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A Monocular Ranging Method in Floating Touch System
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Abstract The field of human-computer interaction based
on floating touch is an emerging research field. While exist-
ing floating touch systems rely on high-cost hardware (e.g.,
LiDAR, depth cameras), low-cost monocular camera-based
solutions remain understudied. This paper presents a monocu-
lar ranging method in floating touch system. Firstly, a shallow
neural network is used to fit an empirical function to establish
a hand distance model, and a deep neural network proposes a
distance estimation algorithm based on camera pose estima-
tion. Then, a data fusion strategy is used to integrate the two
to construct a multi-layer network that effectively improves
the accuracy of monocular ranging for hands. Finally, a vir-
tual hand-based pose compensation algorithm is introduced,
significantly enhancing the overall method’s precision and
robustness in complex hand movements or angles. Experi-
ments show that the ranging algorithm based on camera pose
estimation can calculate the camera’s offset components in
all directions, addressing issues like pose angles confusion
in monocular distance measurement. The pose compensa-
tion algorithm based on a virtual hand model can extract
virtual coordinates and specific part parameter data, calcu-
lating compensation errors and improving the accuracy and
robustness of hand distance measurement algorithms. The
proposed monocular ranging method outperforms monocular
metric depth estimation methods in outdoor and occlusion
conditions, achieving stable millimeter level accuracy in the
range of 20-100 cm. Compared with traditional distance
measurement methods, the mean relative error is reduced by
15.45%.
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1 Introduction
With the rapid advancement of the digital era, floating touch-
less human-computer interaction technology has become
increasingly integrated into daily life. Most existing touchless
human-computer interaction approaches are predominantly
dependent on high-cost hardware platforms, such as radar
sensor systems [1,2], binocular vision cameras [3], wearable
devices [4], depth stereo cameras [5], and multi-sensor fusion
architectures [6]. For floating touch interaction, Nooruddin
et al. [7] proposed an AR/VR wearable device-based inter-
action approach, which effectively enhances the accuracy
of in-air text interaction.Subsequently, scholars gradually
used monocular vision for human-computer interaction tasks,
and Mishra et al. [8] used an end-to-end monocular vision
architecture to achieve two-dimensional pose estimation of
multiple hands. Qu et al. [9] proposed a Multi-Scale Channel
Attention Network to realize an in-air handwriting system
based on monocular vision, providing a new human-computer
interaction method.

In an effort to reduce costs and promote the technology’s
accessibility, scholars have embarked on research utiliz-
ing monocular vision for floating touch. Current monocular
vision-based systems for floating touch face four main chal-
lenges: (1) Monocular cameras struggle to effectively address
issues such as lens distortion [10], lens-to-hand pose angle
confusion, and other optical aberrations. (2) The anatomical
complexity of hand structures poses a major challenge [11],
especially when users exhibit rapid changes in hand pose
during floating touch interactions, affecting both the preci-
sion and robustness of the distance measurement system. (3)
Subtle hand movements can result in significant scale varia-
tions in captured images [12], requiring that models achieve
millimeter-level monocular distance measurement accuracy
to efficiently perform hand localization tasks. (4) Floating
touch tasks require high system responsiveness and pose a
much greater demand for real-time performance on mobile
terminal devices compared to other platforms [13].

To address the aforementioned challenges, this paper pro-
poses a floating touch method based on monocular vision
that combines multiple algorithms. By extracting the coordi-
nates of the hand in a two-dimensional space as a positional
indicator, this method achieves floating functionality on the
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device. Additionally, it extracts the three-dimensional distance
from the hand to the camera lens as an operational executor,
enabling touch interaction functionality on mobile devices.
This strategy involves the processing of images captured by
monocular vision and introduces a lens pose estimation dis-
tance measurement algorithm and a hand pose compensation
algorithm. These algorithms map the two-dimensional hand
image to three-dimensional space, extracting relative distance
and coordinate orientation information between the hand and
the camera lens, facilitating the development of a simple,
cost-effective, and efficient floating touch application system.

The key innovations of this paper are:
1. Lens Pose Estimation-based Ranging Algorithm

We propose a novel ranging method that converts the
camera’s intrinsic rotation into extrinsic rotation parame-
ters. This approach unifies lens pose variations, computes
multi-directional offset components, and estimates the
current camera pose to enable image distortion correction.
Our solution effectively addresses two critical challenges:
(1) structured light distortion in camera lenses, and (2)
inconsistent attitude angles between the lens and the mea-
sured hand. The method achieves precise hand-to-lens
distance measurement with improved stability.

2. Virtual Hand Model-based Pose Compensation Algorithm
We develop a compensation framework that constructs
a frontal-position virtual hand model using detection re-
sults from the hand pose detector. By extracting virtual
coordinates and parametric data of specific hand parts,
the system calculates compensation errors dynamically.
This innovation resolves measurement inaccuracies caused
by extreme hand pose variations, significantly enhancing
measurement precision and robustness, particularly for
non-standard hand orientations or viewing angles.

