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Self-supervised Monocular Depth and Pose
Estimation for Endoscopy with Latent Priors

Ziang Xu, Bin Li, Yang Hu, Chenyu Zhang, James East, Sharib Ali*, Member, IEEE and Jens Rittscher

AbstractÐ Accurate 3D reconstruction in endoscopy
enables quantitative and holistic lesion characterization
within the gastrointestinal (GI) tract. To achieve this, re-
liable depth and pose estimation is required. However,
endoscopy systems are monocular, and existing methods
relying on synthetic datasets or complex models often lack
generalizability in challenging endoscopic conditions. We
propose a robust self-supervised monocular depth and
pose estimation framework that incorporates a StyleGAN-
based generator and a Variational Autoencoder (VAE). The
StyleGAN generator leverages extensive depth scenes from
natural images to condition the depth network, enhanc-
ing realism and robustness of depth predictions through
latent feature priors. For pose estimation, we reformulate
it within a VAE framework, treating pose transitions as
latent variables to regularize scale, stabilize z-axis promi-
nence, and improve x-y sensitivity. To further enhance
pose stability and generalizability, we introduce a prior
transfer module that distills motion knowledge from natu-
ral scene SLAM systems. Specifically, pose priors from a
pretrained SLAM modelÐsupervised on large-scale natural
scene datasetsÐare used to guide the latent distribution
of pose through a KL-divergence reparameterization. This
mechanism effectively transfers structural motion priors
into the endoscopic domain, improving trajectory consis-
tency under challenging conditions. This dual refinement
pipeline enables accurate depth and pose predictions, ef-
fectively addressing the GI tract’s complex textures and
lighting. Extensive evaluations on SimCol, C3VD, and En-
doSLAM datasets confirm our framework’s superior per-
formance over published self-supervised methods in en-
doscopic depth and pose estimation. All data descriptions
and code are available at https://github.com/EricXuziang/
Self-supervised-with-Latent-Priors.git.

Index TermsÐ Self-supervised learning, deep learning,
endoscopy, monocular depth and pose estimation

I. INTRODUCTION

Colorectal cancer (CRC) is a major global health concern,

ranking as the third most common cancer worldwide and ac-
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Fig. 1. Workflow for 3D lesion mapping in endoscopy: depth estimation
generates scene depth maps from monocular video frames, which
combined with pose trajectory, allow 3D reconstruction of the colon
and precise lesion localization for improved diagnostics and surgical
planning.

counting for approximately 35% of cancer-related deaths [1].

Accurate lesion mapping in colonoscopy is essential for effec-

tive CRC diagnosis and treatment but remains challenging due

to its dependency on endoscopist expertise [2]. By estimating

the camera’s distance to the mucosal surface (depth) and

reliably computing its ego-motion (relative pose), it becomes

feasible to reconstruct the scene in 3D [3]. In the context

of colonoscopy, 2D video sequences can be used to recover

depth and relative camera pose for 3D scene reconstruction [4],

as shown in Fig. 1. This enables lesion localization, size

estimation, and interactive visualization as an objective and

measurable 3D scene. 3D reconstruction thus provides a

powerful and consistent method for precise lesion mapping and

structural assessment, thereby enhancing clinical accuracy [5].

Effective 3D reconstruction in endoscopy relies on depth

and pose estimation. Depth estimation provides spatial infor-

mation, while pose estimation tracks camera orientation and

movement through the gastrointestinal (GI) tract. However,

reliable ground truth for depth and pose are difficult to obtain

due to the dynamic, constricted nature of the GI tract. Ad-

ditionally, endoscopy typically relies on monocular imaging,

which limits depth perception and complicates 3D mapping in

the GI tract’s variable and occluded environment.

Recent research has addressed these challenges with syn-

thetic datasets, self-supervised learning, and monocular ap-

proaches [6]±[9]. Synthetic datasets enable training by sim-

ulating endoscopic conditions, while self-supervised learning

leverage temporal and spatial cues to estimate depth and pose

without manual labels. While stereo endoscopes are being

developed they are not being used in routine practice. Hence,

self-supervised monocular depth estimation is the preferred ap-

proach, framing depth estimation as a view synthesis problem

and optimizing image reconstruction to avoid traditional depth

labels. Monocular systems rely on a single view and require

https://github.com/EricXuziang/Self-supervised-with-Latent-Priors.git
https://github.com/EricXuziang/Self-supervised-with-Latent-Priors.git


2

an additional pose network to infer motion, adding complexity

to compensate for limited depth cues.

Despite recent advances in monocular depth and pose

estimation, such as Monodepth [3], [10], Depth Any-

thing [11], and DepthPro [12], current methods struggle in 3D

colonoscopy due to the unique challenges of the endoscopic

environment. This includes complex and often homogeneous

textures, and large illumination variabilities. In addition, most

of the techniques in colonoscopy [4], [13], [14] are trained

on synthetic data relying on the established ground truth

and highly curated data from an experimental setup. This

limits model generalizability on real-world colonoscopy data.

Also, most of these methods do not utilize sequence data in

their training. To address these issues, we propose a robust

approach that incorporates generative latent priors into a

joint self-supervised framework for depth and pose estimation,

conditioning predictions to overcome these challenges. Here,

generative latent priors refer to the latent distribution learned

by a pretrained generative adversarial network, specifically, a

StyleGAN model trained on natural scene data. Our encoder

produces a compact latent representation that is mapped into

the StyleGAN intermediate latent space (W space) and used

to condition the pretrained generator. By supplying encoder-

derived latent codes to the generator, the model leverages

the rich spatial structure and natural image statistics captured

during StyleGAN’s large-scale training, resulting in more

stable and reliable depth prediction, particularly in low-texture,

low-light, or geometrically ambiguous regions.

Our self-supervised backbone builds on Monodepth2’s prin-

ciples [3], where a depth network estimates the current scene’s

depth and a pose network predicts the relative pose transitions

between frames. Then, reprojected adjacent frames are warped

to predict the current frame, forming a self-supervised loop

by comparing this prediction with the actual frame. However,

Monodepth2’s depth and pose predictions are driven solely

by reprojection consistency, lacking conditioning for realistic

scene depth or camera poses. In our work we introduce

a variational autoencoder (VAE) technique to minimize the

distribution variation between estimated pose and the pose

obtained from an off-the-shelf SLAM-based model pre-trained

(DROID-SLAM) [15] on large natural scene datasets.

Key contributions of our work are summarised below:

• We propose a depth estimation framework composed of

an encoder, a pretrained StyleGAN-based generator, and

a decoder. The StyleGAN generator is trained on depth

images to learn a structured latent space that captures

depth priors. Given an input image, an encoder predicts

latent codes in this learned latent space, which are used

to condition the StyleGAN generator. The generator pro-

duces intermediate depth-aware representations, which,

together with encoder features, condition a decoder that

synthesizes the final high-fidelity depth prediction.

• For pose estimation, we introduce a VAE-based for-

mulation, where the encoder corresponds to the pose

network and the decoder corresponds to the reprojection

algorithm, treating poses as latent variables to regularise

pose trajectories.

• We incorporate informative priors from DROID-

SLAM [15] pretrained on natural scenes, transferring its

latent motion understanding to the medical domain. A

KL-divergence guided regularization enhances geometric

consistency, particularly in textureless and high-speed

endoscopic sequences.

• Extensive experiments on SimCol [13], C3VD [7], and

EndoSLAM [16] datasets demonstrate superior perfor-

mance compared to existing methods, with ablation stud-

ies confirming the impact of each component.

II. RELATED WORK

Most clinical endoscopy platforms are monocular, so our

review focuses on key advances in monocular depth and

pose estimation and their application in endoscopy. Monocular

depth estimation is inherently challenging and ill-posed, as

a single 2D image may correspond to multiple 3D scenes.

