorithm and Poisson surface reconstruction
framework to process sparse point cloud data sets in real-time to build
dense surfaces (Fig. 5(c)). Mahmoud et al. [67] propose a real-time
tracking and intensive reconstruction method of a hand-held monocular
endoscope based on ORB-SLAM, as shown in Fig. 5(e). Zhou et al. [44]
put forward an improved ORB-SLAM-based video soft tissue surface
real-time intensive reconstruction method, which still utilizes ORB as
its feature point matching method.

To meet the challenge of large soft tissue deformations and long
time-consuming, researchers have attempted to design novel SLAM
algorithms. Lamarca et al. [70,71] present a deformable SLAM method
called DefSLAM. The whole system includes two threads: deformation
tracking and deformation mapping. The deformation tracking uses
shape from template (SfT) for the camera pose and the deformation
mapping leverages non-rigid structure from motion (NR-SfM) to esti-
mate the surface and update the template used in the tracking thread.
The deformation tracking thread recovers the camera pose and ob-
served map deformation at frame rate by SfT processing on the template
of static scene shape modeling. The key idea of SfT is to use the
pixel point position and its first-order differential structure at the same
time, which can easily extract features from the distortion between the
template and the input image. The deformation mapping thread runs in
7

parallel with tracking and updates the template at the key frame rate by
processing a batch of full perspective keyframes of isometric NR-SfM.
Gómez-Rodríguez et al. [72] combine direct and indirect methods in
SD-DefSLAM, including enhanced illumination invariant Lucas Kanade
tracker for data association, geometric bundle adjustment for pose
and deformable map estimation, and feature descriptor for camera
relocation. The results are shown in Fig. 5(f) and (g), respectively.
Convolutional Neural Network (CNN) is trained for specific application
fields to detect and segment dynamic objects. Dense-ArthroSLAM [68]
is a system used in arthroscopy that combines SLAM and MVS for the
dense reconstruction of selected keyframes. In [69], SLAM with more
strict restrictions can also be used for bronchial navigation (Fig. 5(h)).
Ma et al. [81] present a method combining DSO [84] and dense depth
estimation based on depth learning is proposed, which achieves better
results in colonoscopy reconstruction.

4.1.4. MVS
Multi-view stereo (MVS) is the general term given to a group of

techniques that use stereo correspondence as their main cue and use
more than two images [14]. [50] proposed the most advanced multi-
view stereo (MVS) algorithm based on image patch similarity, which
usually fails to obtain dense reconstruction from endoscopic images
with weak texture. The result can be found in Fig. 4(e). Overall this
method still has limitations in computational efficiency, reconstruction
sparsity, depth estimation accuracy, and other issues.

In summary, geometry-based methods demonstrate the feasibility
of 3D reconstruction based on endoscopic images. These methods have
great advantages in the interpretability of the algorithm compared with
the learning-based methods. Since it is in the early stage of develop-
ment, the data utilized by each method is basically self-designed. The
evaluation process and metrics are not completely unified.

4.2. Learning-based methods

Deep learning (DL) based approaches can be divided into methods
that only use visual clues and methods that utilize auxiliary data. The
method of visual clues and auxiliary data are summarized in Table 4.

4.2.1. Visual-cues methods
Depth estimation methods in natural scenes have been studied

to some extent and typically leverage real depth values as super-
vised signals to model the problem as a regression or classification
problem. However, true depth values are difficult to obtain in an
endoscopic environment. It is not until after unsupervised methods
are put forward, those deep learning methods are formally applied
to endoscopic depth estimation tasks. The visual results are shown in
Fig. 6. Zhou et al. [53] propose an unsupervised training method using
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Table 4
Survey of learning-based methods with images mentioned in this paper. ‘–’ represents the item that is not reported in the reference paper. ‘RMSE’ is the root mean square error.
The numbers in [] represent the minimum and maximum values reported in the references. Only medical-related public datasets are listed in the source column. ‘×’ indicates that
medical data is not available. ‘✓’ indicates that the data can be downloaded according to the reference. ‘†’ means that the results are extracted from [79].

Reference Theory Depth estimation Processing Robustness Scene

Data Availability Results time Represent.

[78] Visual Phantom × Qualitative – Non-rigid –

[77]a Visual Surgery ✓ Average residual error:
0.38 ± 0.13 mm

– Non-rigid Point cloud
Poisson surface

[53]† Visual Phantom ✓ RMSE: 6.896 – Non-rigid TSDF
Mesh

[80]† Visual Phantom ✓ RMSE: 5.606 3.8 ms Non-rigid TSDF
Mesh

[85]† Visual Phantom ✓ RMSE: 5.988 – Non-rigid TSDF
Mesh

[46] Visual Phantom ✓ Mean Relative Error (MRE):
0.168

17 ms Non-rigid –

[25]b Visual Phantom ✓ RMSE: [1.428, 24.026] 15 ms Non-rigid TSDF
Mesh

[86] Visual Phantom × RMSE: 14.195 – Non-rigid Point cloud

[31]c Visual Phantom ✓ RMSE: [0.1785 ± 0.0265,
0.2966 ± 0.0622]

4.2 ms Non-rigid Point cloud
Mesh

[81]d

Visual+SLAM
Synthetic × Pearson correlation coefficient

(CORR): 0.3909 84 ms Non-rigid Point cloud
SurfelReal+SfM × CORR: 0.5853

Synthetic+SfM × CORR: 0.3260

[87] Visual Synthetic ✓ RMSE: 0.701 28 ms Non-rigid Mesh

[39] Visual+SLAM Synthetic ✓ RMSE: 0.521 – Non-rigid TSDF
Mesh

[26]e Visual Surgery
GT from CT model

× Average residual error:
0.69 ± 0.14 mm

Average runtime:
127 min per
sequences

Non-rigid Point cloud
Mesh

[45,88]f Visual Phantom ✓ Chamfer distance between
point clouds: [0.075, 0.545]

– Non-rigid Point cloud

[4]g Visual Synthetic ✓ RMSE: 0.057 – Non-rigid –

[79]h Visual Phantom ✓ RMSE: 4.925 3.8 ms Non-rigid TSDF
Mesh

[89] Visual Phantom ✓ RMSE: [5.975, 11.732] – Non-rigid Surfel
[90] Visual+SLAM Synthetic ✓ RMSE: 0.9375 mm – Non-rigid TSDF
[91]i Visual Phantom ✓ RMSE: 13.405 ± 5.20 – Non-rigid –

[92] Visual Synthetic ✓ RMSE: 0.043 – Non-rigid Point cloudPhantom ✓ RMSE: 0.047

[93] Visual Synthetic ✓ RMSE: 0.650 – Non-rigid –
[94]j Real to Synthetic Phantom ✓ Mean accuracy: 1.5 mm – Non-rigid –
[41] GAN Phantom × SSIM: 0.59 – Non-rigid –