3. Hybrid Neural Network Architecture for Monocular Float-
ing Touch Interaction
We integrate these algorithms into a unified floating touch
framework by combining deep and shallow neural net-
works. The deep network leverages our lens pose esti-
mation method to map 2D images to 3D coordinates,
while the shallow network employs empirical regres-
sion to adaptively refine hand orientation and position. A
confidence-weighted fusion strategy, enhanced by virtual
hand compensation, optimizes the final distance estima-
tion. Through model pruning and 8-bit quantization, we
deploy the system as a 2MB ultra-lightweight model on An-
droid devices, achieving real-time millimeter-level ranging
within 20–100cm.

2 Related Work
The distance from the hand to the camera is a critical piece of
information for the device to perceive their surroundings and
make control decisions. However, this distance information is
missing in the process of image formation and cannot be di-
rectly obtained from the images. Visual distance measurement
algorithms fall primarily into two categories: depth estimation
methods and geometric model-based methods. Depth estima-
tion methods rely on feature point matching to acquire depth
information, but they consume a significant amount of time,
making it challenging to meet real-time requirements. More-
over, the deployment process of such methods can be complex
and relatively expensive. In contrast, geometric model-based
methods feature low cost, simple structures, and no need for
data fusion, and can achieve real-time performance. How-
ever, distance measurement accuracy is highly dependent on
camera parameters and target detection precision.

2.1 Ranging algorithm based on depth estimation

Depth information in scenes plays an extremely crucial role
in various computer vision tasks, and it is typically obtained
through active depth sensing. Active depth sensing involves
the use of mechanical devices to acquire depth information
from the scene, with the most common device being laser
radar [14]. Traditional laser radar devices obtain depth infor-
mation by reflecting laser beams off surfaces, enabling rapid
surface model construction and scene depth estimation based
on the acquired depth information [15]. However, these laser
radar devices are expensive [16], and they consume significant
energy to obtain dense and high-precision depth informa-
tion, limiting their applicability in specialized scenarios. As
industrial technology continues to advance, lower-cost and
more user-friendly depth cameras have emerged, providing
researchers with more options. Depth cameras, based on the
principle of time-of-flight (TOF) using reflected near-infrared
light, directly capture depth information from the scene. Ad-
ditionally, these depth cameras often include RGB cameras,
which allows for applications that require both depth and color
information [17]. However, as research in this area deepens,
applications based on depth cameras have revealed some
challenges. Due to the limited range of depth measurement
components and specific environmental requirements, they
are not suitable for widespread outdoor use.

2.2 Ranging algorithm based on geometric Model

Real-time distance measurement of targets is a crucial com-
ponent of floating touch. During the image formation pro-
cess, the projection of the three-dimensional world onto a
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A Monocular Ranging Method in Floating Touch System 3

two-dimensional image plane results in the loss of distance
information. Therefore, it is essential to recover the original
distance values from the images. Among these methods, geo-
metric model-based distance measurement stands out because
of its cost-effectiveness and simple model structure, making
it more readily applicable in real-world production scenarios.

Wu et al. [18] initially locate the position of the target in the
image, extract candidate regions, and enhance the accuracy
of distance measurement by considering the position of the
target’s bottom shadow. However, the complex shape of hand
shadows can still pose challenges in ranging accuracy. Liu
et al. [19]combine images captured by PTZ cameras with data
from millimeter-wave radar to perform detection. They also
provide a detailed explanation of the coordinate transforma-
tion relationship between the sensors. Raza et al. [20] employ
straightforward mathematical estimation methods to auto-
matically measure the distance and dimensions (height and
width) of targets located far from the camera. They achieve
this by detecting L-shaped markers and storing their corner
points. This method is suitable for stationary monocular cam-
era environments. Stein et al. [21] introduce the foundational
model of the similar triangle distance measurement algorithm
and discuss the impact of pixel errors on distance measure-
ment accuracy. However, this model does not consider the
influence of camera pose angles on distance measurement.
Subsequently, Liu et al. [22] extended this model by incorpo-
rating the impact of specific camera pose angles on distance
measurement. However, their analysis primarily focuses on
the precision issues caused by the camera’s pitch angle and
does not comprehensively analyze the impact of camera pose
and lens structure on distance measurement.

In conclusion, it is evident that depth estimation-based
methods struggle to effectively handle complex real-world
scenarios, and their generalization capabilities are limited,
often performing well only on the training dataset. How-
ever,geometric model-based methods not only need to account
for factors like camera pose and environmental lighting but
also need to extract relevant features from the images. This pa-
per employs a geometric model-based distance measurement
approach to achieve monocular floating touch tasks.