Supervised deep learning approaches leverage accurate depth

labels as supervision, enabling models to learn the relationship

between RGB images and depth values. Eigen et al. [17]

propose a dual-network model, where one network makes a

global prediction, refined by a second network. Performance

improvements come from novel loss functions, such as the

Huber loss [18] and scale-invariant loss [19], as well as by

framing depth estimation as a multi-class regression task.

Monocular video sequences can be used as self-supervision

signals, but require the network to learn both depth and

camera pose. To optimise model effects others have in-

troduced additional constraints such uncertainty [20], nor-

mal consistency [21], semantic segmentation [22], and visual

odometry [23]. Remarkably, Monodepth2 [3] enhances model

convergence speed and accuracy without additional constraints

by optimizing minimum reprojection loss and introducing

automatic masking to handle static objects. Several subsequent

methods build on Monodepth2, including DualRefine [24],

MonoViT [25], and Lite-Mono [26].

Real depth maps are challenging to obtain in endoscopy due

to the need for specialized depth sensors and the variability

in measurement quality [27]. Synthetic data can address this

challenge by generating realistic simulated scenes along with

corresponding depth maps, thereby overcoming the limitations

of acquiring real-world depth maps and providing high-quality

training data for deep learning models. To improve depth and

pose estimation in endoscopy, Mahmood et al. [4] proposed

a joint CNN-CRF framework trained on synthetic datasets

with ground truth and adapted through adversarial training.

Generative approaches, such as those by Rau et al. [13] and

Mahmood et al. [28], employed GANs to generate depth maps,

though direct GAN-generated maps often lack accuracy, and

supervised learning is impractical given the need for extensive

ground truth data in endoscopy.

Self-supervised learning methods, which reframe monocular

depth estimation as a view synthesis problem, have shown

promise by eliminating the need for ground truth depth maps.

Hwang et al. [29] proposed a depth feedback network using

self-supervised neighboring frame depth prediction with re-

construction error computation. Ozyoruk et al. [16] combined
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a residual network with spatial attention and a luminance-

aware loss to improve robustness under varying illumination

and introduced the EndoSLAM dataset. Shao et al. [30]

introduced a unified self-supervised framework for monocular

depth and ego-motion estimation in endoscopic scenes, which

incorporates a novel concept called appearance flow to handle

brightness inconsistencies caused by illumination changes. Liu

et al. [9] presented a self-supervised monocular depth estima-

tion model with dual attention, using multi-scale structural

similarity and L1 losses to maintain luminance and color

invariance. Yang et al. [31] proposed a lightweight network

that tightly couples CNN and Transformer modules within a

hierarchical encoder for monocular depth estimation. Instead

of fusing features at the deepest layer, their method extracts

multi-scale features using CNNs for local texture and Trans-

formers for global shape, and enhances the pose network with

multi-head attention to improve motion prediction accuracy.

A novel framework based on intrinsic image decompo-

sition is proposed by Li et al. [32], which integrates un-

supervised depth estimation with intrinsic decomposition to

address challenges in endoscopic imaging. The framework

includes an image intrinsic decomposition module and a

synthesis reconstruction module, designed to work seamlessly

for accurate depth prediction. By leveraging the albedo map

from intrinsic decomposition, it avoids the need for image

pre-processing. Rodriguez et al. [33] presented LightDepth,

which utilized the inverse-square relationship between pixel

brightness and surface distance, leveraging the co-located

camera and light source in endoscopic devices. The method

demonstrates competitive performance. EndoDAC, proposed

by Cui et al. [34], introduced a self-supervised adaptation

framework for depth estimation in endoscopic surgery, which

effectively transfers foundation models to the medical domain.

This method leverages a Dynamic Low-Rank Adaptation mod-

ule and Convolutional Neck blocks to achieve depth estimation

tailored to endoscopic scenes with a remarkably small number

of trainable parameters.

In summary, existing methods for endoscopic depth and

pose estimation remain limited in the context of colonoscopy.

Supervised approaches [4], [13], [28] rely on synthetic or

GAN-generated depth data due to the lack of real ground

truth [27], but they suffer from a significant domain gap when

applied to real colonoscopy videos. Self-supervised methods

[9], [29]±[34] mitigate this dependency by leveraging pho-

tometric consistency, intrinsic decomposition, or foundation

model adaptation. Nevertheless, these strategies often fail in

textureless, specular, or poorly illuminated regions of colon,

where image-based cues are unreliable. Furthermore, none

of these methods explicitly enforce domain-invariant depth

representations or provide robust pose regularization tailored

to the quasi-static and deformable characteristics of colono-

scopic scenes. To overcome these limitations, we propose

a novel depth estimation framework that integrates an en-

coder±decoder architecture with a pretrained StyleGAN prior,

enabling domain-invariant and structurally consistent depth

recovery. Our framework is coupled with a VAE-based pose

estimation formulation that regularizes trajectories by treating

poses as latent variables. We further transfer geometric priors

from DROID-SLAM enhanced with a KL-divergence regular-

ization that ensures the consistency in textureless scenes.

III. METHODOLOGY

Our model is designed to estimate depth and camera pose

for reconstructing endoscopic movement traces and colon tract

in a monocular setting. Briefly, our model comprises two

main branches, DepthNet and PoseNet, which jointly predict

depth and pose in a self-supervised framework, following

the principles of Monodepth2 [3]. Our architecture follows

an encoding-decoding process (Fig 2). Specifically, DepthNet

encodes the current frame’s depth, while PoseNet encodes

the camera poses of adjacent frames (frames +1 and -1).

The encoded outputs are used in a reprojection step that

warps adjacent RGB frames to reconstruct the current frame

(frame 0). A reconstruction loss is then calculated between

the warped output and the ground truth frame, completing the

self-supervised learning loop.

To enhance the encoding process, we inject StyleGAN-

derived generative latent priors into both depth and pose

branches. For depth encoding, we leverage a pretrained Style-

GAN generator [35] that captures structured depth priors,

guiding the network to produce realistic depth maps. For pose

encoding, we incorporate a variational autoencoder (VAE)

where the pose network serves as the encoder, with predicted

poses as latent variables and the reprojection process as the

decoder. To regularize the latent space, we enforce a KL

divergence term that constrains the predicted pose distribution

to a prior. Instead of using a standard Gaussian prior, we guide

the latent space with pose estimates from a pretrained DROID-

SLAM [15], transferring structural motion priors from natural

scene datasets. This prior regularization enforces smooth,

scale-consistent pose transitions across x-, y-, and z-axis. The

following sections detail each model component.

A. DepthNet with StyleGAN-based generator

1) Encoder and Decoder

Our DepthNet (as illustrated in Fig. 2(a)) consists of an

encoder Edep, a depth prior generated by StyleGAN-based

generator Ldepth, and a decoder Ddep. The input RGB

image, x, is processed by the encoder, which comprises a

series of downsampling and convolutional layers, producing

a set of output feature maps at decreasing resolutions, h =
{hn−1, . . . , h0}, where n represents the number of resolutions.

Following the design and implementation of a StyleGAN

generator [36], feature generation is modulated by a set of

resolution-specific latent (style) vectors. Starting from an ini-

tial latent code, progressive upsampling is performed through

a sequence of generator blocks. At each resolution, the corre-

sponding style vector modulates the feature maps via Adaptive

Instance Normalization (AdaIN) [37].

The feature maps produced by the DepthNet encoder,

i.e., h = {hn−1, . . . , h0}, are treated as resolution-specific

latent vectors and fused into the progressive upscaling cas-

cade at their corresponding resolutions ( Fig 2, top panel).

