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Abstract

Recent advancements in unsupervised monocular depth esti-
mation typically rely on an assumption that image photom-
etry remains consistent across consecutive frames. However,
this assumption often fails in endoscopic scenes due to: 1)
local photometric inconsistency caused by specular reflec-
tions creating highlights; and 2) global photometric incon-
sistency resulting from the simultaneous movement of the
light source and the camera. Since unsupervised depth esti-
mation methods rely on appearance discrepancies between
frames as a supervisory signal, these photometric inconsis-
tencies inevitably deteriorate loss function calculation. In this
paper, our goal is to obtain a strong and reliable supervi-
sory signal for achieving photometric-consistent depth esti-
mation. To this end, for local photometric inconsistency, we
utilize the specular reflection model to introduce a High-
light Loss for handling the estimation of highlight regions.
For global photometric inconsistency, we design a Photo-
metric Match module, which utilizes the spotlight illumina-
tion model to derive an analytical expression, achieving pho-
tometric alignment across different frames. Unlike previous
works that introduce additional optical flow or networks, our
method is simpler and more efficient. Extensive experiments
demonstrate our method achieves the state-of-the-art results
on C3VD, SCARED and SERV-CT datasets.

Code — https://github.com/DpEstimation/PC-Depth

Introduction
Accurate depth estimation is essential for reconstructing 3D
structures from monocular endoscopic videos, which sig-
nificantly advances minimally invasive surgical navigation
(Fitzpatrick 2010; Edwards et al. 2021; Taylor et al. 2016).
However, compared to conventional images, the depth pre-
diction in endoscopic scenes often have more complex light-
ing environments.

Recently, deep learning-based methods (Eigen, Puhrsch,
and Fergus 2014; Liu et al. 2015) have made signifi-
cant strides, which employ Convolutional Neural Networks
(CNNs) to predict depth maps from conventional monocular
video. In particular, unsupervised methods (Zou, Luo, and
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Huang 2018; Mahjourian, Wicke, and Angelova 2018a; Bian
et al. 2019) leverage CNN-based depth and ego-motion net-
works, eliminating the need for ground-truth data. The core
idea of these methods is to warp the source frame to tar-
get frame for generating view synthesis using the predicted
depth and camera pose. Subsequently, the appearance dis-
crepancy between the target frame and the synthesized frame
serves as a supervisory signal throughout the training phase.

Unfortunately, these methods are not suitable for endo-
scopic scenarios because they fail to satisfy a critical as-
sumption: Photometric consistency across adjacent frames
(Horn and Schunck 1981). This inconsistency stems from
two major sources: (1) Local photometric inconsistency:
Specular reflections create highlights, which cause the depth
network to mistakenly treat these highlights as distinct ob-
jects, and lead to incorrect depth estimations. (2) Global
photometric inconsistency: The joint movement of the
light source and the camera alters the photometric of same
target in different frames, thereby undermining the accuracy
of the loss calculation. Consequently, fluctuations in pho-
tometric values impede the utilization of appearance differ-
ences as a supervisory signal, resulting in ambiguous super-
vision in endoscopic scenes.

In this paper, we propose Unsupervised Photometric-
Consistent Depth Estimation Network (PC-Depth) to tackle
these challenges. Our key insight is that, by leveraging a fun-
damental property of endoscopic imagery, we can establish
appropriate and reliable constraints to achieve photometric-
consistent depth prediction. Architecture-wise, given two
frames (source frame and target frame), we estimate the tar-
get frame’s depth map and their relative camera pose using
depth and pose networks. According to the reflection model,
highlights occur when the reflected light coincides with the
observation direction (the light source position can be ap-
proximated as coinciding with the camera position in endo-
scopes (Arnold et al. 2010)). To exploit this property and
achieve local photometric consistency, we propose a High-
light Loss to constrain the depth estimation within the depth
network for highlighted regions. Specifically, the angle be-
tween the reflected light and the observation direction is
twice the angle between the normal vector and the obser-
vation direction. We first derive the normal vectors of the
highlight regions from the depth map. Then, we minimize
the angle between the normal vector and the observation di-
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rection, thereby refining the predicted depths.
For achieving global photometric consistency, our goal is