3 Proposed Approach
This paper presents a real-time 2D hand pose estimation
model built upon Google’s Mediapipe [23] framework, where
machine learning (ML) is adopted for pose estimation. This
method consists of two stages: (1) the input image is processed
to segment the hand region from the background, followed
by hand localization using detection anchor boxes; (2) the

Fig. 1 System architecture of floating touch technology

detected hand anchor boxes in the image are taken as input,
and the regression model accurately localizes and dynamically
updates the 2D coordinates of the 21 hand keypoints in real
time.

Building upon this framework, the paper constructs a float-
ing touch method based on monocular vision (as shown in
Fig. 1) that integrates multiple algorithms. The system archi-
tecture comprises five interconnected layers and one output
layer. The input layer captures real-time RGB images of the
hand using a monocular vision camera. In the preprocessing
layer, a two-stage 2D hand detection framework is imple-
mented to extract and localize the 2D coordinates of the 21
hand keypoints in real time. The core processing layer em-
ploys a multi-stage neural network architecture to calculate the
hand-to-camera distance through two parallel pathways: (1)
regression-based ranging and (2) geometry-based ranging. A
weighted data fusion mechanism integrates these two outputs
at the data level. After the fusion layer, the optimization layer
applies hand pose calibration and virtual model reconstruction
to refine parameters and minimize measurement errors. The
optimized results are transmitted to the output layer, which
generates high-precision hand distance measurements.
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3.1 Constructing a Shallow Neural Network based on
function fitting

In this section, a shallow neural network (SNN) distance
measurement model is constructed via polynomial curve
fitting, where the least squares method is adopted to fit
univariate polynomial curves. This involves constructing a
Vandermonde matrix from the input features of the sample
set, which transforms the nonlinear regression problem of a
univariate N-th degree polynomial into a linear regression
problem with N+1 elements (including the zeroth-order term).

Given a set of sample points P (x, y), each point Pi(xi, yi)

(i = 1, 2, . . . ,m) in P (x, y) is obtained from multiple sam-
pling runs of the polynomial defined in Eq. (1).

f(xi) = θ0 + θ1xi + θ2x
2
i + · · ·+ θnx

n
i (1)

where:
m: Number of sample points;
n: Order of the polynomial;
θj : Coefficients of the polynomial terms, where j =

0, 1, 2, . . . , n (with θ0 denoting the zeroth-order term);
xi: Image-plane distance calculated from the 2D keypoint
coordinates of the hand in the image at time i;
yi: Actual physical distance (in cm/mm) between the
hand and the camera lens at time i.

The sum of squared errors for each data point within the
sample dataset P (x, y) is given by:

S =

m∑
i=1

[f(xi)− yi]
2 (2)

Using Eq. (2), we can solve the coefficients θj (j =

0, 1, 2, . . . , n) of the optimal fitting function such that the
sum of squared errors S is minimized.

In the algebraic approach, constructing matrices X and Y

can be tedious and computationally expensive. To address
this issue, this article reformulates the sum of squared errors
S in matrix form. We first define the Vandermonde matrix
Xv, coefficient vector θ, and the sample output vector Yr as
follows:

Xv =


1 x1 x2

1 . . . xn
1

1 x2 x2
2 . . . xn

2

1 x3 x2
3 . . . xn

3
...

...
...

. . .
...

1 xm x2
m . . . xn

m

 , θ =


θ0
θ1
θ2
...
θn

 , Yr =


y1
y2
y3
...
ym


(3)

Consequently, the sum of squared errors S can be rewritten
in matrix form as:

S = (Xvθ − Yr)
T
(Xvθ − Yr) (4)

Here, Xv denotes the Vandermonde matrix, θ represents
the coefficient vector consisting of polynomial coefficients,
and Yr is the output vector of the sample dataset. For the
optimal fitting function, the first-order partial derivative of S
with respect to θ must be zero, which yields:

∂S

∂θ
=

∂
[
(Xvθ − Yr)

T
(Xvθ − Yr)

]
∂θ

= 2XT
v Xvθ − 2XT

v Yr

= 0 (5)

After simplifying the above equation (dividing both sides
by 2), the polynomial coefficient vector θ of the optimal fitting
function can be derived as:

θ =
(
XT

v Xv

)−1
XT

v Yr (6)

By substituting the obtained coefficient vector θ into the
original polynomial (Eq. (1)), we derive an empirical function
that approximates the ranging model, thus constructing a
shallow ranging neural network.

3.2 Constructing a Deep Neural Network based on
camera pose for distance Measurement

The motion of a camera can be regarded as rigid body
movement in three-dimensional space. If a coordinate system
is established based on the camera’s initial pose, and the
camera’s pose at a later time is determined, the camera’s
pose after movement can be represented as a combination of
rotation and translation relative to its initial pose. Therefore,
the camera’s pose change can be decomposed into six degrees
of freedom, consisting of three rotational degrees of freedom
and three translational degrees of freedom. The rotation
component represents the camera’s orientation in space and
can be expressed in various forms, including Euler angles,
rotation matrices, quaternions, etc. The translation component
represents the camera’s position in space, typically denoted
as the x, y, and z coordinates of the translation vector.