This process generates a set of output feature maps, a =
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Fig. 2. Overview of the proposed method. The method consists of a depth estimation network with a pre-trained StyleGAN-based generator
and a VAE-constrained pose estimation network. The entire method is self-supervised training through subsequent reprojection as a supervision
signal. (a) Our DepthNet integrates a pretrained StyleGAN-based generator Ldepth encoding depth priors from natural scenes. Features from
encoder Edep are injected into the StyleGAN-based generator via AdaIN at multiple scales, enabling depth-aware modulation. The decoder Ddep

fuses prior-informed features with encoder outputs to predict depth at multiple scales. (b) Overview of the end-to-end monocular framework for
joint depth and pose estimation. DepthNet and PoseNet predict depth and relative motion, enabling self-supervised learning via reprojection-based
reconstruction of the current frame. (c) The VAE-constrained PoseNet Epos encodes relative poses as probabilistic latent variables. It predicts
both mean z

µ

pos and variance zσpos, enabling sampling via reparameterization. A KL term enforces smooth, scale-consistent pose distributions for
improved temporal stability. (d) This module injects global pose priors from pretrained DROID-SLAM [15]. Instead of using a standard Gaussian
prior, the predicted poses are regularized toward SLAM-informed distributions, enhancing temporal consistency and robustness in texture-limited
endoscopic settings.The overall framework is jointly optimized by the KL divergence loss LKL and the reprojection loss Lreproj.



XU et al.: SELF-SUPERVISED MONOCULAR DEPTH AND POSE ESTIMATION FOR ENDOSCOPY WITH LATENT PRIORS 5

L0

L1

L2

L3

NoiseNoise

NoiseNoise

NoiseNoise

Styles 

AdaIN AdaINAdaIN

D
is

c
r

im
in

a
to

r

Fake

Real

Fake image depth

Real image depth

Latent vector

Mapping 

network

Latent code 

Fig. 3. The pre-training process of the StyleGAN prior in our framework.
A Gaussian latent vector (Z) is first passed through a mapping network
to produce a latent code (W), which is then used to modulate features
at each resolution (L0, L1, L2, L3)) via adaptive instance normalization
(AdaIN). In this context, [36]. styles refer to the resolution-specific affine
transformation parameters (scale and bias) derived from the latent
code, which control visual characteristics of the generated depth maps.
Coarse layers influence global geometric structure, middle layers affect
medium-scale features such as depth contrast and organ structure, and
fine layers control surface texture and local structural details. Trained
within a GAN framework, the StyleGAN prior produces realistic depth
maps, while a discriminator refines generation quality by distinguishing
real from synthetic maps.

{an−1, . . . , a0}, at each resolution, which are then concate-

nated with the decoder Ddep at the corresponding resolutions.

The decoder Ddep receives both the feature maps from the

encoder (h = hk), and the feature maps modulated by the

latent vectors, a = ak, at the corresponding resolutions. It pro-

duces depth predictions, d = Ddep([h
k, ak], k ∈ {n−1, 0}) =

{d0, d1, d2, d3}, at the four largest resolutions. These corre-

spond to depth predictions at four different scales, as illustrated

in Fig 2 top panel. The key idea is to leverage the structured

depth priors learned by the pretrained StyleGAN generator

and reformulate depth prediction as a latent code conditioning

process. The depth encoder Edep extracts features from the

RGB images and maps them into the generator’s latent space,

producing latent codes that condition the pretrained StyleGAN

prior, Ldepth, to form a depth-aware representation. The latent

codes retrieved from Ldepth are then used in the decoding

process to reconstruct depth maps.

By pretraining StyleGAN-based generator Ldepth with a

large amount of scene depth data from other domains with

accessible ground truth depth data, we condition the depth

generation process. This encourages the decoder to produce

outputs that resemble realistic depth maps.

2) StyleGAN-based generator

Generative pretraining mode: The pretrained network

Ldepth follows a StyleGAN-like architecture [36]. The core

idea is to enhance the depth prediction process by injecting

prior knowledge of scene depths, obtained from domains

where depth data is abundant (e.g., natural scenes), which is

often easier to acquire than in specialized domains such as

endoscopy.

During training, a random Gaussian latent vector is gen-

erated and passed through a series of upsampling and mod-

ulated convolution blocks. At each resolution level, a new

Gaussian noise vector is combined with the features via

Adaptive Instance Normalization (AdaIN), adding variability

to the outputs. After upscaling to the target resolution, a final

convolutional block reduces the channels to 1, producing the

output depth map (Fig. 3). The discriminator is a standard

residual CNN trained to classify real vs. synthetic depth

maps generated by the pretrained generator (Ldepth). The

discriminator takes in a depth map and outputs a binary

classification score, where a score of 1 indicates a real depth

map, and a score of 0 indicates a synthetic one.

The goal is to optimize the pretrained StyleGAN-based

generator (Ldepth) to generate realistic depth maps, while

the discriminator is trained to accurately distinguish real

from generated depth maps. Following the original StyeGAN

implementation, we include a gradient penalty term to stabilize

the training [38]. The training process alternates between mini-

mizing the generator’s loss and maximizing the discriminator’s

classification accuracy.

StyleGAN-based Generator: After the StyleGAN-based

generator Ldepth is trained to produce realistic scene depth

outputs, its weights are frozen, and it is integrated into the

encoder-decoder architecture discussed in section III-A.1. Note

that a new set of trainable Adaptive Instance Normaliza-

tion (AdaIN) blocks is initialized and optimized during the

downstream training of the depth encoder Edep and the

decoder Ddep. The output of the decoder d = Ddep[h =
Edep(x),a = Ldepth(h)] will be fed to the reprojection

algorithm to reconstruct the input RGB frame and the training

process of Ddep and Edep will be discussed in section III-C.

B. VAE-constrained PoseNet

Regularizing the scale of pose estimation via VAE.

For generating pose predictions, we utilize a pose encoder

Epos (as illustrated in Fig. 2(c)) that takes an RGB input

and generates a pose estimation, represented as a vector of

shape R
6×1, consisting of six pose parameters. The pose

estimation is computed separately for both the previous frame

(−1) and the subsequent frame (+1). After obtaining the pose

estimations from Epos, these estimated poses are input to the

reprojection algorithm along with the depth output di from

DepthNet. The reprojection algorithm, serving as the decoder

in this context, takes the estimated poses and depth maps and

warps the RGB images of the −1 and +1 frames to produce

reprojected RGB images at the current frame. The reprojected

images are then compared with the ground truth RGB image

of the current frame using MSE loss, ensuring spatial temporal

consistency and completing the self-supervision [3].

The key difference in this approach is that we treat the

output of PoseNet, which represents the relative pose differ-

ences between adjacent frames (-1 and +1) to the current

frame, as latent variables in a VAE [39], [40]. Specifically,

the VAE encoder Epos predicts both the mean z
µ
pos and

variance z
σ
pos of the latent pose distribution, from which

we sample pose representations via the reparameterization.

The reprojection algorithm acts as the decoder in this setup,

constraining these relative pose parameters by enforcing a

KL divergence between the predicted pose differences and a
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Gaussian prior. This regularization suppresses the prominence

in z-axis movements while improves the relative sensitivity

of x-y pose changes between adjacent frames [41], reflecting

prior knowledge that endoscopic movements are typically

smooth to minimize potential damage to the GI tract.

Transferring latent priors of pose estimation from

natural scene SLAM. To further improve the quality and

stability of pose estimation in our self-supervised framework,

we incorporate external priors learned from a large-scale

supervised system, DROID-SLAM [15], trained on natural

scene datasets (as shown in Fig. 2(d)). Specifically, we use

a pretrained DROID-SLAM to obtain initial pose estimates

between adjacent frames in the endoscopic video. DROID-

SLAM was trained with ground truth supervision on natural

scenes datasets and optimized globally using bundle adjust-

ment [42]. This kind of training is not feasible in endoscopic

scenarios due to the lack of ground truth and we leverage the

predictions made based on a natural scenes trained system as

informative priors.