[47] Real to Synthetic Synthetic
✓

RMSE: 0.612 – Non-rigid Point cloudCNN+CRF Phantom RMSE: 0.973

[95] Conditional GAN Phantom × RMSE: 0.054 – Non-rigid Surfel

[35] Conditional GAN Synthetic
✓

RMSE: 0.175 cm – Non-rigid Point cloudPhantom RMSE: 1.655 cm

[96] Cycle GAN Surgery × Qualitative – Non-rigid Point cloud
[97] Cycle-Consistent GAN Phantom × RMSE: 10.6 ± 3.0 mm – Non-rigid –
[2] GAN Phantom ✓ RMSE: 7.532 mm – Non-rigid Point cloud
[98]k Transfer Training Phantom ✓ RMSE: [0.029, 13.893] – Non-rigid Point cloud

a https://github.com/lppllppl920/EndoscopyDepthEstimation-Pytorch.
b https://github.com/UZ-SLAMLab/Endo-Depth-and-Motion.
c https://github.com/CapsuleEndoscope/EndoSLAM.
d https://github.com/RicardoEspinosaLoera/RNN-SLAM.
e https://github.com/lppllppl920/DenseReconstruction-Pytorch.
f https://github.com/LONG-XI/Endoscopic-3D-Point-Clouds-Datasets/.
g https://github.com/ckLibra/Self-Supervised-Depth-Estimation-for-Colonoscopy.
h https://github.com/ShuweiShao/AF-SfMLearner.
i https://github.com/EndoluminalSurgicalVision-IMR/TCL.
j http://www.marcovs.com/bronchoscopy-navigation.
k https://github.com/YYM-SIA/LINGMI-MR.
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Fig. 7. Qualitative depth comparison on the SCARED dataset. (a) is the input image.
(b), (c), (d), and (e) are the results of [31,79,80,85].

only monocular video sequences. The method uses the computed depth
and poses as mediators, and warps nearby views to the target view as
supervised information. Godard et al. [99] leverage binocular videos
instead of depth truth to train the fully convolutional network. The
authors hypothesize that, given a pair of calibrated binocular images,
the network can fit 3D information about a scene if one image can be
reconstructed from the other. In this deep neural network, the disparity
map is generated by using the epipolar geometry constraint, left and
right image consistency, and image reconstruction loss.

The first article [78] applies unsupervised depth estimation to en-
doscopy. The authors use a fully convolutional depth estimation ap-
proach with a similar structure to the method in [53]. Two encoder–
decoder structures are used in this method, the first for depth es-
timation and the second for pose estimation and mask generation.
The feature maps of the encoder in the depth estimation network are
involved in the decoder process via short connections. The last few
convolutional layers of the decoder are followed by a prediction layer,
and each prediction is used as input to the next convolution. The
pose and mask generation networks use the same encoding structure.
There are two branches after the encoder, one generating the rotation
and translation matrices and the other using the decoder structure to
generate the masks. The results are shown in the first row of Fig. 6(a).

Based on the methods mentioned above, the researchers found
that a network structure containing two branches could achieve better
performance, and this structure became the baseline for subsequent
methods. Godard et al. [80] propose the baseline method that on
the basis of [99]’s network framework. The predictor behind the de-
coder in the depth estimation network and the decoder in the pose
estimation network is deleted. A separate network is used to predict
the pixels of scenes violating the static assumption. Because of the
good performance, most researchers regard unsupervised depth esti-
mation as an image reconstruction problem. The framework includes
a depth network and a separate pose estimation network. To deal
with edge conditions, such as object motion and occlusion, predictive
interpretable masks are used. Li et al. [77] propose a self-monitoring
method to train convolutional neural networks for intensive depth
estimation from monocular endoscopic data. Supervised signals are
derived from the positional and sparse point clouds of the motion
recovery structure. Recasens et al. [25] leverage monodepth2 [80] in
this work to train an endoscopic depth estimation network to obtain
the depth corresponding to each image. Ozyoruk et al. [31] put forward
EndoSfMLearner, which is an unsupervised monocular depth and pose
estimation method. This method combines residual networks and a
spatial attention module to focus on highly textured tissue areas. Li
et al. [86] add the LSTM module in the pose estimation network to
model time information, thus improving the accuracy of pose estima-
tion. Shao et al. [79] joint use optical flow appearance flow to deal with
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the brightness inconsistency problem, the point cloud is shown in the
second row of Fig. 6(a). Zhang et al. [87] propose a network that shares
an encoder and contains two branches in the decoder. The two branches
estimate the depth information and normal information respectively. At
the same time, they improve and design a set of training loss functions
to solve the challenges such as illumination inconsistency. It may be the
first deep-learning network that can be utilized in clinical applications.

In summary, for monocular depth estimation networks using only
visual cues, there are basically two components, the first component is
the -pose estimation network and the second component is the depth
estimation network. The training strategy is mainly to reconstruct the
image for supervision by means of the predicted poses and depth
predictions. The backbone of the current popular network structure is
based on ResNet [100]. Most depth estimation networks follow a U-
Net structure. Previously, we introduce the development of methods in
chronological order. We also summarize the paper from the perspec-
tives of interest to researchers, such as the selection of loss function,
feature matching, and lighting transformation.

Loss function in DL. The commonly used loss function is the
reconstructed image loss. It contains photometric error (𝐿𝑝) and smooth
term (𝐿𝑠). Photometric error function [80], i.e.,

𝐿𝑝 =
∑

𝑡′

𝛼
2
(1 − 𝑆𝑆𝐼𝑀(𝐼𝑡, 𝐼𝑡′ )) + (1 − 𝛼)‖𝐼𝑡 − 𝐼𝑡′‖1, (3)

where 𝛼 = 0.85, 𝐼𝑡 is the target frame and the 𝐼𝑡′ is the synthesized
frame warped according to ego-motion estimation. Structure similarity
index measure (SSIM) is defined in [101]. The 𝐿𝑝 minimizes the photo-
metric reprojection error between the target frame and the transformed
source frame. The smoothness loss (𝐿𝑠) is defined in [99] as follows:

𝐿𝑠 = |𝜕𝑥𝑑
∗
𝑡 |𝑒

−|𝜕𝑥𝐼𝑡| + |𝜕𝑦𝑑
∗
𝑡 𝜕|𝑒

−|𝜕𝑦𝐼𝑡|, (4)

where 𝑑∗𝑡 is the mean-normalized inverse depth. 𝜕𝑥 and 𝜕𝑦 are gradients
in the 𝑥 and 𝑦 directions of the image, respectively. The 𝐿𝑠 is designed
to obtain locally smooth surfaces and suppose that the discontinuities
occur at image gradients.