During the experimental process, switching between dif-
ferent rotation representation modes can lead to deviations
in dimension-related data, making it difficult to accurately
describe the camera’s rotational pose. To address this issue,
this paper first uses Euler angles to describe the camera’s
pose. As shown in Fig. 2, Euler angles are converted into
rotation matrices to unify the camera’s pose into an extrinsic
rotation representation. Finally, the Euler angles under the
rotational pose are derived, and a deep neural network (DNN)
is constructed by incorporating the camera’s intrinsic and
extrinsic parameters to sequentially calculate the x and y

components of the camera’s translation vector.
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A Monocular Ranging Method in Floating Touch System 5

Fig. 2 Mutual conversion between Euler angles and rotation ma-
trices

When describing rotational poses using Euler angles, three
key elements are required: the rotation angles (α, β, γ), the
rotation sequence, and the choice between intrinsic and extrin-
sic rotation. Two common methods for describing rotational
poses using Euler angles are as follows:
(1) The rotation angles are specified as (α, β, γ), the rotation

order is z-y-x, and the rotation mode is intrinsic. This
convention is commonly referred to as the yaw-pitch-roll
sequence.

(2) The rotation angles are specified as (α, β, γ), the rotation
order is x-y-z, and the rotation mode is extrinsic. This
convention is commonly referred to as the roll-pitch-yaw
sequence.

Given the requirements of strict adherence to the rotation
order and the choice of intrinsic/extrinsic rotation, Euler
angles used for camera pose description must strictly comply
with these conventions. This paper proposes a method to
unify camera pose variations by converting intrinsic rotations
to extrinsic rotations, enabling the extraction of camera Euler
angles for subsequent distance measurement calculations.

In the context of intrinsic-extrinsic rotation transformation,
Euler angles are well-suited for intuitively representing abso-
lute camera poses in 3D space. However, they are unsuitable
for scenarios that require relative pose calculations (e.g., pose
interpolation or pose increment computation). To address this
limitation, this paper adopts rotation matrices to normalize
Euler angle representations.

Rin
zyx = Rz(γ)Ry(β)Rx(α)

=

cos γ − sin γ 0
sin γ cos γ 0
0 0 1

 cosβ 0 sinβ
0 1 0

− sinβ 0 cosβ


·

1 0 0
0 cosα − sinα
0 sinα cosα



=


cos γ cosβ

cos γ sinβ sinα
− sin γ cosα

cos γ sinβ cosα
+sin γ sinα

sin γ cosβ
sin γ sinβ sinα
+cos γ cosα

sin γ sinβ cosα
− cos γ sinα

− sinβ cosβ sinα cosβ cosα



=

r11 r12 r13
r21 r22 r23
r31 r32 r33

 (7)

where Rin
zyx denotes the intrinsic rotation matrix following

the z-y-x (yaw-pitch-roll) rotation order, and rij (i, j =

1, 2, 3) represent the elements of the 3×3 rotation matrix.

Rout
xyz = Rx(α)Ry(β)Rz(γ)

=

1 0 0
0 cosα − sinα
0 sinα cosα

 cosβ 0 sinβ
0 1 0

− sinβ 0 cosβ


·

cos γ − sin γ 0
sin γ cos γ 0
0 0 1


=

r11 r21 r31
r12 r22 r32
r13 r23 r33

 (8)

where Rout
xyz denotes the extrinsic rotation matrix following

the x-y-z (roll-pitch-yaw) rotation order, which is the transpose
of the intrinsic rotation matrix Rin

zyx.
According to Eqs. (7) and (8), the rotation matrix Rin

zyx

(representing sequential intrinsic rotations about the z-y-
x axes) describes the sensor’s orientation in the camera
coordinate system, while the output rotation matrix Rout

xyz

represents transformations in the world coordinate system
(extrinsic rotations in x-y-z order). The superscripts ’in’
and ’out’ denote the camera and world reference frames,
respectively, and the subscripts indicate the Euler angle
rotation sequence about the three coordinate axes. Successive
extrinsic rotations by angles α, β, and γ in the x-y-z order
are equivalent to sequential intrinsic rotations by angles γ, β,
and α in the z-y-x order [24].

We thus unify the camera pose by converting it to a Euler
angle-based rotational representation. By fixing the pitch
angle ( α ), we sequentially calculate the offsets of the
measured hand along the y-axis and x-axis induced by the
camera’s Euler angles. The imaging model for y-axis offset is
illustrated in Fig. 3.

As shown in Fig. 3, point e denotes the position of the
measured object C on the image plane. The camera’s extrinsic
parameters are known: α represents the pitch angle, and H is
the camera height. The camera’s intrinsic parameters include
the focal length f (the distance between point o and point o1),
and d (the distance between point o2 and point A) denotes
the desired y-axis offset.