We regularize the predicted latent poses to match a Gaussian

centered at the pose estimates from the petrained DROID-

SLAM, i.e., N (µSLAM, I). This reparameterized prior ef-

fectively transfers structural motion knowledge from natu-

ral scenes to the endoscopy domain. The VAE formulation

enables our model to flexibly adapt and refine this prior

through gradient-based learning, balancing between the ex-

ternal SLAM-informed prior and the photometric consistency

constraints from self-supervision. The overall training objec-

tive thus consists of two principal components: (1) a photo-

metric reconstruction loss to enforce image-level consistency

across frames, and (2) a KL divergence loss to align the

predicted pose distribution with informative SLAM-transferred

priors. The overall optimization objective consists of two main

components:

Reprojection Loss: This is computed as the mean squared

error (MSE) between the ground truth RGB image xgt at the

current frame and the reprojected RGB image xreproj, obtained

by warping adjacent frames using the estimated poses and

depth (see Section III-C). The reprojected image is written as:

xreproj = Reproj
(

xsrc,Dtgt,Tsrc→tgt

)

, (1)

where xsrc denotes the source (adjacent) RGB image, Dtgt is

the predicted depth map of the target (current) frame, and

Tsrc→tgt ∈ SE(3) represents the relative pose that transforms

3D points from the source camera coordinate system to the

target one. The reprojection function Reproj(·) is implemented

via differentiable inverse warping: for each pixel (u, v) in the

target image, the corresponding 3D point is first reconstructed

by back-projecting (u, v) using the inverse camera intrinsics

K
−1 and the depth Dtgt(u, v), then transformed into the source

camera frame via Tsrc→tgt, and finally reprojected onto the

source image plane using the camera projection π(X,Y, Z) =
(X/Z, Y/Z); the resulting non-integer pixel coordinates are

used to bilinearly sample the RGB value from xsrc. The

reprojection loss is then given by:

Lreproj =
∥

∥xgt − xreproj

∥

∥

2

2
. (2)

KL Divergence Regularization: The KL divergence between

the predicted pose parameters and a Gaussian prior, which

smooths the changes in pose estimates:

LKL = KL (q(zpos)∥N (µSLAM, I)) , (3)

where q(zpos) : zpos ∼ N (zµpos, z
σ2

pos) represents the

distribution of pose parameters estimated by PoseNet, and

N (µSLAM, I) denotes a standard Gaussian prior. Total Loss

for the VAE-constrained PoseNet: Ltotal = Lreproj + β · LKL,

where β = 0.1 controls the weight for KL divergence.

C. Self-supervised Reprojection

The reprojection algorithm takes the depth map di (output

from DepthNet for the current frame), the RGB images of

the adjacent frames (x−1 and x+1), and the estimated pose

differences zpos,−1 and zpos,+1 (via PoseNet) that specify

the relative pose differences from the current frame to the

adjacent frames. The algorithm uses these inputs to warp and

interpolate the RGB images of −1 and +1 frames, generating

the reprojected RGB image of the current frame, Ireproj, same

as Monodepth2 [3], where the reprojection per-pixel loss is

computed as the minimum photometric error over the adjacent

source images to handle disocclusion. The overall loss function

for training all sub-networks: DepthNet (with Edep and Ddep)

and PoseNet (with Epos) is given by:

Ltotal(θdep, θpos) = min
(
∥

∥x0 − Reproj(x−1, zpos,−1,di

)
∥

∥

2

2
,

∥x0 − Reproj(x+1, zpos,+1,di)∥
2

2
)

+ βKL
(

q(zpos)∥N (µSLAM, I)
)

,
(4)

where x0 denotes the current RGB frame. The estimated

pose differences between the adjacent frames and the current

frame are represented as zpos,−1 and zpos,+1 for the previous

and next frames, respectively. The reprojection operation,

Reproj(·), utilizes these pose differences along with the depth

estimates to reconstruct the current view. The distribution

of the estimated poses is modeled as q(zpos), and the KL

divergence between this distribution and the prior is weighted

by a coefficient β, which is set to 0.1 in our experiments.

IV. EXPERIMENTS

A. Datasets

Existing research often uses synthetic data generated from

3D models, as these provide RGB images with corresponding

ground truth depth maps to evaluate endoscopic depth estima-

tion models. Three main datasets are included: the SimCol [43]

and C3VD [7] and EndoSLAM datasets [16].

The SimCol dataset, created by Rau et al. [43] using CT

scans of the human colon and rendered in Unity, includes 33

scenes with a total of 37,833 RGB frames, each paired with

ground truth depth maps and camera poses. Depth values are

scaled to [0, 1] representing [0, 20] cm. We utilized the SimCol

dataset, specifically SyntheticColon I and SyntheticColon II,

for the training, validation, and testing sets. Trajectory S1±S3,

S6±S8, S11±S13, B1±B3, B6±B8, and B11±B13 were used
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TABLE I

COMPARISON OF DEPTH ESTIMATION METHODS ACROSS VARIOUS METRICS ON THE SIMCOL DATASET.

Dataset Method Year
Depth Error (↓) (in cm) Depth Accuracy (↑)

Abs Rel Sq Rel RMSE RMSE log L1 error δ < 1.25 δ < 1.252 δ < 1.253
S

im
C

o
l-

I
&

II

Monodepth2 [3] 2019 0.151 0.209 0.709 0.200 0.443 0.837 0.946 0.979
MonoViT [25] 2022 0.138 0.234 0.715 0.157 0.423 0.863 0.952 0.952
DualRefine [24] 2023 0.133 0.289 0.717 0.152 0.425 0.871 0.944 0.974
Lite-Mono [26] 2023 0.126 0.184 0.640 0.144 0.358 0.886 0.969 0.990

Depth Pro† [12] 2024 0.174 0.137 0.708 0.211 0.479 0.734 0.949 0.988

Endo-SFMLearner∗ [16] 2021 0.137 0.202 0.689 0.149 0.407 0.891 0.955 0.981

AF-SFMLearner∗ [30] 2023 0.129 0.181 0.656 0.141 0.359 0.879 0.975 0.991

IID-SfmLearner∗ [32] 2024 0.131 0.199 0.669 0.143 0.372 0.899 0.961 0.980

EndoDAC∗ [34] 2024 0.127 0.165 0.647 0.135 0.361 0.911 0.980 0.991
Ours 2025 0.121 0.110 0.608 0.123 0.339 0.940 0.983 0.996

S
im

C
o
l-

II
I

Monodepth2 [3] 2019 0.135 0.137 0.624 0.187 0.412 0.840 0.937 0.957
MonoViT [25] 2022 0.128 0.125 0.595 0.169 0.400 0.858 0.957 0.981
DualRefine [24] 2023 0.115 0.177 0.577 0.159 0.392 0.889 0.947 0.966
Lite-Mono [26] 2023 0.121 0.091 0.539 0.158 0.368 0.872 0.966 0.987

Depth Pro† [12] 2024 0.178 0.150 0.757 0.216 0.547 0.704 0.948 0.990

Endo-SFMLearner∗ [16] 2021 0.133 0.112 0.566 0.172 0.396 0.884 0.951 0.979

AF-SFMLearner∗ [30] 2023 0.119 0.105 0.537 0.151 0.361 0.891 0.959 0.989

IID-SfmLearner∗ [32] 2024 0.124 0.109 0.542 0.157 0.373 0.889 0.957 0.982

EndoDAC∗ [34] 2024 0.116 0.099 0.521 0.149 0.350 0.901 0.969 0.989
Ours 2025 0.110 0.079 0.501 0.119 0.320 0.931 0.983 0.992

† Foundation model trained on large-scale natural images; ∗ Endoscopy-specific self-supervised method

TABLE II

COMPARISON OF POSE ESTIMATION METHODS ACROSS VARIOUS

METRICS ON SIMCOL DATASET(SYNTHETIC).