Feature matching with DL. Feature matching is a key step in
depth estimation. It is a good idea to employ the deep-learning method
to improve the performance of feature matching. The key problem is
that the data available for training in the medical environment is very
limited. Liu et al. [73] apply the output of SfM as the supervision signal
to transform the feature matching problem into the point location prob-
lem. Yang et al. [76] employ contour cues of the colonoscope images to
improve the performance of SfM and provide a better-supervised signal
for the learning methods. Liu et al. [26] also use the feature matching
results to recover the 3D surface.

Inconsistency of illumination. The main challenge in the medical
scene is that the light source in the human cavity will change violently.
Aiming at the problems of reflection and dark light in endoscope
images, an image restoration and enhancement system based on depth
learning is proposed in [102]. A recurrent neural network (RNN) [103]
is designed and trained to adjust the gamma value in the process
of gamma correction. In 2021, Ozyoruk et al. [31] use a brightness-
aware photometric loss to improve the fast frame-to-frame illumination
changes common in the endoscopic video. Shao et al. [79] joint lever-
age optical flow and appearance flow to deal with the brightness
inconsistency problem. The depth estimation and point clouds are
shown in Fig. 7(e) and the second row in Fig. 6(a).

4.2.2. Cross-domain methods
Networks also use the auxiliary data for supervised learning and

then perform unsupervised learning on real endoscopic data.
Due to the inability to obtain large-scale and accurate RGB-D data

sets, fully supervised depth regression is challenging in the endoscopic
scene. Visentini et al. [94] and Chen et al. [95] try to overcome this
challenge by training synthetic data. Given the input bronchoscope
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frame and its corresponding rendered dataset, Visentini et al. [94] cre-
ate an RGB transformer network and map the input frame to a texture-
free representation similar to computed tomography (CT) rendering.
Then, the depth estimation network is proposed to predict the depth
of the pseudo-rendered image. Among them, the depth estimation and
conversion network are both CNN-structured. The result is shown in
Fig. 8(a). Due to the size limitation of endoscopy and deformed mucosa,
it is difficult to image tissue topographic maps during colonoscopy.
Most existing methods make geometric assumptions or contain prior
information, which limits accuracy and sensitivity. A method to avoid
these limitations is proposed, using the joint depth convolution neural
network conditional random field (CNN-CRF) framework. The esti-
mated depth is employed to reconstruct the topography of the colon
surface from a single image. Mahmood et al. [47] train the univariate
and pairwise potential energy functions of CRF on CNN. These potential
energy functions are generated by developing an endoscope camera
model and drawing more than 100 000 anatomical and realistic colon
images. The result can be found in Fig. 8(c). However, the gap between
the real domain and the composite domain can hardly be bridged by
imitating the appearance, which may lead to performance degradation.

The use of adversarial training makes real medical images more
like synthetic images. Mahmood et al. [41] preserve related features
through self-regularization. With the adversarial training, the generator
generates a similar composite representation of the real endoscope
image. The loss function of the generator includes a discriminator that
classifies the endoscopic image into a real image or a composite image
and a self-regularization term that penalizes large deviations from the
real image. Rau et al. [35] also leverage the simulation environment, as
shown in Fig. 8(d). The difference is that the generator and discrimina-
tor of the model are additionally trained on the unlabeled real video
frames to adapt to the real colonoscopy environment. The synthetic
image of a simple colon model is applied in [95] to train the depth
network, and then the region-randomized and realistic images rendered
from the computed tomography measurement of the human colon are
used to fine-tune. The generator in the generative adversarial network
(GAN) is used to predict the depth, and the discriminator is used to
provide supervision information. Their method uses the rendering of
color images and depth maps to train a fully supervised depth network.
In the evaluation, the appearance conversion network is utilized to
convert the real endoscope image to the analog image or convert
the analog image to the real endoscope image for depth prediction
(Fig. 8(e)).

The proposal of CycleGAN further promotes the development of
generative learning methods in the field of endoscopes. Widya et al.
[96] utilize CycleGAN [104] to convert the real gastroscopic image to
the image sprayed with dye to reconstruct the stomach and achieved
good results, as shown in Fig. 8(f). Let A and B be two different image
fields. CycleGAN consists of two generator and discriminator pairs (𝐺𝐴,
𝐷𝐴) and (𝐺𝐵 , 𝐷𝐵). The task of the generator is to generate a virtual
image by converting the input image from one domain to another and
fool the discriminator of its relative domain. On the other hand, the
task of the discriminator is to distinguish between the generated image
and the real image. In the endoscope scene, A is the endoscope image
and B is the composite image with real values. A new GAN network
is proposed in [105] to convert colonoscopy images into virtual ren-
derings, and the annotations of Haustral folds are displayed in the
renderings. Rivoir et al. [106] propose a new method, which combines
unpaired image translation with neural rendering to transform the sim-
ulated abdominal surgery scene into a realistic surgery scene. Pfeiffer
et al. [107] extend the MUNIT framework and introduce an additional
multi-scale structure similarity loss to complete the transformation and
construction from virtual image to real image. Wang et al. [108] utilize
the prepared real bronchoscope image and virtual depth image as the
input of CycleGAN and find the mapping relationship between the real
bronchoscope image and virtual depth directly through CycleGAN. The
10

depth image is generated by the virtual bronchoscope system from
preoperative CT images. Banach et al. [97] extend and validate an
unsupervised learning method, which makes use of the three-loop con-
sistent generation countermeasure network (3cGAN) to generate depth
maps directly from bronchoscopic images and registered the depth
maps to preoperative CT. The depth map can be found in Fig. 8(b).
The authors in [109] train the teacher network on labeled data and
then provide pseudo labels for all images to guide the student network.
To improve the quality of pseudo tags, they enhance the consistency
based on anti-learning compulsion, and they also use confidence to
filter noise. Cheng et al. [4] employ synthetic data and real data for
depth estimation, in which the GAN mode is leveraged for synthetic
data and the self-monitoring mode is used for real data. Karaoglu
et al. [2] propose a joint method. Firstly, the depth estimation network
is trained with labeled composite images in a supervised manner. Then
an unsupervised adaptive scheme against domain features is adopted to
improve the performance of real images. A dual network architecture
proposed in [46] realizes the colonoscopy coverage method, which is
mainly used in the depth estimation method of colonoscopy without
calibration and supervision. Without calibration, it is based on a camera
sub-network to predict the camera’s internal matrix. Widya et al. [110]
complete the conversion with the dye in endoscopy.