to adjust the photometric values of synthetic frame to align
with target frame. To this end, we introduce the Photomet-
ric Match (PM) module, which comprises two key compo-
nents: Photometric Assessment and Aligned Wrap. The PM
module first establishes an analytical expression to com-
pute the photometric ratio between the source frame and
the target frame based on the spotlight illumination model
in endoscopy. Subsequently, it utilizes the depth map and
ego-motion to wrap the source frame, generating a synthetic
frame. Finally, the computed photometric ratio is applied to
adjust the photometric values of the synthetic frame. Conse-
quently, this module ensures that the appearance differences
between the synthetic frame and the target frame serve as a
reliable supervisory signal. To the best of our knowledge,
this is the first work to utilize the principles of endoscopic
imaging to accomplish photometric-consistent depth estima-
tion from monocular endoscopic video.

Our contributions can be summarized as follows:
• We conduct an in-depth analysis of the inherent limita-

tions of traditional unsupervised methods for predicting
depth maps in endoscopic scenarios, primarily attributed
to local and global photometric inconsistencies.

• We propose a novel unsupervised depth estimation net-
work that provides a strong and reliable supervisory sig-
nal to enforce photometric consistency in depth estima-
tion. Unlike previous work, our method does not intro-
duce additional optical flow or auxiliary networks.

• Extensive experiments and analysis demonstrate the ef-
fectiveness of our designed components in improving the
depth estimation accuracy. Our PC-Depth achieves state-
of-the-art performance on the three benchmarks. Further,
our components can be integrated into existing baselines,
enhancing their performance in endoscopic scenarios.

Related Work
Compared to conventional images (Li et al. 2024a,b; Tu et al.
2024a,b), there are the absence of rich texture information
and the influence of complex lighting conditions in endo-
scopic images, so traditional algorithms (Ren et al. 2017;
Recasens et al. 2021), such as simultaneous localization and
mapping (SLAM) (Chen et al. 2018), encounter significant
challenges in accurately estimating depth.

Consequently, fully supervised convolutional neural net-
work (CNN) have been developed to predict depth maps
from monocular videos (Xu et al. 2017; Cao, Wu, and Shen
2017). For instance, Eigen et al .(Eigen, Puhrsch, and Fergus
2014) designed a coarse-to-fine network that predicts depth
from a single view, using ground truth depths obtained from
range sensors as the supervisory signal. Inspired by this ap-
proach, numerous subsequent studies have significantly en-
hanced the accuracy of depth estimation in various ways
(Yin et al. 2019; He, Wang, and Hu 2018; Xu et al. 2018;
Zhuang et al. 2022).

Despite fully supervised depth estimation methods have
shown significant progress, acquiring ground truth data re-
mains expensive. To eliminate the need for costly depth an-

notations, Zhou et al. (Zhao et al. 2017) developed an un-
supervised framework that jointly trained a depth network
and a pose network using unlabeled video sequences. This
framework utilized the differences between the target frame
and the synthetic frame as the supervisory signal. Inspired
by this work, many subsequent studies extended it by in-
troducing additional geometric priors (Yang et al. 2018;
Mahjourian, Wicke, and Angelova 2018b; Chen, Schmid,
and Sminchisescu 2019; Bian et al. 2019; Yan et al. 2023;
Wang et al. 2024; Zhao et al. 2022). For instance, Bian et al.
(Bian et al. 2019) proposed a geometry consistency loss for
scale-consistent predictions and an induced self-discovered
mask for handling moving objects and occlusions. Recent
work, such as DepthAnything (Yang et al. 2024a), lever-
aged large-scale and diverse training data to develop a robust
foundational model for depth estimation.