The angle ξ between line segment oA and o2A represents
the lens’s angular offset along the y-axis, and the total angular
offset is α + φ (where φ is the angular displacement from
the image plane offset). The relationship between H and d is
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6

Fig. 3 Imaging model based on y-axis offset

Fig. 4 Imaging model based on x-axis offset

derived as:

tan(α+ φ) =
H

d
⇒ d =

H

tan(α+ φ)
(9)

The distance h between point o1 and point c is the offset
distance of the object on the image plane, and the angular
displacement φ corresponding to this offset is calculated as:

tanφ =
h

f
⇒ φ = arctan

(
h

f

)
(10)

Here, φ is the angle between oc and oo1 at point o, corre-
sponding to the image plane offset distance h.

In summary, for extrinsic rotations with angles (α, β, γ) in
x-y-z (roll-pitch-yaw) order, the offset of the target along the
camera’s y-axis (denoted as d) is:

d =
H

tan
(
α+ arctan

(
h
f

)) (11)

As shown in Fig. 4, point e1 denotes the position of the
measured objectC1 on the image plane. The camera’s extrinsic
parameters are known: β represents the yaw angle, and H is
the camera height. The camera’s intrinsic parameters include
the focal length f (the distance between point o and point
o11), and d1 (the distance between point o22 and point A1)
denotes the desired x-axis offset.

The angle ξ1 between line segment oA1 and o22A1 repre-
sents the lens’s angular offset along the x-axis, and the total
angular offset is β+φ1 (where φ1 is the angular displacement
induced by the image plane offset). The relationship between
H and d1 is derived as:

tan(β + φ1) =
H

d1
⇒ d1 =

H

tan(β + φ1)
(12)

The distance h1 between point o11 and point c1 is the
offset distance of the object C1 on the image plane, and the
corresponding angular displacement φ1 is calculated as:

tanφ1 =
h1

f
⇒ φ1 = arctan

(
h1

f

)
(13)

Here, φ1 is the angle between line segment oc1 and oo11 at
point o, corresponding to the image plane offset distance h1.

In summary, for extrinsic rotations with angles (α, β, γ)
in the x-y-z (roll-pitch-yaw) order (extrinsic rotation con-
vention), the offset of the target along the camera’s x-axis
(denoted as d1) is given by:

d1 =
H

tan
(
β + arctan

(
h1

f

)) (14)

3.3 Hand Pose Compensation Algorithm based on
virtual hand guidance

After constructing a multi-layer network by dynamically ad-
justing the contribution weight of shallow and deep networks
based on hand detection confidence, this section focuses on
compensating for pose-related design parameters. We first
calibrate the hand pose to obtain default parameters for virtual
hand model construction.

Algorithm 1 Hand pose calibration algorithm
1: Function: Pose calibration, extracting default parameters

for users’ hands
2: Input: RGB image
3: Output: Coordinate parameters of 21 hand key points
4: while Confidence level > 0.5 do
5: Extract target hand anchor box
6: if The center point of the anchor frame coincides with

the center point of the 2D coordinate system then
7: Record the coordinate parameters of 21 hand key

points
8: else
9: continue

10: end if
11: end while

Using the pose calibration results, we obtain the 2D co-
ordinates of 21 hand keypoints. As shown in Fig. 5, three
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A Monocular Ranging Method in Floating Touch System 7

Fig. 5 Schematic diagram of hand keypoints (palm keypoints 0, 5,
17 highlighted)

palm-region keypoints (indexed as 0, 5, and 17) are selected.
A distance measurement algorithm is used to calculate the
lengths between keypoint 5 and 17 (σ), between keypoint 0
and 17 (µ), and between keypoint 0 and 5 (η), respectively.

These actual lengths and the angles between adjacent finger
joints are defined as default parameters, which are then input
into the compensation algorithm for the virtual hand model.

The compensation algorithm for the virtual hand model
proceeds as follows:
(1) Input real-time 2D hand coordinate parameters (from the

hand tracking network) and distance parameters (from
the multi-layer ranging network).

(2) Calculate the lengths between real-time tracking key-
points (5-17, 0-17, 0-5), multiply each length by its
corresponding scaling factor, and select the maximum
length as the reference edge. Construct a virtual hand
model in the canonical pose (neutral, fully extended
palm) using this reference edge.

(3) Compare the virtual hand model parameters with real-
time hand parameters to compute the required distance
compensation. Weight this compensation and apply it to
the distance measurement results from the multi-layer
network to generate the final output.

Taking the edge between keypoint 17 and 0 in Fig. 5 as
reference, Fig. 6 shows the visualization results of the virtual
and real hand models. In this visualization, the blue solid line
denotes the real-time detected real hand model, and the black
solid line denotes the virtual hand model derived from the
real hand model. Let A, B, and C represent the pixel lengths
of the real-time detected hand model between keypoint 5 and
17, keypoint 0 and 17, and keypoint 0 and 5, respectively.
Similarly, a, b, and c represent the pixel lengths of the virtual
hand model (black solid line) between keypoint 5 and 17,
keypoint 0 and 17, and keypoint 0 and 5, respectively.