Dataset Method
Pose Error (↓)

ATE Trans. RPE Rot. RPE
(in cm) (in cm) (deg)

S
im

C
o
l-

I
&

II

Monodepth2 [3] 0.5502 0.1371 0.3632
DualRefine [24] 0.5224 0.1216 0.2912
MonoViT [25] 0.5331 0.1279 0.3260
Lite-Mono [26] 0.5154 0.1208 0.2775
DROID-SLAM [15] 0.4577 0.1093 0.1769

Endo-SFMLearner∗ [16] 0.5069 0.1176 0.1977

AF-SFMLearner∗ [30] 0.5016 0.1088 0.1943

IID-SfmLearner∗ [32] 0.5139 0.1141 0.209

EndoDAC∗ [34] 0.5027 0.1091 0.1877
Ours 0.4209 0.0833 0.1077

S
im

C
o
l-

II
I

Monodepth2 [3] 0.5363 0.1099 0.3235
DualRefine [24] 0.4644 0.1043 0.2959
MonoViT [25] 0.4818 0.1106 0.3072
Lite-Mono [26] 0.4541 0.0864 0.2833
DROID-SLAM [15] 0.4429 0.0933 0.2636

Endo-SFMLearner∗ [16] 0.4511 0.1046 0.2951

AF-SFMLearner∗ [30] 0.4502 0.0847 0.2715

IID-SfmLearner∗ [32] 0.4677 0.0936 0.2815

EndoDAC∗ [34] 0.4519 0.0922 0.2706
Ours 0.4246 0.0736 0.2273

as the training set. Trajectory S4, S9, S14, B4, B9, and

B14 were designated as the validation set. Trajectory S5,

S10, S15, B5, B10, and B15 were assigned to the testing

set. Additionally, all frames from SyntheticColon III (O1±O3)

were used exclusively as the testing set.

The C3VD dataset [7] introduces a novel multimodal 2D-

3D registration method that aligns clinical video sequences

with ground truth 3D models by transforming images into

depth maps via a GAN and optimizing edge alignment using

an evolutionary algorithm. The dataset includes 22 registered

video sequences with paired ground truth depth maps. To

assess the model’s generalization capability, the dataset is

partitioned into four anatomical subsets: Cecum, Descending

Colon, Sigmoid Colon, and Transverse Colon.

The EndoSLAM dataset [16] includes both synthetic videos

generated using the VRCaps simulation environment and

real endoscopy videos from ex-vivo porcine GI organs. The

synthetic dataset comprises 21,887 colon frames and 12,558

small bowel frames, each with ground truth depth maps and

camera poses. These were used as test sets to evaluate model

generalization across different GI regions. The real endoscopy

videos in EndoSLAM dataset consist of only pose ground truth

as it is difficult to use depth camera in endoscope. EndoSLAM

and C3VD dataset have been used as the unseen test (not used

in training) set only.

To pre-train StyleGAN-based generator, we use SceneNet

RGB-D dataset [44], consisting of more than 15,000 frames

of synthesized indoor RGB images and ground truth depth

maps. In addition, we evaluate the performance of multiple

methods on pose estimation. For the synthetic dataset [7],

[43], each video frame is associated with ground-truth camera

pose, enabling quantitative analysis. Furthermore, we assess

the method on real in vivo surgical data from the EndoSLAM

dataset [16], which includes multiple trajectories captured

with three different endoscopic cameras: HighCam Colon-IV,

LowCam Colon-IV, and MiroCam Colon-III.

B. Implementation details

Hyperparameters: For self-supervised depth and pose esti-

mation, we implemented our method in PyTorch and trained

on NVIDIA Quadro RTX 6000 with a batch size of 12, Adam

as the optimizer with the weight decay of 1e−3, an initial

learning rate of 1e−4, input resolution of 480×480 and training

epoch of 20. To pre-train the StyleGAN-based generator, we

used a progressive training approach with a fixed learning

rate of 10−4, gradually increasing the output resolution over

the course of 100 epochs. To ensure the fairness of the

experiments, all comparative models were trained using the

same training strategies and the same training and testing

datasets. Only SimCol dataset is used for training and held-out

testing while other two datasets (C3VD and EndoSLAM) are

used only for testing.

Evaluation metrics: We report eight commonly used met-

rics proposed in [17], [43] for evaluating the depth estimation

accuracy, which are Abs Rel, Sq Rel, RMSE, RMSE log,
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TABLE III

COMPARISON OF DEPTH ESTIMATION METHODS ACROSS VARIOUS METRICS ON THE C3VD AND ENDOSLAM DATASET (UNSEEN TEST).

Dataset Method Year
Depth Error (↓) Depth Accuracy (↑)

Abs Rel Sq Rel RMSE RMSE log L1 error δ < 1.25 δ < 1.252 δ < 1.253

C
3
V

D
C

ec
u

m

Monodepth2 [3] 2019 0.282 3.506 10.315 0.323 8.186 0.577 0.864 0.947
MonoViT [25] 2022 0.263 3.274 9.633 0.301 7.644 0.581 0.866 0.947
DualRefine [24] 2023 0.262 3.260 9.592 0.300 7.612 0.585 0.869 0.949
Lite-Mono [26] 2023 0.251 3.132 9.217 0.288 7.314 0.582 0.899 0.950

Depth Pro† [12] 2024 0.288 3.588 10.559 0.330 8.379 0.562 0.860 0.941

Endo-SFMLearner∗ [16] 2021 0.245 3.051 8.979 0.281 7.125 0.590 0.889 0.956

AF-SFMLearner∗ [30] 2023 0.233 2.901 8.536 0.267 6.774 0.601 0.898 0.959

IID-SfmLearner∗ [32] 2024 0.239 2.947 8.641 0.272 6.991 0.615 0.879 0.956

EndoDAC∗ [34] 2024 0.230 2.900 8.502 0.266 6.717 0.618 0.899 0.961
Ours 2025 0.227 2.824 8.309 0.260 6.594 0.625 0.907 0.967

C
3
V

D
D

es
ce

n
d

in
g

C
o
lo

n Monodepth2 [3] 2019 0.256 1.800 5.442 0.285 4.470 0.558 0.861 0.953
MonoViT [25] 2022 0.244 1.718 5.197 0.272 4.268 0.568 0.870 0.957
DualRefine [24] 2023 0.236 1.659 5.018 0.262 4.121 0.591 0.879 0.969
Lite-Mono [26] 2023 0.232 1.637 4.951 0.259 4.066 0.633 0.899 0.975

Depth Pro† [12] 2024 0.276 1.945 5.882 0.308 4.831 0.551 0.860 0.951

Endo-SFMLearner∗ [16] 2021 0.233 1.640 4.959 0.259 4.073 0.631 0.902 0.975

AF-SFMLearner∗ [30] 2023 0.229 1.613 4.877 0.255 4.005 0.662 0.911 0.974

IID-SfmLearner∗ [32] 2024 0.231 1.629 4.922 0.259 4.051 0.658 0.909 0.966

EndoDAC∗ [34] 2024 0.229 1.607 4.871 0.255 4.001 0.651 0.911 0.969
Ours 2025 0.223 1.569 4.746 0.248 3.898 0.653 0.922 0.979

