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Abstract—Abstract—Tracheal intubation for patients with
respiratory infectious diseases requires doctors to wear a full set
of protective clothing, which takes a certain time. How to protect
doctors from infection when facing an emergency operation
has become an important issue. The intubation robot may
solve this contradiction. To provide visual information for real-
time path planning for robotic intubation, this study recovers
depth information about the oral environment using the low-
cost and widely used endoscopic. Since the oral cavity is small
and has less texture, the Shape from Shading (SFS) method
may be a good choice for oral depth estimation. This paper
proposes the ”oral elbow” hypothesis, filters outliers caused
by saliva, calculates the 3-D contour map, and highlights the
contour map features from different views. Oral images are
obtained from a healthy person and a silicon dummy. This
work expands the application scenarios of depth estimation to
the oral environment; provides depth information for the visual
navigation of the intubation surgical robot.

Index Terms—Tracheal Intubation, Oral Cavity, Monocular
Depth Estimation, Shape from Shading

I. INTRODUCTION

When operating endotracheal intubation for patients with
infectious respiratory diseases, anesthesiologists always face
a high risk of infection. They need to wear protective clothing
and masks to prevent infection via droplets suspended in the
air and physical contact with the patient [1]. On one hand,
the wearing usually takes more than ten minutes, which may
delay the first aid treatment for patients. On the other hand,
improper protection increases the infection risk of doctors. If
reliable mechanical intubation is applied instead of manual
intubation, the efficiency of the first aid treatment and the
safety of the doctor are both guaranteed.

The rapid development of Computer-Assisted Surgery
(CAS) in recent years has promoted the development of
machine intubation. After Hemmerling et al. (2012) designed
the first robotic tracheal intubation system in 2012 [2], similar
designs of robotic intubation systems have emerged [3], [4].
Visual studies on the oral cavity mainly focused on teeth that
are easy to extract features. However, few studies involve
depth estimation of the oral passage due to the intrinsic limi-
tation of oral scenes. Without texture or regular shape on the
oral mucosa, it isn’t easy to extract features [5]. The non-rigid
characteristics and the deformation caused by physiological
activities bring great difficulties to image registration [5].

And the narrow oral cavity is hard to accommodate devices
such as RGB-D cameras which can directly obtain depth
information. These above factors lead to limitations in depth
estimation for oral scenes relative to other scenes.

Estimating depth from a 2-D image is key for 3-D
reconstruction [6], having promising application value in
the medical imaging field. The traditional techniques are
summarized as shapes from X, for example,

• Shape from stereo method [7] simulates the human
eyes observing from two viewpoints and calculates the
disparity map to get the depth map. But the equipment
size limits its application in the narrow oral cavity.

• Shape from Motion (SFM) method [8] estimates the
depth using a 2-D image sequence, but it is not suitable
for a non-rigid environment such as the oral scene.

• Shape from texture method [9] uses the perspective
and texture information but is still not suitable for the
texture-less and irregularly shaped scene of the oral
cavity.

• Shape from Shading (SFS) method [10] uses the optical
information of the image. The method may be chosen
based on the simple thought that the further the object,
the darker the corresponding image region.

Besides, there are many methods applied to depth estima-
tion. For example, deep neural networks can estimate dense
depth maps from a single image in an end-to-end manner
[11]. However, the neural network method requires large
amounts of data and faces generalization difficulty.

Based on the above analysis of the oral cavity characteris-
tics and depth estimation methods, we choose to obtain the
monocular 2-D oral images through the tiny, low cost and
widely used medical endoscope and then recover the oral
surface depth based on the SFS method. In this study, a novel
hypothesis is proposed. The human oral and larynx passages
are approximately regarded as an elbow with an elliptical
cross-section. The hypothesis is based on the observation
that when the light illuminates the section of the tube, the
place with a larger incident angle and further distance turns
out darker. The SFS method recovers the surface shape
through image brightness and light incident angle, suitable
for application to the homogeneous and texture-less oral
mucosa in the oral cavity. This study samples oral and larynx
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images from a healthy person and a silicon dummy, adopting
the SFS method and recovering the relative depth shown in
a 3-D contour map. We find that the top view of the 3-D
contour map well presents the oral contour, and the side view
intuitively shows the bending direction of the ”oral elbow”
which indicates the next moving direction for the endoscope.
Therefore, depth information may contribute to the route plan
of robotic tracheal intubation. Under the assumption of “oral
elbow”, it is possible to distinguish the envelope of the edge
of the oral cavity based on the contour map. Overall, this
study expands the depth estimation application scenarios to
the oral mucosa which has less texture and is difficult to
extract features; and hopes to provide depth information for
the visual navigation of the tracheal intubation robot.