First, each of A, B, and C is multiplied by its scaling factor
(normalized by real physical lengths), and the maximum value
among the resulting values is selected as the reference edge.
The reference edge E is calculated as:

E = max

(
Aσ

Lmax
,
Bµ

Lmax
,
Cη

Lmax

)
, Lmax = max(σ, µ, η)

(15)

Fig. 6 Visual comparison between virtual and real hand shapes

where Lmax denotes the maximum value of the real physical
lengths σ, µ, and η.

Three distinct cases are considered based on the value of
E :
Case 1: E = Aσ

Lmax
(reference edge is keypoint 5-17)

E =
Aσ

Lmax
(16)

In this case, the line segment between keypoints 5 and 17
is selected as the reference edge, so we set a = A. Using the
calibrated default parameters, b and c are solved as:{

a
σ = b

µ ⇒ b = aµ
σ

a
σ = c

η ⇒ c = aη
σ

(17)

The hand ranging compensation distance ω is calculated
by weighting the ratio of virtual-to-real lengths for the non-
reference edges, multiplied by the real length of the reference
edge (σ):

ω = σ · 1
2

(
b

B
+

c

C

)
(18)

Case 2: E = Bµ
Lmax

(reference edge is keypoint 17-0)

E =
Bµ

Lmax
(19)

In this case, the line segment between keypoints 17 and 0
is selected as the reference edge, so we set b = B. Using the
calibrated default parameters, a is solved as:{

b
µ = a

σ ⇒ a = bσ
µ

b
µ = c

η ⇒ c = bη
µ

(20)

The compensation distance ω is calculated as:

ω = µ · 1
2

( a

A
+

c

C

)
(21)

Case 3: E = Cη
Lmax

(reference edge is keypoint 0-5)

E =
Cη

Lmax
(22)

In this case, the line segment between keypoints 0 and 5
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is selected as the reference edge, so we set c = C. Using the
calibrated default parameters, a and b are solved as:{

c
η = a

σ ⇒ a = cσ
η

c
η = b

µ ⇒ b = cµ
η

(23)

The compensation distance ω is calculated as:

ω = η · 1
2

(
a

A
+

b

B

)
(24)

4 Experiment and Results
4.1 Dataset and environment introduction

The hand training dataset consists of indoor, outdoor, and
synthetic subsets. The outdoor dataset comprises 6,000 images
of different hand types, covering various outdoor backgrounds,
lighting conditions, and hand appearances. The indoor dataset
includes 10,000 images with hand poses at various physical
angles. The synthetic dataset is generated by rendering a
high-quality hand model with 24 skeletal bones and textures
for five different skin tones; video sequences of hand pose
transformations are created from this model, and 100,000
images are extracted for network training.

Training and testing were conducted on a local platform
equipped with an RTX 2080Ti 11G GPU, an i7 9700 CPU,
and 32GB RAM, using the TensorFlow framework. For data
collection, an Intel RealSense D435 depth camera and a laser
rangefinder were utilized.

4.2 Performance evaluation and discussion of the hand
tracking module

In the detection stage, this study adopts the hand tracking
strategy based on MediaPipe [23]. By providing cropped hand
images to the hand landmark module, the model reduces com-
putational time and the workload of the graphics processing
unit (GPU).

During training, incorporating a large synthetic dataset into
the hand tracking module training reduces visual jitter between
video frames, thereby mitigating the impact of vibrations
during recording. Mixed training with real-world and synthetic
datasets improves accuracy and effectively accomplishes the
pre-detection task.

In the performance tuning phase, Table 1 presents the per-
formance parameters for different model sizes. Increasing the
model size of the hand tracking module yields only marginal
performance improvements while significantly reducing in-
ference speed; thus, the full-size hand tracking module is
adopted in this paper.

Fig. 7 3D visualization of actual distance

4.3 Experimental results and discussion of a floating
touch method based on monocular vision estima-
tion

After constructing the detection module for hand tracking,
to evaluate the accuracy of the hand distance measurement
algorithm, this experiment collected hand distance data in
the range of 0.2 to 1.0 meters. The actual distance from the
camera lens to the hand was obtained using the depth sensor of
the Intel RealSense D435 stereo depth camera. Additionally,
image data were collected via the camera’s monocular RGB
lens, and hand distance measurement data were acquired
using the image processing methods proposed in this paper.

The Real-time data collected by the stereo depth camera
is shown in Fig. 7. This paper achieves real-time fusion and
rendering of 3D hand depth data with 2D hand image data,
enabling visual 3D visualization of the actual hand distance
and ensuring the reliability of real-time actual hand distance
data collection.