C
3
V

D
S

ig
m

o
id

C
o
lo

n

Monodepth2 [3] 2019 0.281 2.210 6.752 0.320 5.113 0.587 0.859 0.946
MonoViT [25] 2022 0.267 2.103 6.426 0.304 4.866 0.609 0.861 0.946
DualRefine [24] 2023 0.263 2.074 6.337 0.300 4.798 0.607 0.877 0.951
Lite-Mono [26] 2023 0.250 1.967 6.011 0.284 4.551 0.616 0.883 0.955

Depth Pro† [12] 2024 0.291 2.289 6.993 0.331 5.295 0.577 0.850 0.937

Endo-SFMLearner∗ [16] 2021 0.251 1.979 6.048 0.286 4.579 0.611 0.886 0.957

AF-SFMLearner∗ [30] 2023 0.245 1.928 5.892 0.279 4.461 0.653 0.901 0.955

IID-SfmLearner∗ [32] 2024 0.249 1.957 5.905 0.280 4.511 0.639 0.901 0.949

EndoDAC∗ [34] 2024 0.241 1.908 5.814 0.277 4.427 0.659 0.902 0.959
Ours 2025 0.233 1.842 5.629 0.266 4.262 0.672 0.904 0.973

C
3
V

D
T

ra
n

sc
en

d
in

g
C

o
lo

n Monodepth2 [3] 2019 0.328 2.826 8.731 0.367 6.474 0.527 0.804 0.935
MonoViT [25] 2022 0.313 2.698 8.337 0.350 6.181 0.551 0.829 0.950
DualRefine [24] 2023 0.311 2.684 8.292 0.348 6.148 0.556 0.831 0.955
Lite-Mono [26] 2023 0.298 2.564 7.921 0.332 5.873 0.579 0.860 0.959

Depth Pro† [12] 2024 0.338 2.911 8.995 0.378 6.669 0.521 0.811 0.922

Endo-SFMLearner∗ [16] 2021 0.299 2.568 7.936 0.333 5.884 0.601 0.839 0.952

AF-SFMLearner∗ [30] 2023 0.291 2.514 7.767 0.326 5.759 0.617 0.875 0.962

IID-SfmLearner∗ [32] 2024 0.295 2.551 7.899 0.331 5.831 0.609 0.846 0.957

EndoDAC∗ [34] 2024 0.287 2.469 7.390 0.319 5.605 0.637 0.879 0.963
Ours 2025 0.261 2.248 6.946 0.291 5.150 0.669 0.882 0.970

E
n

d
o
S

L
A

M
C

o
lo

n

Monodepth2 [3] 2019 0.447 0.672 0.701 0.449 0.459 0.411 0.725 0.860
MonoViT [25] 2022 0.385 0.633 0.682 0.413 0.328 0.579 0.858 0.929
DualRefine [24] 2023 0.423 0.562 0.643 0.439 0.404 0.479 0.749 0.865
Lite-Mono [26] 2023 0.404 0.559 0.596 0.426 0.389 0.421 0.796 0.887

Depth Pro† [12] 2024 0.492 0.713 0.779 0.461 0.477 0.403 0.719 0.833

Endo-SFMLearner∗ [16] 2021 0.391 0.607 0.571 0.409 0.299 0.522 0.832 0.901

AF-SfMLearner∗ [30] 2023 0.370 0.532 0.552 0.389 0.260 0.559 0.846 0.935

IID-SfmLearner∗ [32] 2024 0.368 0.530 0.563 0.396 0.266 0.557 0.843 0.927

EndoDAC∗ [34] 2024 0.362 0.529 0.550 0.385 0.257 0.570 0.854 0.939
Ours 2025 0.348 0.511 0.533 0.380 0.235 0.573 0.869 0.956

E
n

d
o
S

L
A

M
S

m
a
ll

In
te

st
in

e

Monodepth2 [3] 2019 0.444 0.602 0.653 0.453 0.417 0.410 0.701 0.866
MonoViT [25] 2022 0.423 0.569 0.635 0.441 0.406 0.417 0.722 0.879
DualRefine [24] 2023 0.422 0.536 0.617 0.442 0.403 0.418 0.704 0.875
Lite-Mono [26] 2023 0.369 0.519 0.533 0.393 0.324 0.501 0.810 0.913

Depth Pro† [12] 2024 0.471 0.633 0.679 0.459 0.430 0.412 0.689 0.856

Endo-SFMLearner∗ [16] 2021 0.377 0.582 0.547 0.399 0.353 0.531 0.789 0.892

AF-SfMLearner∗ [30] 2023 0.352 0.521 0.520 0.385 0.267 0.611 0.819 0.952

IID-SfmLearner∗ [32] 2024 0.359 0.537 0.525 0.390 0.319 0.602 0.799 0.898

EndoDAC∗ [34] 2024 0.347 0.520 0.515 0.381 0.248 0.632 0.833 0.959
Ours 2025 0.329 0.504 0.501 0.371 0.201 0.643 0.865 0.965

† Foundation model trained on large-scale natural images; ∗ Endoscopy-specific self-supervised method
Note: Depth error for EndoSLAM dataset are reported in centimeters (cm), while those for C3VD are in millimeters (mm).

δ < 1.25, δ < 1.252, δ < 1.253 and L1 error. Abso-

lute Trajectory Error (ATE) evaluates the global consistency

of a predicted trajectory with respect to the ground truth.

Translational Relative Pose Error (Trans. RPE) and Rotational

Relative Pose Error (Rot. RPE) quantifies the local accuracy

of pose estimation by measuring the difference in translational

motion and the angular difference between two consecutive

poses over a fixed time interval. We follow the established

practice in works such as SimCol [43] and EndoSLAM [16],

which utilize a five-frame interval for Trans. RPE computation.

We use these three metrics for evaluating the pose estimation.

Similar to other monocular depth estimation approaches [3],

[16], [25], [26], [30], which estimates trajectory up to an un-

known scale factor, we perform scale-aware alignment before

calculating the Absolute Trajectory Error (ATE). Specifically,

the estimated trajectory is aligned to the ground truth via a

single optimal similarity transformation that minimizes the

least-squares error.
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TABLE IV

COMPARISON OF POSE ESTIMATION METHODS ACROSS VARIOUS

METRICS ON C3VD DATASET (SYNTHETIC, UNSEEN).

Dataset Method
Pose Error (↓)

ATE Trans. RPE Rot. RPE
(in mm) (in mm) (deg)

C
3

V
D

C
ec

u
m

Monodepth2 [3] 3.5397 0.2583 0.4665
DualRefine [24] 3.1318 0.2344 0.3876
MonoViT [25] 3.4566 0.2394 0.4018
Lite-Mono [26] 2.8878 0.2362 0.3571
DROID-SLAM [15] 2.4961 0.2297 0.2448

Endo-SFMLearner∗ [16] 2.5513 0.2588 0.3453

AF-SFMLearner∗ [30] 2.4697 0.2334 0.3066

IID-SfmLearner∗ [32] 2.5177 0.2508 0.3161

EndoDAC∗ [34] 2.4719 0.2301 0.2895
Ours 2.2331 0.2125 0.1579

C
3

V
D

D
es

ce
n

d
in

g
C

o
lo

n

Monodepth2 [3] 11.6014 0.4926 0.4322
DualRefine [24] 9.9003 0.4178 0.3652
MonoViT [25] 10.3427 0.4226 0.3869
Lite-Mono [26] 9.4211 0.3734 0.3007
DROID-SLAM [15] 9.3594 0.3571 0.2182

Endo-SFMLearner∗ [16] 9.4610 0.3699 0.2477

AF-SFMLearner∗ [30] 9.3321 0.3608 0.2493

IID-SfmLearner∗ [32] 9.4427 0.3653 0.2501

EndoDAC∗ [34] 9.3075 0.3601 0.2375
Ours 9.0766 0.3413 0.1535

C
3

V
D

S
ig

m
o

id
C

o
lo

n

Monodepth2 [3] 2.1315 0.2758 0.2581
DualRefine [24] 2.1094 0.2440 0.2066
MonoViT [25] 2.1115 0.2697 0.2246
Lite-Mono [26] 1.9833 0.2125 0.1791
DROID-SLAM [15] 1.7317 0.1881 0.1699