However, these methods may not be applicable to endo-
scopic scenarios due to photometric inconsistency. To miti-
gate this limitation, Liu et al. (Liu et al. 2019) utilized Struc-
ture from Motion (SfM) techniques to obtain sparse depth
maps as supervisory signals. This approach addressed the
issue but proved to be cumbersome and time-consuming. Li
et al. (Li et al. 2020) incorporated the peak signal-to-noise
ratio (PSNR) as an additional optimization objective during
the training phase. Endo-SfM (Ozyoruk et al. 2021) modeled
the photometric variations between endoscopic images as
affine transformations to address this issue. However, actual
variations in endoscopic lighting were more complex and
could not be accurately represented solely by affine trans-
formations. Recently, AF-SfM (Shao et al. 2022) employed
the first-order Taylor expansion method to express photo-
metric transformation as a function of optical flow and the
source image. Additionally, it introduced an extra network
to predict photometric changes. Essentially, the strategy em-
ployed by AF-SfM relies on linear approximations of instan-
taneous photometric transformations. This coarse approxi-
mation cannot adequately retain the power when photomet-
ric variation is relatively drastic.

Method
Overview
As shown in Figure 1, given source and target frames (Is, It)
sampled from an unlabeled video, we first estimate the target
frame’s depth mapDt using the depth network and then pre-
dict the relative 6D camera pose Tt→s between them using
the pose network. The Highlight Loss LH is used to con-
strain the depth network’s estimation for highlight regions.
Subsequently, the Photometric Match (PM) generates a syn-
thetic frame Ĩst , which matches the photometric values of
the target frame. The discrepancy between It and Ĩst is used
as the Photometric Loss LP . Additionally, inspired by these
works (Baker and Matthews 2004; Bian et al. 2019), we
introduce Smoothness Loss LS to handle areas with miss-
ing textures and Geometry Consistency Loss LGC to ensure
scale consistency. Note that highlights within It are removed
when calculating the Smoothness Loss. In short, our loss
function can be formulated as follows:

L = αLP + βLH + γLS + ωLGC (1)
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Figure 1: Network Architecture. Left is the overview of our PC-Depth. For clarity, the Geometry Consistency Loss is not
shown in this figure. Right is the detail of Photometric Match (PM) module which contains two key component: Photometric
Assessment and Aligned Wrap. ∗ denotes radiance calculation.

Subsequent sections will elaborate on the following formu-
lations: (1) Highlight Loss, (2) Photometric Match, (3) Pho-
tometric Loss and (4) Smoothness Loss and Geometry Con-
sistency Loss.

Highlight Loss
To constrain local photometric inconsistency caused by
highlight, we first employ the threshold-based method
(Arnold et al. 2010) to detect the highlight mask Mh. Sub-
sequently, we employ specular reflection model to help es-
tablish the relationship between highlights and depth, as il-
lustrated in Figure 2 (a). Specifically, the direction of light
reflection can be computed from the direction of light inci-
dence and the normal vector to the surface. The equation is
formulated as follows:

vi = li − 2(li · ni) · ni (2)

where ni represents the normal vector of the object’s sur-
face, derived from the depth map; si is the unit vector in the
viewing direction; li represents the unit vector in the direc-
tion of light incidence; vi is the unit vector in the direction
of light reflection. Since center of the light source coinciding
with the optical center of the camera, the viewing direction
si is exactly opposite to the direction of light incidence li:
li = −si. As a result, the intensity of specular reflection
is inversely proportional to the angle θi between the viewing
direction si and the reflection direction vi. In the endoscopic
reflection model, the angle can be computed as follows:

θi = arccos(si · ni) (3)

where the angle θi between the unit vector of viewing direc-
tion si and the unit vector of reflection direction vi is twice

the angle between the viewing direction si and the normal
ni.