4.3. Pose estimation

Like depth estimation methods, pose estimation for monocular en-
doscopic image sequences can be divided into geometric-based methods
and learning-based methods. Geometry-based methods mainly con-
tain steps such as feature extraction, feature matching, epipolar ge-
ometry, perspective-n-point (PnP), and iterative closest point (ICP).
Geometry-based pose estimation methods rely on the accuracy of fea-
ture matching. The performance of feature matching in endoscopes is
often unsatisfactory due to soft tissue deformation and illumination
changes. Learning-based methods mainly include convolution-based
feature encoders, which are then converted into pose matrices through
convolution. Encoding images using convolution is more robust to
photometric transformations in endoscopic scenes.

We summarize the performance of pose estimation in Table 5.
We can observe that the first 6 rows are geometry-based methods.
They are estimated on the synthetic datasets and then evaluated on
phantom datasets. The errors of these methods are reduced. As shown
in the middle of the table, the deep-learning-based method [111] firstly
performs better than traditional ORB-SLAM. And the authors in [78]
prove that the deep-learning-based method has a lower error when
the trajectory gets longer. After that, many of the researchers focus on
reducing the error of the pose estimation on the phantom and surgery
datasets.

4.4. Summary

At present, the learning-based method obtains more dense disparity
results, and the reconstruction results are closer to the real environ-
ment. The method of deep learning depends on the construction of
large data sets. In order to alleviate the difficulty of obtaining data
in the medical field, some methods use auxiliary data for training.
However, there is a big gap between the auxiliary data and the real
data. Other methods directly use endoscope images for training. But the
real endoscope video makes it difficult to get the dense ground truth.
Therefore, it is possible to obtain the experimental data closest to the
human body through animal experiments.

By analyzing Tables 3 and 4, in terms of depth estimation, most of
the work focuses on reducing the error rate of estimation and improving
the accuracy. Feature matching took up a lot of time in early work
based on SfM and SfS. In Table 3, the processing speed of most SLAM-
based methods ranges from 13 ms to 730 ms for the tracking thread,
and the processing speed for the mapping thread ranges from 400

to 16 280 ms. In Table 4, the deep inference speed of learning-based
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Fig. 8. Results of learning-based monocular methods with auxiliary data. (a) [94] and (b) [97] are the depth estimation from bronchoscopy images. (c) [47], (d) [35], and (e) [95]
are the results from the colonoscopy images. (f) shows the reconstructed result of the stomach [96].
Table 5
Survey of pose estimation with images mentioned in this paper. ‘–’ represents the item that is not reported in the reference paper. Type represents the type of endoscope, ‘M’
represents monocular, and ‘S’ represents binocular. ‘L’ means the learning-based method and ‘G’ means the geometry-based method. ‘ATE’ means the absolute trajectory error.
‘RMSE’ is the root mean square error. The numbers in [] represent the minimum and maximum values reported in the references.

Reference Type Theory Pose estimation

Data Results

[13] M G Synthetic Mean error of translation is 0.82 mm and mean error of rotation is
0.38 degrees

[65] M G Phantom RMSE: [0.015 cm, 0.049 cm]
[11] M G Phantom ATE RMSE: [4.10 cm, 8.32 cm]
[66] M G Synthetic RMSE: [1.24 mm, 4.39 mm]
[68] M G Phantom Relative pose error (RPE): [0.6, 2.9]

[69] M G Phantom and CT
(GT created by registration)

RMSE: 3.06 mm

[111] M L – ATE: Deep-learning based VO performs better than ORB-SLAM.

[78] M L – ATE: The trajectory length increase from 10 cm to 50 cm results a
change of more than 4 cm in both ORB-SLAM and LSD-SLAM methods,
whereas deep learning-based VO error increases around 1 cm.

[53] M L – –
[80] M L Phantom [0.0769, 0.0554]
[85] M L Phantom [0.0767, 0.0509]
[31] M L Phantom [0.0759, 0.0500]
[97] M L Phantom 6.2 ± 2.9 mm

[103] M L Surgery
(GT from COLMAP)

RMSE of absolute pose error (APE): 0.680

[81] M L+SLAM Surgery
(GT from COLMAP)

RMSE of absolute pose error (APE): 0.335

[79] M L Phantom [0.0742, 0.0478]
[112] M L Phantom 7.65 ± 2.99
[89] M L Phantom ATE: [1.68, 6.27]

[39] M L Synthetic RMSE: 28.9 cm
Phantom RMSE: 7.88 cm

[91] M L Phantom ATE: [3.110, 4.601]
[38] S L Phantom Euler angle error (EAE): [−0.02, 0.02] rad
[113] S L Phantom ATE: [0.744, 4.070]

[114] S L Phantom ATE: [0.04, 0.19]
Surgery ATE: 1.38 ± 0.93
methods ranges from 3.8 ms–84 ms. For real-time operations, it is
more appropriate to use learning-based methods for depth estimation.
According to Tables 3 and 4, we compare the robust performance of
the methods and find that only a few works among the geometry-based
methods have good tolerance to non-rigid soft tissues. In learning-based
methods, almost all work has no theoretical restrictions on non-rigid
soft tissues. Therefore, for surgical scenarios with a lot of soft tissue, it
seems more appropriate to use learning-based methods.
11
5. Depth estimation from stereo endoscopes

Binocular and monocular depth estimation methods have similar-
ities in principle but differences in processing. From classification,
binocular depth estimation methods can also be divided into geometry-
based methods and learning-based methods. From data sources, binoc-
ular endoscopes can acquire two images of the same scene at the same
moment, while monocular endoscopes can only acquire one. In the
feature-matching process for depth estimation, the monocular depth
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Table 6
Survey of stereo methods mentioned in this paper. ‘–’ represents the item that is not reported in the reference paper. ‘L’ means learning-based methods. ‘G’ means geometry-based
methods. RMSE is the root mean square error. The numbers in [] represent the minimum and maximum values reported in the references. ‘×’ indicates that medical data is not
available. ‘✓’ indicates that the data can be downloaded according to the reference.

Reference Category Depth estimation Processing time Robustness Scene represent.