II. RELATED WORK

Shape from Shading (SFS) recovers shape from the shad-
ing variation in the image [12]. Shading can be quantified
with image grayscale value, which in the SFS method de-
pends on the angle between the light source direction and
the surface normal. Since SFS method was first developed
by Horn [10] in 1970, many different solutions [13], [14],
[15], [16], [17] have emerged to solve the nonlinear first-
order partial differential equation that recovers depth from
image brightness. The SFS problem is known to be ill-posed
[18], usually illustrated with “the crater illusion” [19] and
“Bas-relief Ambiguity” [18]. It could relieve the problem
if assuming that all parameters of the light source, surface
reflectivity, and camera are known [20]. Some researchers
apply SFS in medical images, like in colonoscopy images
[21], stomach endoscopic images [20], et al.

Oral depth estimation is limited due to its narrow space
and less-textured surface. Some work involves SFS method
for human internal surface similar to oral mucosa [20], [21],
[22], but only presents qualitative illustration. Qiu et al (2018)
extend monocular depth estimation in the oral cavity and
introduce laser light markers to generate more features [5].
However, the detected area is limited to view outside the
mouth, far from deep enough for tracheal intubation.

III. METHODS

For the less-texture oral surface, this paper recovers depth
information based on the intensity of 2-D grayscale images,
adopting the SFS method. The SFS method is based on
the Lambertian hypothesis that describes an ideal diffuse
reflection surface. Our work sets the following three approx-
imations for the oral environment:

• Since most of the oral cavity is composed of the oral
mucosa, it’s assumed to be a Lambertian surface with
approximately constant reflectivity.

• Consider the oral and larynx passages as an elbow with
an elliptical cross-section which is the top view. This ap-
proximation is inspired by the light and dark variations
on the tube wall when the light illuminates. It mainly
expresses the rough shape and reflective properties of
oral and larynx passages.

• Since the front end of the endoscope is roughly perpen-
dicular to the “elbow” cross-section during the intuba-
tion process, it can be considered that the light source
is approximately perpendicular to the incident.

The SFS method we adopted is based on Lambert’s cosine
theorem, that is, for Lambertian surface, the intensity of the
reflected light on the object surface is proportional to the
cosine of the light incident angle. The Lambert cosine law
is expressed as:

E = Iρ cosφ (1)

where E is the image brightness, I is the light source
intensity, and φ is the surface reflectivity. When the light
source is vertically incident, the incident angle of a point is
equal to the surface slant φ at the same place. Therefore,
the surface slant φ can be recovered through the reflected
intensity which is represented by the image brightness. Here,
we assume that the oral surface conforms to the Lambertian
hypothesis with constant reflectivity.

Before operating the SFS method, we first convert the RGB
image to the grayscale image first and then calculate the
intensity gradient field:

Ex = ∂E/∂x = E(x+ 1, y)− E(x, y)

Ey = ∂E/∂y = E(x, y + 1)− E(x, y)
(2)

The recovered shape is expressed as z(x, y), and the
recovering process involves the surface gradient p, q, surface
slant φ, and tilt θ.

According to Lambert’s Cosine Law, we get the maximum
intensity when cosφ = 1. And the tilt θ is calculated by the
intensity gradients in the x and y directions. For any point,

cosφ = E/Emax

tan θ = Ey/Ex

(3)

The slant and tilt are related to the direction with the largest
gradient of the point on the surface.