Assuming the optical center of the camera and the center
of the light source are located at the origin of the camera’s
coordinate system, the unit vector in the viewing direction
si, integrated with the camera imaging model, can be de-
scribed by the following equation:

pi = Dt(p
uv
i )K−1puvi

si = 0− pi = −Dt(p
uv
i )K−1puvi

(4)

where pi represents the 3D spatial point that corresponds to
the point puvi in the pixel coordinate system, and pi is under
its camera coordinate system; D is the depth map; K repre-
sents the camera intrinsic matrix. Combining Equation 4, the
specular reflection intensity in endoscopic images adheres to
the following relationship:

Specular reflection intensity ∝ (−Dt(p
uv
i ) ·K−1puvi ) · ni

(5)
where ∝ denotes a proportional relationship. Based on this
formula, we can define the Highlight Loss LH as follows:

LH =
1

|Mh|
∑

pi∈Mh

(1− si · ni)2

=
1

|Mh|
∑

pi∈Mh

(
1− (−Dt(pi) ·K−1pi) · ni

)2 (6)

where Mh denote the highlight area in the target view, and
|Mh| defines the number of points in Mh. This formulation
underscores the role of specular reflection intensity as a crit-
ical factor in the evaluation of endoscopic image quality.
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Photometric Match
To ensure global photometric consistency, we introduce a
Photometric Match module, comprising two primary mod-
ules: (1) Photometric Assessment and (2) Aligned Warp.

Photometric Assessment. This component aims to lever-
ages the spotlight illumination model (Modrzejewski et al.
2020) in endoscopy to derive the inter-frame photometric
ratio. As shown in Figure 2 (b), the position of the spotlight
is pl, the unit direction vector of the spotlight is denoted as
l, we write the radiance of position pi as:

σSLS(pi, ψi) =
σ0

||pi − pl||2
R(ψi) (7)

R(ψi) = e−µ(1−cos(ψi)) (8)
where σ0 is the maximum radiance and R(ψi) is the radial
attenuation controlled by a spread factor µ; ψi denotes off-
axis angle. Assuming all surfaces satisfy Lambertian reflec-
tion, for each pixel, the rendering equation can be written as
follows:

Î(pt) = {σSLS(pi, ψi) cos(θi)ρig}1/γ (9)

where pt is the pixel coordinate corresponding to pi; g is the
automatic gain control; ρi is the reflectance at the position
of pi; γ is the gamma correction of the camera. Therefore,
according to the above equation, the rendered pixel value at
corresponding positions between the target view and source
view has the following relationship:

ks→t(pt,ps) =
Îγt (pt)

Îγs (ps)

=
σSLS(pi, ψi) cos(θi)

σSLS(pj , ψj) cos(θj)
· ρi
ρj

· gt
gs

(10)

where Ît and Îs represent the color captured by the camera
of the source frame and the target frame; ks→t is the photo-
metric ratio of the target image to the source image; pt and
ps are the corresponding points in the target frame and the
source frame, while pj is the spatial 3D point corresponding
to ps. To simplify the expression, let:

Rt(pi) = σSLS(pi, ψi) cos(θi)

Rs(pj) = σSLS(pj , ψj) cos(θj)
(11)

where Rt and Rs represent the radiance received by the
target frame and the source frame, respectively. Addition-
ally, since the reflectance at the same position is the same:
ρi = ρj , Equation 11 can be simplified as:

ks→t(pt,ps) =
Rt(pi)

Rs(pj)
· gt
gs

= kR(pt,ps) · kg
(12)

where kR is the radiance ratio; kg is the automatic gain con-
trol ratio. Therefore, there is the following relationship be-
tween the target rendered image and the source rendered im-
age: Ît = k

1/γ
s→tÎs. Rendered images are simulations of im-

ages captured by cameras, thus the original images captured
by the cameras, It, Is also follow this relationship:

Figure 2: (a) and (b) are the specular reflection model and
spotlight illumination model in endoscopy. Here, ni repre-
sents the normal vector of the object’s surface, derived from
the depth map; si is the unit vector in the viewing direc-
tion; li represents the unit vector in the direction of light
incidence; vi is the unit vector in the direction of light re-
flection.