Data Availability Metric per frame

[115] G Phantom × Qualitative – Non-rigid –
[116] G Phantom × RMSE of registration to CT model: 1.08 ± 0.7 mm – Non-rigid Point cloud
[117] G Phantom ✓ Average error: [0.46 mm 0.82 mm] 70 ms Non-rigid Point cloud
[21] G Phantom ✓ RMSE: [1.77 mm, 2.27 mm] 140,000 ms per case Non-rigid Point cloud
[44] L Phantom × RMSE: [1.0 mm, 2.0 mm] 76.3 ms Non-rigid TSDF
[118] G Phantom ✓ AEDE: [0.27 mm, 1.38 mm] – Non-rigid Point cloud
[38]a G Synthetic ✓ – – Non-rigid Point cloud
[113] L Phantom ✓ RMSE: [0.714, 1.705] 83.3 ms Non-rigid Surfel
[23]b L Phantom ✓ Qualitative 125 ms Instrument Surfel
[119] L Phantom ✓ SSIM: 42.41 ± 7.12 35 ms Instrument Surfel
[120]c L Phantom ✓ RMSE: 1.119 mm – Instrument 3D points
[121] L Phantom ✓ MAE: 3.054 mm – Instrument Point cloud
[109] L Phantom ✓ End-point disparity error (EPE): 0.77 ± 0.10 px – Non-rigid –
[37] L Phantom ✓ RMSE: 5.47 ± 1.34 40 ms Non-rigid Point cloud
[122]d L Phantom ✓ Disparity MAE (px): 0.74 ± 0.11 – Non-rigid –
[28]e L Phantom ✓ SSIM: 0.921 ± 0.022 14 h per case Dynamic NeRF
[29]f L Phantom ✓ SSIM: 0.901 ± 0.021 3 min per case Dynamic NeRF
[123]g L Phantom ✓ SSIM: 0.953 9 h per case Dynamic NeRF

a https://drive.google.com/drive/folders/1cypaTsHpi7TRVKI5cYvzk1UfpmdcOEts.
b https://github.com/ucsdarclab/Python-SuPer.
c https://github.com/Ultraicee/tpsNet.
d https://github.com/HK-Shi/Bidirectional-SemiSupervised-Dual-branch-CNN.
e https://github.com/med-air/EndoNeR.
f https://github.com/Loping151/LerPlane.
g https://github.com/Ruyi-Zha/endosurf.git.
estimation method needs to search and match across the entire image
because the pose estimation between the two images is unknown. In
contrast, in the binocular depth estimation method, the search between
two images can theoretically be narrowed down to one line by binocu-
lar correction. Learning-based methods for binocular depth estimation
in natural scenes are summarized in detail in [124]. This paper focuses
on methods that are often used in endoscopic environments. These
methods are summarized in Table 6 and visual results are shown in
Fig. 9. The abbreviations mentioned in the table are listed below. AEDE
is the abbreviation of the mean of the absolute Euclidean distance
errors. EAE represents the Euler angle error and TE represents the
translation error. ATE means the absolute trajectory error. RMSE is the
root mean square error.

5.1. Geometry-based methods

The common pipeline for geometry-based methods consists of the
ollowing steps, firstly extracting features and feature matching, sec-
ndly constructing cost volumes and performing parallax estimation,
nd finally optimization and post-processing. The key step in tra-
itional geometry-based methods is feature matching, and the most
ommonly used framework is SLAM. Some papers also use other tra-
itional techniques. Cao et al. [125] model the imaging process of
inocular endoscope based on a shadow restoration framework and
sed an improved illumination reflection model. Kumar et al. [116]
tilize SfS [126] method to reconstruct the 3D shape from one image.

.1.1. Feature matching
The main problem in binocular feature matching is how to deter-

ine the similarity between pixels, i.e. where a pixel in the left image
ppears in the corresponding right image. Similarity matching costs
ased on proximity regions can be employed in the clinic, generally
sing metrics such as normalized cross-correlation (NCC) [115] and
ero-normalized cross-correlation (ZNCC) [44]. In addition, SGM [127]
nd ELAS [128] are frequently used feature matching methods in
ndoscopy, such as in [129].
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Bernhardt et al. [115] use normalized cross-correlation (NCC) as
a metric to calculate the similarity between patches in the left and
right images. This method can adaptively and accurately find the best
corresponding relationship between each pair of images according to
three strict confidence standards, so as to achieve dense matching
between two stereo camera views and 3D scene reconstruction. Song
et al. [117] leverage the Efficient Large scale Stereo (ELAS) algorithm
to calculate the disparity map between pixels. Zhou et al. [44] utilize
the zero mean normalized cross-correlation (ZNCC) metric to evaluate
the similarity between local image blocks, and then present robust
outlier removal and hole filling methods to refine the ZNCC matching
results (Fig. 9(b)). Xia et al. [118] present a new feature point detection
method based on the gradient change of the image, and a robust edge-
preserving stereo matching of the laparoscopic image is proposed by
combining light correction and variational theory. The result is shown
in Fig. 9(g).

5.1.2. SLAM
The general framework includes two threads. One thread extracts

sparse feature points for pose estimation, and the other thread runs
dense binocular feature matching for depth estimation and then com-
bines pose to fuse the point cloud. Song et al. [117] propose a SLAM
algorithm based on embedded deformation nodes. This algorithm lever-
ages images from stereoscopes to perform deformable intensive re-
construction of the surface, and estimate the deformation field by
transforming the last updated model into the current real-time model
(Fig. 9(a)). Wang et al. [130] improve the tracking quality of the
ORB-SLAM [51] based laparoscope, which leverages motion vectors to
improve the extraction process of ORB feature points. Song et al. [131]
put forward MIS-SLAM, which is a complete real-time large-scale dense
deformable SLAM system with a stereoscope. The CPU is used to
execute ORB-SLAM to provide a robust global posture. The GPU per-
forms depth recovery of binocular images to generate a complete 3D
reconstruction scene. Zhou et al. [44] present effective post-processing
steps for local stereo matching methods in a static environment using
binocular endoscopes for common low-texture areas and changing

lighting conditions on tissue surfaces. 3D information is extracted from

https://drive.google.com/drive/folders/1cypaTsHpi7TRVKI5cYvzk1UfpmdcOEts
https://github.com/ucsdarclab/Python-SuPer
https://github.com/Ultraicee/tpsNet
https://github.com/HK-Shi/Bidirectional-SemiSupervised-Dual-branch-CNN
https://github.com/med-air/EndoNeR
https://github.com/Loping151/LerPlane
https://github.com/Ruyi-Zha/endosurf.git
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Fig. 9. Visualization of stereo methods. (a) [117] is the result from Hamlyn dataset; (b) shows the reconstruction of the phantom model [44]; (c) [21] represents the result of
liver; (d) is the result from abdominal images [113]; (e) shows the result of colon [38]; (f) is the reconstructed point cloud of heart sequences [120]; (g) is the result from surgery
images [118]; (h) is the reconstructed point from abdominal images [121]; (i) is the dynamic result of deformation of tissue [23].
video frames through stereo matching, and then 3D models are recon-
structed through pose stitching provided by ORBSLAM [51,132]. The
average processing time is 76.3 ms. The colon model segmented from
CT scanning is used together with the colonoscopy image to achieve the
high-precision 3D reconstruction of the colon in [38] (Fig. 9(e)). The
specific process is to first estimate the parallax image using binocular
images and SGM [127] algorithm, and then register the reconstructed
point cloud with the CT model. Based on the established point cor-
respondence, the barycenter-based mapping algorithm is utilized to
extract the texture coordinates between the 2D color image and the
colon model.