δz = δl × sinφ

δx = δl × cosφ cos θ

δy = δl × cosφ sin θ

(4)

where l is the magnitude of the largest gradient.
Therefore, we get the surface gradient:

p =
sinφ

cosφ cos θ
=

E√
E2

max − E2
×

√
L2
x + L2

y

Lx

q =
sinφ

cosφ sin θ
=

E√
E2

max − E2
×

√
L2
x + L2

y

Ly

(5)

Now we achieve the conversion from the intensity gradient
field to the surface gradient field G(x, y) = p(x, y) · i +
q(x, y) · j. Next, we operate depth estimation from the
gradient field. Given the surface depth z(x, y), the surface
gradient is represented as ∇z(x, y).
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Our goal is to find a z(x, y) that minimizes the least square
error between the calculated gradient p, q, and the theoretical
gradient ∂z/∂x, ∂z/∂y. The objective function is below:∫∫

F (∇z,G)dxdy (6)

F (∇z,G) = ∥∇z−G∥2 = (∂z/∂x−p)2+(∂z/∂y−q)2 (7)

Its Euler Lagrange equation is:

2(∂2z/∂x2 − ∂p/∂x) + 2(∂2z/∂y2 − ∂q/∂y) = 0 (8)

It has the form of a Poisson equation after simplification:

∇2z = ∇G (9)

For 2-D images, pixel points are discrete. So the above par-
tial differential equation in continuous space can be rewritten
as the partial differential equation in discrete space. And then
we solve the equations by Discrete Fourier Transform (DFT).

IV. RESULTS AND DISCUSSION

For a single image, the depth estimation process is:
• Converting the RGB image to the grayscale image. For

a grayscale image, skip this step.
• Removing factors that clearly do not meet the Lamber-

tian assumption, like teeth and saliva.
• Operating SFS algorithm and presenting depth informa-

tion in the 3-D contour map.
• Illustrating the left view and the top view of the 3-D

contour map to better understand the depth information.
• Integrating the original grayscale image, 3-D contour

map, the left view, and the top view for this imaging
case.

A. Silicon Dummy

This research operates endoscope intubation for a silicon
dummy from outside the mouth to the front of the trachea.
In clinical endotracheal intubation surgery, doctors first insert
the laryngoscope to the front of the trachea, where our
endoscope stops. Our endoscope captures the RGB image
series during its intubation. Then we choose two images of
representative places in the mouth and larynx. Operating the
depth estimation process for the oral image and the larynx
image, we get Fig. 1 and Fig. 2 separately. Here the x-y
plane is consistent with the x-y plane of the pixel coordinate
system. And the depth z is expressed as the height from
the oral surface to the x-y plane. Since the monocular depth
estimation can only estimate the relative depth but not the
absolute depth, the depth z is normalized and falls within
[0,1].

The chosen oral image excludes teeth, to avoid the effect of
teeth with apparently different reflectivity from oral mucosa.
We get a discrete relative depth map for the oral image in Fig.
1. Creatively, we acquire valuable depth information inspiring
for endoscope navigation via the left view and the top view
of the 3-D contour map. The left view is perpendicular

Fig. 1. The combined figure of the oral image for the silicon dummy. (a)
the original grayscale image; (b)the 3-D contour map; (c) the left view of
the 3-D contour map; (d) the top view of the 3-D contour map. The x-y
plane is consistent with the x-y plane of the pixel coordinate system. The
depth z is the relative distance from the oral surface to the imaging plane.
The blue color means small z and deep distance. The image contains no
teeth.

to the oral section and shows the moving direction of the
endoscope. And the field of the top view illustrates the
endoscope position on the oral section plane. Accordingly,
the two movement directions of an endoscope for the next
moment are available from the left and the top view.

Fig. 2. The combined figure of the larynx image for the silicon dummy. (a)
the original grayscale image; (b) the 3-D contour map; (c) the left view of
the 3-D contour map; (d) the top view of the 3-D contour map. The larynx
part on the image is more in line with the elbow shape.

The chosen larynx image is more in line with the elbow
shape. It’s purely about the light and dark variations. Since
the endoscope captures one side of the ”larynx elbow”, the
3-D depth map is like a slop. The left view clearly shows
the depth descending to one side. And it’s obvious to see the
dark passage of the larynx on the top view.

Overall, the depth estimation process based on the SFS
method proves to be effective for silicon dummy. More
information for endoscopic movement navigation, such as
the endoscope position in the oral section and its next step
direction, is indicated from the left view and top view of the
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3-D contour map. Next, we expand the depth estimation for
the healthy person.