It = k
1/γ
s→tIs = (kR · kg)1/γIs (13)

Therefore, the key to photometric alignment between the
target view and the source view lies in calculating kR and
kg . Here, kR represents the radiance ratio captured by the
camera, that is, the ratio between Rt and Rs. kg is the ratio
of automatic exposure gain between the target view and the
source view. Combining with Equation 9, write Rt as:

Rt(pi) =
σ0

||pi||2
e−µ(1−cos(ψ))cos(θi)

=
σ0

||pi||2
e−µ(1−z(pi))(−(pi · ni))

(14)

where the normal vector ni can be derived from the depth
map; pi is the unit vector corresponding to pi. Similarly, due
to the existence of the normal vectors of the source frame
and the target frame being ns = Tt→snt, where Tt→s is
camera pose from target frame to source frame, the calcula-
tion of Rs is similar to the above. Finally, the radiance ratio
is calculated.

To compute automatic gain control ratio kg , we rewrite
Equation 14:

Iγt = kg(kR · Iγs ) (15)
Therefore, after removing the gamma gain, a proportional
relationship exists between the corresponding pixels of the
target view and the source view, with kg as the proportional
coefficient. Consequently, kg is calculated as follows:

kg =

∑
pt
Iγt (pt)∑

ps
kR(pt,ps)I

γ
s (ps)

(16)

where pt and ps are the pixel coordinates corresponding
to the target view and source view, respectively. With the
above, ks→t can be calculated for photometric alignment.

Aligned Wrap. The purpose of this component is to gen-
erate a synthetic frame with the same photometric values as
the target frame. First, we use the depth map and ego-motion
to wrap the source frame into a synthetic frame (Jaderberg
et al. 2015; Bian et al. 2019). Then, we apply the photomet-
ric ratio k1/γs→t between the target frame and the source frame
to the synthetic frame, as shown in the following equation:

Ĩst = k
1/γ
s→tI

s
t (17)
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Method Dataset
Error ↓ Accuracy ↑

AbsRel SqRel RMSE RMSE log < 1.25 < 1.252

Monodepth2 (Godard et al. 2019)

C

0.297 1.642 18.64 0.392 0.489 0.731
SC-Depth (Bian et al. 2019) 0.084 0.463 4.062 0.123 0.937 0.989

Endo-SfM (Ozyoruk et al. 2021) 0.249 10.583 7.065 0.219 0.815 0.933
AF-SfM (Shao et al. 2022) 0.202 4.045 6.768 0.238 0.756 0.929

LightDepth (Rodrı́guez-Puigvert et al. 2023) 0.081 1.810 6.550 0.227 0.928 0.981
MonoLoT (He et al. 2024) 0.096 1.967 4.321 0.178 0.934 0.895

DepthAnything (Yang et al. 2024a) 0.219 2.741 8.648 0.253 0.665 0.899
Monodepth2* 0.082 0.379 3.536 0.116 0.947 0.991

PC-Depth 0.076 0.333 3.279 0.110 0.949 0.991
SfMLearner (Zhou et al. 2017)

S

0.086 1.021 7.553 0.121 0.925 0.987
Monodepth2 (Godard et al. 2019) 0.066 0.577 5.781 0.093 0.961 0.995

SC-Depth (Bian et al. 2019) 0.064 0.651 6.075 0.096 0.957 0.992
Endo-SfM (Ozyoruk et al. 2021) 0.070 0.725 6.410 0.099 0.956 0.992

AF-SfM (Shao et al. 2022) 0.065 0.557 5.459 0.089 0.958 0.997
MVDE (Li et al. 2023) 0.066 0.655 6.441 0.086 0.955 0.993

Yang et al. (Yang et al. 2024b) 0.062 0.558 5.985 0.090 0.962 0.993
DepthAnything (Yang et al. 2024a) 0.068 0.590 5.643 0.092 0.964 0.994

Monodepth2* 0.063 0.568 5.695 0.091 0.961 0.995
PC-Depth 0.057 0.514 5.362 0.084 0.971 0.994

Table 1: Quantitative depth comparison on the C3VD and SCARED datasets. ↑ denotes higher the better; ↓ denotes lower the
better; The best performance in each block is highlighted as bold; C denotes C3VD dataset; S denotes SCARED dataset; *
denotes results based on our photometric alignment.