5.2. Learning-based methods

Because binocular endoscopes can provide two images of the same
moment as input, most works are done without the aid of auxiliary
data and focus mainly on improving performance and solving problems
caused by instrument occlusion or soft tissue distortion.

5.2.1. Feature matching with DL
The stereo depth estimation depends on the best matching be-

tween the epipolar pixels in the left and right images to infer the
depth. Li et al. [133] re-examine this problem from the perspective of
sequence-to-sequence correspondence, and replace cost volume struc-
ture with dense pixel matching of location information and attention.
Long et al. [119] utilize the network in [133] to obtain 3D information.
Zhao et al. [134] propose a loss function for surface perception based
on the work of [133] to improve the accuracy of the reconstruction.

5.2.2. Self-supervised network
The network framework for binocular depth estimation is similar

to the network structures presented previously. The state-of-the-art
approaches utilize a transformer structure to improve performance
between binocular feature matching.

Luo et al. [21] use the unsupervised method in SfMLearner [99]
to estimate the depth (Fig. 9(c)). [113] employ the U-Net framework
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to extract features at different resolutions, with the differences that
firstly four spatial pyramid pooling (SPP) layers are added after the
encoder and secondly a 3D convolutional decoder is used. The result
is shown in Fig. 9(d). A new self-supervised superposition and siam
encoding/decoding neural network is proposed in [135] to calculate
the accurate disparity map of 3D laparoscopic depth estimation. An
unsupervised optical flow-based depth estimation framework (END
flow) is proposed in [136] to train uncorrected binocular video without
calibrating camera parameters.

5.2.3. Dynamic reconstruction
For binocular reconstruction methods, researchers focus on reduc-

ing the impact of surgical instrument movements and occlusions on
reconstruction. In addition, segmentation networks are added for pro-
cessing dynamically changing surgical instruments, etc. in the surgical
environment. Long et al. [119] design a lightweight tool splitter to
deal with tool occlusion. This method can gather information according
to the time series and be used for surgical scene reconstruction. The
running speed is 28 fps. In terms of reconstructing the latest deformed
shape of the soft tissue surface, Li et al. [23] propose a new surgical
perception framework named SuPer for surgical robot control in the
nasal cavity mirror, which tracks the deformable surgical region and
the rigid instruments in the region at the same time. It selects the
surface as the scene representation and uses the embedded deform
graph to track all surface sets. The result can be found in Fig. 9(i).
Yang et al. [120] put forward a one-way neural network equivalent to
the thin plate spline (TPS) model (proved in this paper) to estimate the
subsequent disparity map more accurately by combining the disparity
of the previous binocular image. The result is shown in Fig. 9(f).
Luo et al. [121] present the correction module to compensate for the
imperfect stereo correction. The generating network creates the corre-
sponding reconstruction map according to the disparity map and the
original map, and the distinguishing network judges the reconstruction
map and the original map (Fig. 9(h)).
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Fig. 10. Dynamic results with NeRF. (a) shows the results of the first paper using
NeRF [28]. (b) displays soft tissue shape extraction from NeRF [123].

5.2.4. NeRF
Wang et al. [28] propose a dynamic neural radiation field to rep-

resent the deformable surgical scene in MLP (multilayer perceptrons).
In order to overcome the limitations of tool occlusion and single view
angle, tool masks are employed to guide ray casting, and 3D depth
prompts ray travel. The results are shown in Fig. 10(a). This work
shows great potential, but in the training process, an accurate disparity
map is still needed as the monitoring information. Zha et al. [123]
use three neural fields to model surface dynamics, shape, and texture
respectively. As shown in Fig. 10(b), this method extracts smoother and
more accurate geometric shapes. Yang et al. [29] represent the surgical
3D space and time axis as a 4D volume and accelerate the training
process by decomposing the 4D volume into 2D planes.

5.3. Summary

In conclusion, the approaches for binocular endoscopes are the
fastest growing in terms of practical surgical applications. In my opin-
ion, this is due to three reasons. Firstly, the hardware of the binocu-
lar endoscope can generate depth information. Secondly, laparoscopic
surgery provides a larger field of view and maneuvering space for the
endoscope. Finally, deep learning methods are rapidly evolving for
tasks such as anatomical structure recognition and instrument tracking.
Many fields remain to be explored in order to bridge the gap between
current methods and practical applications, such as soft tissue defor-
mation, soft tissue hemorrhage, and the interaction of instruments and
soft tissue.
14
Fig. 11. Relationships between depth estimation and other tasks.

As shown in Table 6, the range of processing time for stereo-based
methods is 35 ms–83 ms per frame. It is more convenient to obtain
depth information with two parallel lenses in a binocular endoscope.
Except for the laparoscope, monocular endoscopes are still used in
most examinations. In terms of robust performance, most methods can
handle non-rigid surgical scenarios. Some researchers have begun to
explore combining segmentation networks to eliminate the impact of
equipment movement. However, only a few methods currently deal
with the deformation of surgical instruments and soft tissue interac-
tions. By combining Tables 3, 4, and 6, we analyze the advantages
and disadvantages of several scene expression methods. The detailed
analysis is shown in Table 7. Point clouds have the widest range of
applications in terms of robust performance. Surfel [19] seems more
suitable for handling mobile equipment. TSDF [20] and Mesh can be
used to display the three-dimensional geometric shape of soft tissue.
For soft tissue deformation problems, NeRF [28] based methods can
achieve better performance.

6. Discussion

Depth estimation and 3D reconstruction tasks are closely related
to surgical visualization, surgical navigation, and surgical recogni-
tion. The relationship between the discussed tasks and the depth es-
timation is shown in Fig. 11. For surgical visualization, the depth
estimation method can be combined with the mosaic algorithm to
improve the visual effect, as shown in Fig. 11(a). 3D reconstruction
is the key step of surgical navigation, which provides a good basis
for the non-rigid registration steps, as shown in Fig. 11(b). The com-
bination of 3D reconstruction and semantic clues can improve the
performance of polyp recognition, segmentation, relocalization, and
anatomical structure recognition, as shown in Fig. 11(c).