B. Healthy Person

Our research recruits a healthy volunteer and operates
endoscope insertion slowly from outside the mouth to the
base of the tongue, stopping before causing a retching
reaction. The endoscope does not get deep into the larynx
of the healthy person. So the larynx case is only analyzed on
a silicon dummy. The endoscope captures the RGB image
series, then we choose three representative places: outside
the mouth, above the middle of the tongue, and above the
base of the tongue. Operating the depth estimation process
for the images of three places, we get Fig. 3, Fig. 4, and Fig.
5 separately.

Fig. 3. The combined figure of the human oral image outside the mouth.
(a) the original grayscale image; (b) the 3-D contour map; (c) the left view
of the 3-D contour map; (d) the top view of the 3-D contour map. The x-y
plane is consistent with the x-y plane of the pixel coordinate system. The
depth z is the relative distance from the oral surface to the imaging plane.
The blue color means small z and deep distance.

Fig. 4. The combined figure of the human oral image above the middle of
the tongue. (a) the original grayscale image; (b)the 3-D contour map; (c)
the left view of the 3-D contour map; (d) the top view of the 3-D contour
map. The “U” shape of depth variation on the left view is consistent with
the vertical section of the elbow. The grayscale image is already performed
outlier detection and replacement before applying the SFS algorithm.

Fig. 5. The combined figure of the human oral image above the base of the
tongue. (a) the original grayscale image; (b) the 3-D contour map; (c) the
left view of the 3-D contour map; (d) the top view of the 3-D contour map.
The “U” shape on the left view is a little different from that of Fig. 4 with
the movement of the endoscope. The grayscale image is already performed
outlier detection and replacement before applying the SFS algorithm.

When the endoscope is outside the mouth, there is almost
no light illumination in the deep part of the mouth, and
the pixel value in that area is almost zero. The dark area
is processed as blank.

Inside the oral cavity, we see several discrete reflective
points on the surface, and the brightness value is significantly
higher than that of the surrounding area. That’s the specular
reflection caused by the small amount of saliva on the oral
mucosa of a healthy person. To relieve the local reflection
problem, we detect and replace the outliers before performing
the SFS method. If an element differs from the area median
by more than three times the absolute deviation of the
median, we consider it an outlier and replace it with its
nearest non-outlier.

The left view and top view of the 3-D contour map still
highlight the 3-D information of a certain aspect that is
valuable for endoscope navigation in future work. Outside
the oral cavity, the contour in the top view indicates the lip
contour, which may help to determine the insertion position.
Inside the oral cavity, the top view highlights the shape of
the oral cavity cross-section. Similar to the dummy case,
we can adjust the endoscope position on the section plane
until it stays in the center of the top view. The side view
highlights the bend angle for the “oral elbow”. Quantitatively
the curve’s descending slope is calculated from the side view.
Accordingly, we can plan the next moving direction which
is perpendicular to the section plane.

V. CONCLUSION AND PROSPECT

In this study, we fully considered the characteristics of the
oral environments and the oral cavity and larynx passage,
proposing the “oral elbow” hypothesis, and recovering the
oral surface depth by getting a gradient field from the
intensity gradient field based on the SFS method. We get
the 3-D contour map, and highlight the features of oral
contour and bending direction separately with top and side
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views. That features further provide the position on the oral
section plane and the next moving direction of the tip of
the endoscope for endoscope navigation. However, depth is
coarse, relative values rather than precise, absolute values
due to the limitations of the monocular depth estimation
and the oral scene. That calls for future study with multiple
methods and our work may be one of the inspirations. Our
work shows the thoughts of the “oral elbow” hypothesis and
the decomposition of moving direction to be indicated in the
left view and the top view. Most importantly, our study is
fully aware of the importance of image brightness for depth
estimation in the oral environment and recovers the oral depth
information.

For future applications in tracheal intubation robot sys-
tems, route design can utilize the curve descending slope of
the left view of the 3-D contour map and the endoscope
position from the oral section center according to the field
of the top view. The slope remains consistent either relative
depth or absolute depth. In this paper, we decompose endo-
scope motion into two directions of perpendicular to the oral
section and on the oral section plane, which is separately
indicated from the left view and the top view.

Expensive equipment like the RGB-D camera can directly
generate the depth map. The equipment miniaturization and
integration can promote its application in the oral scene,
providing more information for depth estimation, which is
crucial for the development of autonomous intubation robots
in the future.
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