Figure 3: Qualitative depth comparison on the C3VD
dataset.

where Ĩst is the synthetic frame after photometric alignment.
Finally, the discrepancy between target frame and synthetic
frame is used to compute the Photometric Loss.

Photometric Loss
Photometric loss is employed to measure the difference be-
tween the synthetic frame after photometric alignment and
the target frame (Yin and Shi 2018; Ranjan et al. 2019).
Meanwhile, following (Bian et al. 2019), we add an addi-
tional image dissimilarity loss SSIM (Wang et al. 2004) for
better handling complex illumination changes. We formulate
the function as:

LP =
1

|V |
∑
p∈V

(λi∥It(p)− Ĩst (p)∥1+λs(
1− SSIMta(p)

2
))

(18)
where V stands for valid points that are successfully pro-
jected from Is to the image plane of It, and |V | defines the

number of points in V ; SSIMta stands for the element-wise
similarity between It and Ĩst by the SSIM function. Follow-
ing (Bian et al. 2019; Yin and Shi 2018), we choose L1 loss
and use λi = 0.15 and λs = 0.85 in our framework. Since
highlight areas do not satisfy the Lambertian assumption,
and Photometric Match module is based on this assumption,
highlight areas are excluded when calculating photometric
loss. We modify the Photometric Loss term as:

LMH
P =

1

|M |
∑
p∈M

(M(p) · LP (p))

M =Mht ∩Mhs ∩ V
(19)

where Mht and Mhs represent the pixels that are not high-
lights on the target and source frame, which detected by
(Arnold et al. 2010).

Smoothness Loss and Geometry Consistency Loss
Smoothness Loss. To address the issue of gradient loss
in missing texture regions, we introduced an edge-aware
Smoothness Loss LS (Ranjan et al. 2019). However, sig-
nificant gradients at the edges of highlight areas can dis-
tort the Smoothness Loss calculation. To mitigate the impact
of these highlights, we employ the approach (Arnold et al.
2010) to remove highlights from the image before comput-
ing the Smoothness Loss. This process is formulated as fol-
lows:

LS =
∑
p

(
e∇I

H
t (p) · ∇Dt(p)

)2

(20)
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Method AbsRel SqRel RMSE RMSE log

SfMLearner 0.151 3.917 17.451 0.191
Monodepth2 0.123 2.205 12.927 0.152

SC-Depth 0.116 2.015 12.415 0.149
Endo-SfM 0.117 2.120 12.970 0.151
AF-SfM 0.140 3.151 15.371 0.174

DepthAnything 0.139 4.117 18.282 0.172
PC-Depth 0.104 1.663 11.394 0.131

Table 2: Quantitative depth comparison on the SERV-CT
dataset. All methods are self-supervised monocular trained
on the SCARED dataset.

where ∇ represents the first derivative along spatial direc-
tions, ensuring that smoothness is guided by the edges of
the images. IHt (p) denotes the target frame with highlights
removed.

Geometry Consistency Loss. Geometric Consistency
Loss constrains the similarity between depth maps, ensuring
they represent a three-dimensional structure with the same
scale (Bian et al. 2019). Specifically, according to the cam-
era imaging model, the depth map of the source frame can
be expressed as:

Ds(ps) = (Tt→sDt(pt)K
−1pt)z (21)

where pt and ps are the pixel coordinates of the target and
source frames; z indicates that only the z-axis coordinates
are considered; K represents the camera intrinsic matrix.
The Geometry Consistency Loss is formulated as follows:

Ddiff =
|Ds − D̂s|
Ds + D̂s

LGC =
1

|V |
∑
p∈V

Ddiff (p)
(22)

where D̂s is the interpolation map ofDs. By minimizing the
depth inconsistency among a batch of samples, consistency
can naturally propagate throughout the entire sequence.