6.1. Mosaicing and stitching

There are some works that utilize mosaicing and stitching technol-
ogy to extend vision. Bergen et al. [10] summarize a comprehensive
overview of the technology of endoscopic image mosaics and surface
reconstruction before 2014. Liu et al. [137] design the hardware of
the endoscope with a positioning sensor. Image stitching is carried
out through more accurate pose estimation and constraint model, and
errors caused by stomach expansion and non-rigid deformation are
handled to a certain extent. Gong et al. [138] propose a hybrid rigid
registration combining feature matching and template matching to
splice all frames into a full view using probe-based conformal laser
endoscopy. To solve the problem that traditional stitching methods
cannot work on non-rigid scenes in laparoscope, Zhou et al. [139]
present a SLAM that can generate dense deformation fields from sparse
feature matching and compensate for the deformation of pixels. Omar
et al. [140] utilize a multispectral endoscope, build a panoramic view
of the stomach based on video splicing technology and achieve regis-
tration with the endoscopic image based on optical biopsy targeting.
Zhang et al. [141] improve ORB descriptors through Gaussian pyra-
mids, and use the improved descriptors to improve image matching
accuracy and perform endoscopic image mosaics.



Computers in Biology and Medicine 175 (2024) 108546Z. Yang et al.

w
p
m
a
m
K
e

6

i
r
t
a
t
i
I
s
m
S
t

a
a
Q
o
v
e
m
r
o
f
s
g
h
f
r
t
t
i

n
r
s
e

Table 7
The analysis of several scene representations.

Scene Represent. The range of application Advantages Disadvantages

3D points The probability of using sparse 3D points in rigid, non-rigid,
and instrument scenes is 9%, 6%, and 25%, respectively.

Easy to extraction Sparse result

Point cloud The probability of using point cloud in rigid, non-rigid, and
instrument scenes is 81%, 38%, and 25%, respectively.

Basic 3D information
Convenient conversion to other formats

Presence of noise and holes

Surfel The probability of using Surfel in non-rigid and instrument
scenes is 17% and 50%, respectively.

More geometry information
(positions, normals, and radius)
Suitable for curve surface

Moderate accuracy

Mesh 19% of articles related to non-rigid scenarios choose mesh. More geometry information
(positions, normals, and faces)
Suitable for most surfaces
High accuracy

High complexity

TSDF 17% of articles related to non-rigid scenarios choose TSDF. Volume information
Convenient conversion to mesh

Moderate accuracy

NeRF SOTA methods use NeRF to deal with the large deformation
of soft tissues.

Implicit information
Efficient geometry representation
Reasonable filling-in

Poor generalization performance
To solve the problem that traditional stitching methods cannot
ork stably in real time for laparoscopic images, Zhou et al. [139]
ropose a new two-dimensional non-rigid simultaneous positioning and
apping system, which can compensate for the deformation of pixels

nd perform image stitching in real-time. The image transformation
atrix is estimated in [142] based on SIFT feature extraction and
-nearest neighbor feature point matching algorithm to achieve an
ndoscopic image mosaic.

.2. Non-rigid registration and navigation

For surgical navigation tasks, 3D reconstruction of surgical scenes
s a prerequisite. The registration between the results of endoscopic 3D
econstruction and the preoperative model is the core step to complete
he navigation. For example, Raposo et al. [143] match the preoper-
tive model with the bone by estimating the pose and reconstructing
he contour through visual markers and guiding the drilling. However,
t is difficult to put markers in the endoscope environment manually.
n order to visualize the middle ear structure during transtympanic
urgery, Hussain et al. [144] set reference points around the tympanic
embrane, register CT reconstruction and video images, and then used

URF tracking endoscope and Kalman filter to track the instrument, so
hat the instrument and model can be displayed on the screen.

Therefore, in the endoscope environment, researchers try to lever-
ge the unmarked method (SfM and SLAM) to reconstruct 3D scenes,
nd then complete the visualization through non-rigid registration.
iu et al. [1] create a sparse map of the oral environment based
n ORBSLAM [51,132]. In view of the fact that the key parts in-
olved in functional endoscopic sinus surgery are at high risk, Leonard
t al. [145] design an image-based enhanced endoscopic navigation
ethod. In [146], the point cloud model of the nasal endoscope is

econstructed according to SfM and MVS methods, and the registration
f the point cloud and CT reconstruction model is realized through
ast point feature histogram (FPFH) [147] features. According to the
urgical path and registration results of the reference planning, navi-
ation systems provide doctors with navigation of the nasal. For the
ighly active uterus in the human abdominal cavity, authors in [8]
use preoperative CT and laparoscopic video in real-time through initial
egistration and updated registration to provide assistance for doc-
ors. In [148], the point cloud generated by SLAM is registered with
he model reconstructed by CT to provide navigation for minimally
nvasive transient surgery.

Reconstruction based on deep learning is also common in surgical
avigation. Bano et al. [149] train the improved deep image homog-
aphy model to obtain the homography matrix between image pairs,
o as to achieve the purpose of splicing on the fetal mirror images and
15

xpanding the field of vision. The convolutional neural network [150]
is trained by the organ model with biomechanics to perform the cor-
responding search and non-rigid registration of the organ surface. Liu
et al. [5] obtain depth estimation and semantic segmentation through
joint training of arthroscopic images and convolution-based neural
networks.

To solve the problem of deformable registration of preoperative
models and intraoperative images, Min et al. [151] propose a two-
stage method. Kokko et al. [152] use particle filter to estimate the
best similarity transformation of patient kidney model. Modrzejewski
et al. [153] provide the dataset of non-rigid fit and flexible body col-
lision reasoning through the live pig model. Aiming at the problem of
registration of stereo endoscopic images and CT models in laparoscopic
surgery, a two-step method is proposed [154]. koeda et al. [155] utilize
a point-to-plane ICP method to register the kidney organ model and the
point cloud of endoscopic reconstruction, so as to improve the accuracy
of pose estimation. Zhang et al. [156] improve 3D reconstruction with
CT and non-rigid registration.

For surgical navigation tasks, the inaccuracy of depth estimation
also needs to be considered. The uncertainty of depth estimation should
also be considered for robot navigation in [157]. The unreliable depth
measurement is eliminated through confidence measurement to im-
prove the stereo accuracy [158].

6.3. Semantic cues

In the endoscope environment, the results of depth estimation can
promote some semantic tasks, such as polyp detection, segmentation,
tracking, and annotation. We elaborate on the relationship between
different tasks and depth estimation.

6.3.1. Polyp detection
Szczypinski et al. [159] utilize color and texture information, and

polyp detection of wireless capsule endoscope image is realized through
feature extraction, relevant feature subset selection, and classifica-
tion. Itoh et al. [160] propose a method to improve the accuracy of
polyp classification by using depth estimation information and conduct-
ing quantitative and qualitative evaluation through different types of
polyps.