During measurement data collection, instability of the
detector’s palm anchor box can cause fluctuations in the
measured distance data. Thus, the Mean Relative Error (MRE)
is calculated by averaging the error for each position in a
video stream, as defined in Eq. (25):

MRE =
1

k

k∑
f=1

|pdf − rdf |
rdf

× 100% (25)

where k denotes the number of video frames, f ∈
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Table 1 Hand landmark model performance

Model Parameters(M) MSE Time(ms)
Pixel 3

Time(ms)
Android 9

Time(ms)
iOS 11

Light 1 11.83 6.6 5.6 1.1
Full 1.98 10.05 16.1 11.1 5.3

Heavy 4.02 9.817 36.9 25.8 7.5

{1, 2, . . . , k}, pdf is the predicted distance value, and rdf is
the actual distance value. The final MRE is obtained by accu-
mulating per-frame errors for each position and computing
the mean.

For comparison, we adopt the distance measurement mod-
els from reference [21] and [22] (with measurement methods
similar to our experiment) as baselines. Table 2 presents
the experimental results of different models: Model (1) uses
the Traditional Triangular Ranging Algorithm, and Model
(2) combines the empirical function fitting method with the
Traditional Triangular Ranging Algorithm.

Comparing the results of Model (1) and Model (2), we
observe that the mean relative error (MRE) of the traditional
triangulation method proposed in reference [21] and [22] in-
creases with the rise in actual distance. In contrast, the method
proposed in this study achieves significant improvements:
compared with the baseline method in reference [21] and
[22], our distance measurement algorithm reduces the total
MRE by 8.72 percentage points, with respective reductions
by 9.53 and 10.48 percentage points in indoor and outdoor
environments.

We analyze the limitations of shallow and deep networks
individually for hand distance measurement: For shallow
networks, fast variations in hand pose introduce errors in the
output of the detection module, leading to data oscillations
during empirical function fitting for interpolation. These
oscillations cause unstable interpolation results, significantly
degrading distance measurement accuracy. For deep networks,
the accuracy of the Triangular Ranging Algorithm (TRA)
is constrained by baseline length: a shorter baseline yields
smaller measurement errors but a narrower measurement
range, while a longer baseline expands the range at the cost
of larger errors. Thus, the traditional TRA suffers from an
inherent trade-off between baseline length and measurement
accuracy, which contributes to distance measurement errors.

To address these issues, we propose a method for combining
shallow and deep networks for hand distance measurement.
By aggregating the inputs and outputs of multiple network
layers and performing coefficient-weighted fusion on the out-
puts of shallow and deep networks, we obtain the final result
of distance measurement. This approach not only eliminates

abnormal output fluctuations caused by empirical function os-
cillations in shallow networks, but also substantially reduces
long-baseline errors associated with extended measurement
ranges.As shown in Table 2, Model (2) outperforms Model (1)
in distance measurement precision as the actual distance in-
creases, making it more suitable for performing hand distance
measurement tasks across various distances.

4.4 Distance measurement results and discussion
based on camera pose estimation algorithm

To validate the distance measurement algorithm based on
camera pose estimation, we designed Model (3), which inte-
grates the empirical function fitting method with the camera
pose estimation-based ranging algorithm. The experimental
results are presented in Table 3.

As shown in Table 2 and Table 3, the measurement perfor-
mance of Model (2) and Model (3) is significantly superior
to that of Model (1). By replacing the Traditional Triangular
Ranging Algorithm (TRA) in Model (2) with our camera pose
estimation ranging algorithm (Model (3)), the average mean
relative error (MRE) is reduced by 4.96 percentage points.
Notably, the error does not increase significantly with longer
actual distances, primarily due to the mitigation of camera
pose deviations and lens distortion effects.

Regarding camera pose deviations, the traditional TRA
only measures the longitudinal distance of the hand. When the
camera pose is deviated (e.g., the hand is not centered in the
image), this method loses distance information in other direc-
tions. In contrast, our camera pose estimation-based ranging
algorithm not only measures the longitudinal hand distance
but also fuses multi-directional hand distance measurements
based on camera pose. This approach effectively mitigates
error cancellation and accumulation, alleviates the impact of
camera pose deviations, and improves ranging accuracy.