Experiments
Datasets and metrics
C3VD (Bobrow et al. 2023). The images are captured by
using a genuine Olympus CF-HQ190L endoscope within a
silicone model of a human colon. Since the silicone material
is opaque, the only light source available is in the endoscope.
The C3VD dataset consists of 22 video sequences, totaling
10,015 frames. We allocate 8,690 frames for training, 148
for validation, and 2,888 are designated for testing purposes.

SCARED (Allan et al. 2021). The dataset is acquired us-
ing a da Vinci Xi endoscope on fresh porcine cadaver ab-
dominal anatomy, comprising 35 endoscopic videos totaling
22,950 frames. Following (Shao et al. 2022), the dataset is
divided into a training set containing 15,351 frames, a vali-
dation set containing 1,705 frames, and a test set containing
551 frames.

Method ATETrans ↓ ATERot × 1e−2 ↓
SC-Depth 1.6472 3.0331
Endo-SfM 2.6360 2.9322
AF-SfM 0.3231 2.1728

PC-Depth 0.2660 2.4513

Table 3: Quantitative average performance of ego-motion on
trans-t2-a from C3VD dataset.

SERV-CT (Edwards et al. 2022). SERV-CT includes 16
stereo pairs collected from ex vivo porcine torso cadavers,
along with corresponding depth and disparity ground truth.

Evaluation metrics. Similar to previous work (Bian et al.
2019; Yang et al. 2024a), we adhere to the standard evalu-
ation protocol to validate the effectiveness of our proposed
method in our experiments. This involves assessing the rela-
tive absolute error (Abs Rel), relative squared error (Sq Rel),
root mean squared error (RMSE), root mean squared loga-
rithmic error (RMSE log), threshold accuracy (with thresh-
olds of δ < 1.25 and δ < 1.252), Absolute Trajectory Trans-
lation Error (ATETrans) and Absolute Trajectory Rotation
Error (ATERot).

Implementation details
Network architecture. The depth network employs an
encoder-decoder structure with skip connections, utilizing
ResNet-18 (He et al. 2016) as the encoder. The design of
the decoder follows (Zhou et al. 2017; Bian et al. 2019). For
the pose network, we adopt the model from SC-Depth (Bian
et al. 2019). The depth network takes a single RGB image as
input and outputs a depth map, while the pose network es-
timates a 6D relative camera pose from a concatenated pair
of RGB images. To simplify computations and enhance ac-
curacy, we avoid multi-scale loss calculations (Zhou et al.
2017; Godard et al. 2019), and instead achieve superior re-
sults using a single scale.

Training setup. Our PC-Depth is trained on one GTX
3090 GPU with a batch size of 4 for 20 epochs. Following
(Bian et al. 2019), adam optimizer (Kingma and Ba 2014) is
used with an initial learning rate of 1e-4 and drops to 1e-5
after 10 epochs. We utilize the pre-trained weights on Ima-
geNet (Deng et al. 2009) for ResNet initialization. We adopt
α = 1.0, β = 0.01, γ = 0.1 and ω = 0.1 in Equation 1. For
fairness, all comparison methods use the same settings.

Comparisons with the state-of-the-art
Depth results. As shown in Table 1, our PC-Depth out-
performs previous methods on the C3VD and SCARED
datasets. Specifically, compared with the recent DepthAny-
thing, which leverages large-scale data coverage for robust
monocular depth estimation, PC-Depth demonstrates sig-
nificant improvements of 0.143%, 2.408%, 5.369%, and
0.143% in AbsRel, SqRel, RMSE, and RMSE log on the
C3VD benchmark, respectively. The severe photometric
fluctuations, induced by local and global photometric incon-
sistencies, tend to create a highly biased supervisory signal.
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Error ↓ Accuracy ↑
LH LP LS AbsRel SqRel RMSE RMSE log < 1.25 < 1.252