6.3.2. Segmentation
Jonmohamadi et al. [161] propose the first knee arthroscope 3D

semantic mapping system, but the supervision network and depth esti-
mation network are separated, and the segmentation results are directly
mapped to the depth estimation. Celik et al. [162] use an unsupervised
adaptive technology, which can further improve the performance of
gastrointestinal polyps. Transunet [163] method, which has the ad-

vantages of both transformer and U-Net, is proposed to enhance more
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detailed details by restoring local spatial information and has achieved
many excellent performances in multiple organ segmentation and heart
segmentation. SegFormer [164] combines transformer. This structure
effectively uses local attention and global attention to effectively im-
prove the performance of segmentation networks in natural scenes.
Psychogyios et al. [165] propose a learning framework for joint dispar-
ity estimation and device segmentation is proposed. A shared feature
encoder and two prediction heads are used to perform segmentation
and disparity estimation tasks respectively. The accuracy of disparity
estimation is improved by supervising the segmentation task.

6.3.3. Relocalization and tracking
Schmidt et al. [166] present a current implicit neural graph to track

any number of points in a specified region. Ye et al. [167] propose
a matching method based on a multi-scale color histogram feature
descriptor and a random forest to relocate the image during the inspec-
tion. A method based on optical flow to estimate colonoscopy motion
is proposed in [168], which combines CT data with colonoscopy to dis-
play the corresponding patient’s anatomical structure. Jia et al. [169]
put forward the tracking method based on depth learning to eliminate
the motion interference, and then the motion is estimated based on
ORBSLAM [51,132]. In [170], the poses of the instrument relative to
the camera are estimated using the tracking method of the tracking tip
and the tracking method of the Hoff Kalman tracking instrument axis.

6.3.4. 3D annotation
Tong et al. [171] convert the nasal endoscope image into a virtual

endoscope image for depth estimation, and combine the camera param-
eters and the pose obtained by the electromagnetic sensor. Such 3D
annotation can be firmly and stably anchored to the target structure
when the camera moves.

7. Future directions

There have been significant improvements and advancements in
endoscopy in recent years, but a few opening problems are still wait-
ing to be solved according to the need for medical applications and
technological development. This section suggests the potential research
directions of 3D reconstruction and navigation in endoscopy.

7.1. Multi-tasking navigation for the entire procedure

For current surgical navigation, the most important thing is the lack
of a fully automated navigation system for multiple tasks. The surgery
often lasts for several hours. However, most researchers focus on edited
video clips with a duration of about ten minutes or a few seconds.
For the depth estimation task, how to save and update the long-period
3D model is also a key issue. Therefore, for long-term surgeries, it
is necessary to fully automate the identification of surgical stages,
surgical processes, anatomical positions, and other information. The
combination of multi-task output results allows doctors to interact more
efficiently and comfortably with the navigation system. In [172], the
estimated depth image can be applied to the recognition of anatomical
position. Later work can consider the surgical stage and anatomical
structure as a priori information to help the depth estimation task.
In addition, different surgical instruments will be used at different
stages of the operation. Making full use of the prior information on
the instruments and organs in the operation will greatly improve the
dynamic environment reconstruction.

7.2. Network architecture

Improving the robustness of the network is necessary for applica-
tions in medical environments. In real surgeries, various situations,
16
such as reflections, blood fog, and burning, affect the performance of
depth estimation, detection, and recognition tasks. Also, the complexity
of existing models is a key consideration during deployment. In deep
learning methods, the performance of the network is greatly affected
by the architecture. Thus, the improvement of the backbone is essential
for depth estimation. Nowadays, the transformer mechanism has made
great progress in improving its performance by using the global process-
ing of information [173]. A transformer-based approach is proposed for
the 3D reconstruction in nature scenes instead of the convolutional net-
work as the backbone in [174]. Compared with the fully convolutional
network, these characteristics allow the dense prediction network to
provide a more fine-grained and globally consistent prediction. When
there is a large amount of available data, the depth estimation task of
natural scenes has been improved by 28%. However, labeled data is
limited in medical scenes and transformer-based networks still remain
to be developed.

7.3. Deformable soft tissue

The expression of soft tissue in the surgical scene is an impor-
tant content that has not been structured and carefully studied. Some
researchers consider combining the biomechanical model with the
reconstruction results. A method combining the finite element method
and deep neural network to learn complex elastic deformation is pro-
posed in [175], which can only use sparse local surface displacement
data to solve the deformation state of organs. The current work also
mainly focuses on the validation of synthetic and external data. It is
difficult to obtain the corresponding ground truth for the deformation
caused by the patient’s own breathing and heartbeat movement.

7.4. Multi-sensor data fusion

Some works [176,177] have been devoted to the combination of
new sensors and endoscopes in hardwares. On the basis of hardware
improvement, multi-sensor data fusion is a very potential direction.
These works combine multi-camera [178], ultrasound [179], Time-
of-Flight [180], VIO [22], etc. However, the comprehensive use of
different sensors puts forward higher requirements for the robustness
of the method.

8. Conclusion

This paper provides a detailed summary of recent advances in 3D
reconstruction and depth estimation in the field of endoscopy over the
last 10 years. This decade has seen landmark events, such as the first
introduction of deep learning methods to endoscopic depth estimation
tasks. We have already observed an almost two-fold increase in the
number of papers published in conferences and journals on computer
vision, medical engineering, and more in 2021. Many more papers are
being published in 2022, indicating that an increasing number of re-
searchers are focusing on this area. The advantages and disadvantages
of these methods are summarized and performance comparison can be
found in tables and figures. Those who are new to the field can read this
paper to get an overview of the technical processes, and to understand
the key technologies and core frameworks. The paper also identifies
future research directions in this area.
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Appendix

These metrics are also used to measure the error for depth evalua-
tion.

𝐴𝑏𝑠𝑅𝑒𝑙 = 1
|𝐃|

∑

𝑑∈𝐃
|𝑑∗ − 𝑑|∕𝑑∗ (A.1)

𝑆𝑞 𝑅𝑒𝑙 = 1
|𝐃|

∑

𝑑∈𝐃
|𝑑∗ − 𝑑|2∕𝑑∗ (A.2)

𝑅𝑀𝑆𝐸 𝑙𝑜𝑔 =
√

1
|𝐃|

∑

𝑑∈𝐃
| log 𝑑∗ − log 𝑑|2 (A.3)

𝛿 = 1
|𝐃|

|

|

|

|

|

{

𝑑 ∈ 𝐃|𝑚𝑎𝑥(𝑑
∗

𝑑
, 𝑑
𝑑∗

< 1.25)
}

|

|

|

|

|

× 100% (A.4)

where D is the set of predicted depth. 𝑑 and 𝑑∗ denote the predicted
depth and the ground truth, respectively.
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