Endo-SFMLearner∗ [16] 1.8297 0.2176 0.1470

AF-SFMLearner∗ [30] 1.7345 0.1844 0.1853

IID-SfmLearner∗ [32] 1.7941 0.1996 0.1728

EndoDAC∗ [34] 1.7573 0.1731 0.1411
Ours 1.6535 0.1408 0.1706

C
3

V
D

T
ra

n
sc

en
d

in
g

C
o

lo
n

Monodepth2 [3] 3.8970 0.2271 0.1510
DualRefine [24] 3.3377 0.1892 0.1273
MonoViT [25] 3.5271 0.1997 0.1462
Lite-Mono [26] 3.0016 0.1808 0.1116
DROID-SLAM [15] 2.4977 0.1602 0.1041

Endo-SFMLearner∗ [16] 2.9108 0.1834 0.1079

AF-SFMLearner∗ [30] 2.5011 0.1578 0.1053

IID-SfmLearner∗ [32] 2.6785 0.1619 0.1077

EndoDAC∗ [34] 2.5548 0.1592 0.1062
Ours 2.1556 0.1598 0.0901

C. Results

1) Results in the SimCol dataset

Methods included for comparison are Monodepth2 [3],

DualRefine [24], MonoVit [25], Lite-Mono [26], founda-

tion model Depth Pro [12], endoscopy-specific model Endo-

SFMLearner [16] and AF-SFMLearner [30]. The depth esti-

mation results on the SimCol dataset are presented in Table I.

Our method outperforms Monodepth2 across metrics and

demonstrates superior performance compared to other recent

methods. Specifically, on the Synthetic Colon III test set, our

method achieves an RMSE of 0.501, an Abs Rel of 0.110, and

an L1 error of 0.320Ðreducing RMSE by 0.123 and 0.038

compared to Monodepth2 and Lite-Mono, respectively. Com-

pared to the endoscopy-specific state-of-the-art model AF-

SFMLearner, our method achieves improvements of 0.036 in

RMSE and 0.041 in L1 error. Similarly, our method surpasses

other methods on the Synthetic Colon I/II test set. Depth

Pro was also evaluated based on transfer learning (i.e., the

natural scene depth pretrained foundation model is directly

used to perform inference on endoscopy datasets), but the

results on both test sets were unsatisfactory. As shown in

Table II, our method demonstrates solid improvement over

recent methods in pose estimation, achieving ATE values of

0.4209 and 0.4246, Trans. RPE values of 0.0833 and 0.0736

TABLE V

COMPARISON OF POSE ESTIMATION METHODS ACROSS VARIOUS

METRICS ON ENDOSLAM DATASET (REAL EX-VIVO, UNSEEN).

Dataset Method
Pose Error (↓)

ATE Trans. RPE Rot. RPE
(in m) (in m) (deg)

E
n

d
o
S

L
A

M
H

ig
h

C
a
m

C
o
lo

n
-I

V

Monodepth2 [3] 0.1231 0.0038 0.9298
DualRefine [24] 0.1192 0.0039 0.9064
MonoViT [25] 0.1155 0.0033 0.8349
Lite-Mono [26] 0.0924 0.0030 0.6973
DROID-SLAM [15] 0.0833 0.003 0.5941
Endo-SFMLearner∗ [16] 0.1055 0.0032 0.7025
AF-SFMLearner∗ [30] 0.0861 0.0024 0.6278
IID-SfmLearner∗ [32] 0.0997 0.0033 0.6995
EndoDAC∗ [34] 0.0872 0.0029 0.6211
Ours 0.0654 0.0021 0.4713

E
n

d
o
S

L
A

M
L

o
w

C
a
m

C
o
lo

n
-I

V

Monodepth2 [3] 0.1355 0.0024 1.4661
DualRefine [24] 0.1121 0.0021 1.1792
MonoViT [25] 0.1319 0.0022 1.1297
Lite-Mono [26] 0.1120 0.0017 1.0524
DROID-SLAM [15] 0.0939 0.0016 0.8133
Endo-SFMLearner∗ [16] 0.1027 0.0017 1.0079
AF-SFMLearner∗ [30] 0.0974 0.0015 0.8948
IID-SfmLearner∗ [32] 0.1038 0.0018 0.9465
EndoDAC∗ [34] 0.0946 0.0015 0.8277
Ours 0.0881 0.0011 0.6110

E
n

d
o
S

L
A

M
M

ir
o
C

a
m

C
o
lo

n
-I

II

Monodepth2 [3] 0.2515 0.0053 0.7775
DualRefine [24] 0.2502 0.0051 0.7164
MonoViT [25] 0.2419 0.0049 0.7670
Lite-Mono [26] 0.2448 0.0050 0.6636
DROID-SLAM [15] 0.2197 0.0043 0.5901
Endo-SFMLearner∗ [16] 0.2306 0.0042 0.5908
AF-SFMLearner∗ [30] 0.2411 0.0049 0.6265
IID-SfmLearner∗ [32] 0.2471 0.0048 0.6065
EndoDAC∗ [34] 0.2299 0.0044 0.5971
Ours 0.1963 0.0039 0.5739

and Rot. RPE values of 0.1077 and 0.2273 on the Simcol-I/II

and Simcol-III test sets, respectively.
2) Results in the C3VD dataset

The four subsets of C3VD are used to evaluate the gen-

eralization ability of the proposed method, as summarized

in Table III. Compared to the baseline Monodepth2, our

method achieves over 15% improvement in RMSE across all

subsets, along with substantial gains in all other evaluation

metrics. Furthermore, our approach consistently outperforms

the state-of-the-art AF-SFMLearner, demonstrating its superior

effectiveness on endoscopic data.

As shown in Table IV, our proposed method achieves supe-

rior performance in both ATE and RPE on the C3VD Cecum

and Descending Colon subsets, consistently outperforming

the compared methods. However, Endo-SFMLearner and AF-

SFMLearner achieve lower rotational and translational RPE on

the Sigmoid Colon and Transverse Colon subsets, respectively.

Nevertheless, our method maintains the lowest ATE across all

subsets, indicating better overall global pose consistency.
3) Results in the EndoSLAM dataset

The proposed method is evaluated on the EndoSLAM

dataset to show its generalization ability. Table III shows the

results of compared method on EndoSLAM colon and small

intestine datasets. Our proposed method achieves lower RMSE

values of 0.533 and 0.501 in colon and small intestine datasets,

a relative improvement of 0.168/0.063 and 0.152/0.032 over

Monodepth2 and Lite-Mono, respectively. To assess real-world

applicability, we validate the compared methods on a real

porcine colon dataset that closely mimics human anatomy,

captured using three distinct endoscopic cameras: HighCam,

LowCam, and MiroCam. In Table V, we can see that our
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Fig. 4. Qualitative results of depth and pose estimation. The left part in Fig. (A) shows depth maps generated by Monodepth2 [3], MonoVit [25],
Lite-Mono [26], AF-SFMLearner [30] and Ours. Our method demonstrates superior performance, particularly on challenging phantom and real
frames, where complex textures and lighting variations pose significant challenges for depth and pose estimation. The right part in Fig. (B) shows
qualitative results of pose estimation. Our method outperforms existing approaches by achieving more consistent scale across x-, y-, z-axis and
better alignment of rotation angles, especially in sequences involving complex camera motion and anatomical deformation.

method maintains superior performance even in non-virtual

datasets.