✓ × × 0.091 0.475 4.148 0.128 0.931 0.988
× ✓ × 0.079 0.348 3.368 0.114 0.949 0.989
✓ × ✓ 0.091 0.457 3.950 0.125 0.930 0.990
✓ ✓ × 0.082 0.351 3.431 0.116 0.947 0.989
✓ ✓ ✓ 0.076 0.333 3.279 0.110 0.949 0.991

Table 4: Ablation study on the photometric consistent of depth setimation on C3VD dataset. LH is Highlight Loss; LP is
Photometric Loss with Photometric Match; LS is Smoothness Loss with Highlight Removal.

Figure 4: Ablation study of the Photometric Match (PM)
module. PM effectively mitigates ambiguous supervision re-
sulting from global photometric inconsistency, thereby re-
ducing the L1 loss.

We believe that a photometric consistency constraint can of-
fer an advantage in such scenarios. It is worth noting that
Endo-SfM introduces an affine transformer to tackle the is-
sue of photometric inconsistency. However, this approach
faces challenges in adapting to complex lighting environ-
ments, resulting in sub-optimal performance.

Generalization Robustness. We directly validate the
models trained by the SCARED on the SERV-CT dataset
as shown in Table 2. Our PC-Depth achieves superior re-
sults than the other methods, revealing its strong general-
ization ability. Additionally, we use Monodepth2 (Godard
et al. 2019) as baseline, a relatively basic depth model, and
achieve better results. We believe the results can be further
enhanced if equipped with more advanced architectures.

Qualitative results. We present some depth predictions
from our PC-Depth and other methods on the C3VD
datasets. As shown in Figure 3, our model provides more
accurate depth estimations compared to other methods. In
contrast, Endo-SfM shows significant errors in depth esti-
mation in regions with photometric variations.

Ego-motion results. Table 3 presents a quantitative com-
parison on the C3VD dataset, demonstrating that our method
achieves a lower ATETrans than several typical unsuper-
vised methods. However, the accuracy improvement in ego-
motion estimation with our method is not as pronounced as
in depth estimation. This difference can be attributed to the
nature of the tasks: depth estimation requires pixel-to-pixel
mapping, where local and global photometric inconsisten-

Figure 5: Ablation study of the Highlight Loss (LH ) on the
C3VD datasets.

cies can significantly impact the accuracy of the depth map.

Ablation Studies
As shown in Table 4, we ablate the effectiveness of both
global and local photometric consistencies on depth estima-
tion. Specifically, we observe that the Highlight Loss effec-
tively suppresses local photometric inconsistencies, leading
to improved model performance. Meanwhile, we find that
the model incorporates Photometric Match, the computa-
tion of Photometric Loss becomes more reliable. As illus-
trated in Figure 4, the L1 loss of the aligned synthetic frame
is significantly smaller than that of the unaligned synthetic
frame. This improvement can be attributed to the Photomet-
ric Match (PM) module, which adjusts the photometric val-
ues of the synthetic frame to match the target frame. Fur-
thermore, as depicted in Figure 5, incorporating Highlight
Loss into the network results in smoother depth predictions
in highlight regions. This enhancement arises from the High-
light Loss constraining the surface normal vectors within the
highlight regions, aligning the reflected light with the obser-
vation direction, and thereby providing reliable supervisory
signals for these areas.

Conclusion
In this paper, we propose PC-Depth, a simple yet effective
method for maintaining photometric-consistent depth esti-
mation in endoscopy. The core of our approach leverages the
unique properties of endoscopic imaging to obtain a robust
supervision signal. Additionally, we introduce a photometric
alignment strategy that can be easily adapted to other base-
lines, ensuring photometric consistency. Comprehensive ex-
periments demonstrate that PC-Depth significantly outper-
forms previous state-of-the-art methods on three datasets.
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