4) Qualitative results for depth and pose estimation

Fig. 4(A) (top three rows) presents a qualitative comparison

on the synthetic SimCol dataset. It can be observed that our

method not only ensures more accurate depth estimation over-

all but also maintains accurate depth in challenging areas such

as colonic folds. A representative pose trajectory visualization

is shown in Fig. 4 (B-top), where our method produces a

trajectory better aligned with the ground truth compared to

other methods. In contrast, we observe that many existing

methods exaggerate the z-axis scale compared to the x-

and y- axes, resulting in near-linear trajectories that misalign

with the colon’s natural curvature. Colonoscopic movement

is challenging to model due to pronounced z-axis progression

with gradual curvature at key anatomical points. Our approach

addresses this by treating pose outputs as latent variables

in a VAE-like framework, regularizing pose transition scales

across all axes. This mitigates z-axis dominance, improving

sensitivity to x and y axis changes and preserving the natural

curvature and spatial alignment of the endoscopic trajectory.

As shown in rows four and five of Fig. 4(A) on the Phantom

C3VD dataset, our method exhibits superior robustness in

handling reflective areas. The visualization in Fig. 4 (B-

middle) shows pose estimation results on the C3VD dataset. It

can be observed that our method aligns more closely with the

ground truth in both trajectory shape and spatial positioning.

Given the absence of public real-world depth datasets for

colonoscopy due to inherent clinical constraints, we address

this by presenting qualitative results on real data EndoSLAM

(real) in Fig. 4(A), last row. Our results demonstrate that

our method maintains superior performance even on unseen

real endoscopic images compared to other approaches. Fig. 4

(B-bottom) shows the pose estimation results on a human

colonoscopy clip, where our method not only predicts the

correct orientation, but also produces a more accurate trajec-

tory. Our method’s strength lies in incorporating depth-specific

priors via a pretrained generative latent generator and VAE-

based pose regularization, enhancing robustness in complex

endoscopic scenes. This conditioning enables accurate estima-
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3D Point Cloud (Ground truth) 3D Point Cloud (Lite-Mono)
3D Point Cloud with no

scaling (Ours)

3D Point Cloud with

per-frame scaling (Ours)

Fig. 5. 3D point cloud reconstruction by back-projecting the predicted depth maps using the corresponding camera intrinsics and estimated poses
for SimCol dataset. The first column shows the 3D point cloud reconstruction using ground truth pose and depth. The second column shows the 3D
point cloud reconstruction from Lite-Mono without applyging depth scaling. The third column presents the 3D point cloud reconstruction results from
our method after per-frame alignment with ground truth depth. Similarly, the fourth column presents our model’s raw, unscaled output, reconstructed
using only rotation-aligned camera poses and without any depth scaling. Despite the complete absence of ground truth scale supervision, our
method recovers a globally consistent 3D structure highly similar to the ground truth, with only minor local deviations and artifacts.

TABLE VI

ABLATION STUDY ON PROPOSED COMPONENTS WITHIN OUR MODEL ARCHITECTURE.

Dataset
Architecture Depth Error(↓) Pose Error (↓)

StyleGAN generator VAE DROID-SLAM prior Abs Rel Sq Rel RMSE RMSE log L1 error ATE Trans. RPE Rot. RPE

S
im

C
o
l

I
&

II

✓ ✓ ✓ 0.121 0.110 0.608 0.123 0.339 0.4209 0.0833 0.1077
✓ ✓ 0.128 0.111 0.622 0.128 0.358 0.4552 0.0901 0.1418

✓ ✓ 0.142 0.138 0.636 0.134 0.369 0.4605 0.1009 0.1277
✓ 0.129 0.112 0.627 0.128 0.365 0.4671 0.0906 0.1583

✓ 0.149 0.147 0.646 0.138 0.372 0.4601 0.1012 0.1329
0.151 0.167 0.660 0.142 0.381 0.4981 0.1071 0.1719

S
im

C
o
l

II
I

✓ ✓ ✓ 0.110 0.079 0.501 0.119 0.320 0.4246 0.0736 0.2273
✓ ✓ 0.114 0.109 0.520 0.133 0.327 0.4409 0.0851 0.2511

✓ ✓ 0.119 0.148 0.547 0.151 0.347 0.4335 0.0897 0.2390
✓ 0.114 0.112 0.522 0.135 0.329 0.4453 0.0886 0.2539

✓ 0.123 0.129 0.550 0.144 0.364 0.4418 0.0925 0.2521
0.126 0.130 0.562 0.149 0.375 0.5056 0.0962 0.2733

tion despite challenges like reflective surfaces, colonic folds,

and variable lighting, allowing effective generalization across

diverse environments without ground truth labels.

5) 3D reconstruction quality assessment in SimCol dataset

To further highlight the qualitative effectiveness of our

approach, we reconstruct a 3D point cloud by back-projecting

the predicted depth maps using camera intrinsics and predicted

poses. As shown in Fig. 5, the second column visualizes the

3D point cloud reconstructed using Lite-Mono predictions.

While the overall structure is recognizable, this reconstruction

exhibits notable geometric inaccuracies Ð including drifted

camera trajectories (evident from misaligned red trajectory

lines). These artifacts stem primarily from accumulated pose

estimation errors and imperfect depth predictions under chal-

lenging endoscopic conditions, highlighting the limitations of

monocular methods without robust motion priors or dense

supervision. The right columns (3rd and 4th), in contrast,

presents the reconstruction by our method without any depth

scaling Ð using only rotation-aligned poses to preserve the

model’s native output scale. Remarkably, even in this unscaled

setting, our method still recovers a globally consistent structure

highly similar to the ground truth, with only minor local

deviations and artifacts. This confirms the robustness of our

framework in preserving scene layout and relative depth rela-

tionships without relying on ground-truth scale supervision Ð

a critical property for real-world deployment in self-supervised

or metric-agnostic scenarios, where per-frame scaling is nei-

ther available nor desirable. Together, these visualizations

showcase the framework’s potential in recovering realistic 3D

geometry under both ideal and practical conditions.

D. Ablation Studies

By selectively removing modules, we evaluated the resulting

performance on the SimCol dataset, as shown in Table VI. In

the architecture design, we have added StyleGAN generator,

VAE and DROID-SLAM prior.

Impact of the StyleGAN generator Module: Removing

the StyleGAN-based generator module led to a marked de-

crease in all depth estimation metrics, showing its critical role.

Here, we removed only the StyleGAN-based generator module

while keeping the encoder-decoder configuration retaining the

skip connections pointed by red arrown in Fig. 2.

Impact of the VAE Module: The removal of the VAE

module caused a significant drop in pose estimation accuracy,

also highlighting its importance. Additionally, removing the

VAE module decreases depth estimation metrics, and vice

versa. This effect reflects the interdependence of the depth and

pose branches in reprojection, where both branches contribute

to self-supervised learning by warping adjacent frames to

predict the current frame, underscoring the interconnected

nature of our framework.
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V. CONCLUSION AND FUTURE DIRECTIONS

In this work we proposed a novel architecture for depth

and pose estimation in endoscopy, leveraging generative la-

tent priors for robust, self-supervised optimization of both

tasks. Our approach achieved state-of-the-art performance on

the SimCol, C3VD and EndoSLAM datasets, demonstrating

strength in handling complex camera pose variations that chal-

lenge existing methods. Although our results are encouraging,

a comprehensive quantitative validation in clinical setting re-

mains constrained by the absence of ground truth data acquired

during colonoscopy in patients. In future work, we plan to in-

tegrate real-world colonoscopy data for 3D reconstruction and

potentially match it with the CT scans from the same patient

to validate the 3D reconstruction. Additionally, we will aim

to incorporate 3D reconstruction of the other hollow organs in

the GI tract, which will further substantiate our approach and

expand its applicability within clinical workflows.
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