In terms of lens optical distortion, drastic camera pose
changes during dynamic hand image capture amplify lens
optical distortion. If the detected hand is located at the edge of
image, geometric distortion becomes more pronounced. The
traditional TRA is suitable only for flat or near-flat surfaces
and cannot handle varying magnification rates across the lens
plane. Our camera pose estimation-based algorithm unifies the
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Table 2 Comparison of experimental results between model (1) and model (2)

Model Name Real
Distance(cm)

Indoor
Measured(cm)

Outdoor
Measured(cm)

No Occlusion
Measured(cm)

Occlusion
Measured(cm) MRE

Model (1)
Traditional Triangular

Ranging Algorithm [21,22]

20 21.55 21.80 21.47 22.95 9.71%
30 32.39 31.72 32.84 35.19 10.12%
40 43.59 44.39 44.12 44.69 10.49%
50 55.94 56.87 56.41 58.64 13.93%
60 68.11 69.93 67.53 72.01 15.66%
70 80.74 82.61 80.23 86.34 17.83%
80 92.94 95.13 93.45 99.14 18.96%
90 107.78 109.60 106.27 115.08 21.87%

100 121.62 124.37 123.10 130.32 24.85%
Model (1)

Average MRE - 13.66% 15.45% 13.90% 20.73% 15.94%

Model (2)
Empirical Function Fitting +

Traditional Triangular Ranging

20 21.19 20.91 20.85 21.85 6.00%
30 32.20 31.83 31.96 33.89 8.23%
40 38.91 41.86 42.35 44.29 5.99%
50 48.67 52.54 52.64 57.24 6.88%
60 61.68 56.12 62.21 69.51 7.20%
70 72.73 67.78 68.64 81.54 6.38%
80 82.58 76.32 81.94 93.54 6.79%
90 93.92 85.89 93.28 108.68 8.33%

100 95.79 94.43 104.92 122.02 9.18%
Model (2)

Average MRE - 4.13% 4.97% 4.28% 15.50% 7.22%

correction of camera pose variations by estimating the current
camera pose from multi-directional lens offsets, enabling
image distortion correction and more accurate hand distance
calculation.

4.5 Data results and comparative analysis with hand
pose compensation algorithm

Model (3) achieved improved overall performance via camera
pose calibration, but complex hand poses still degraded its
accuracy and robustness. To address this, we visualized
real-time data to analyze the issue: Fig. 8 shows distance
measurement results of Model (3) under two complex hand
poses. In each subfigure, the left panel displays the actual
distance (measured by a stereo depth camera from the palm
center to the camera), while the right panel shows the distance
measured by Model (3) using an RGB camera. Significant
discrepancies between actual and measured distances are
observed, leading to non-negligible measurement errors.

To address this issue, this paper employs a hand pose
compensation algorithm to tackle the problem of distance
measurement under complex hand poses. Firstly, the hand
pose calibration algorithm is used to mitigate calculation
errors caused by variations in hand size. Then, a virtual
hand model with the correct pose is created based on the
current hand position to calculate compensation and rectify
the significant errors associated with complex hand poses.

Fig. 8 Distance measurement results of model (3) under two
complex hand poses
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Table 3 Results of hand Ranging in model (3) and model (4)

Model Name Real
Distance(cm)

Indoor
Measured(cm)

Outdoor
Measured(cm)

No Occlusion
Measured(cm)

Occlusion
Measured(cm) MRE

Model (3)
Empirical Function Fitting +

Camera Pose Estimation Ranging

20 19.69 19.72 20.34 22.12 2.26%
30 30.39 30.46 30.29 27.67 3.81%
40 40.61 39.24 39.73 42.51 2.89%
50 49.27 49.16 50.64 47.50 2.59%
60 59.20 58.78 59.12 62.31 2.36%
70 70.13 69.40 70.21 72.50 2.17%
80 79.52 81.26 79.69 78.17 1.23%
90 91.46 88.57 91.53 88.52 1.21%
100 102.39 98.65 98.22 104.32 1.64%

Model (3)
Average MRE - 1.33% 1.55% 1.14% 5.04% 2.26%

Model (4)
Empirical Fitting + Camera

Pose Estimation + Hand Pose
Compensation Algorithm

20 20.07 19.78 20.21 20.02 0.65%
30 30.11 30.49 29.82 30.13 0.75%
40 40.23 40.13 40.12 39.81 0.41%
50 49.71 50.42 50.54 49.77 0.74%
60 59.82 59.58 60.21 60.46 0.52%
70 69.73 70.52 70.10 70.34 0.43%
80 80.40 79.63 79.97 80.49 0.40%
90 90.23 90.34 90.12 90.28 0.26%
100 99.89 100.33 100.27 100.13 0.21%

Model (4)
Average MRE - 0.38% 0.72% 0.44% 0.42% 0.49%

Fig. 9 Distance measurement results of Model (4) (with pose
compensation) under complex hand poses

Fig. 9 illustrates the visualization results of Model (4)
(incorporating the pose compensation algorithm), which
outperforms Model (3) significantly. This method further
enhances the accuracy and robustness of hand distance es-
timation, enabling reliable floating touch tasks. To validate
the effectiveness of the pose compensation algorithm, we
compare results before and after integration (Table 3).

As shown in Table 3, Model (4) reduces the average distance
error by 1.77 percentage points compared to Model (3),
and the occlusion error by 4.62 percentage points.Overall,
Model (4) reduces the average MRE by 15.45 percentage
points compared to Model (1), effectively improving ranging
accuracy under occlusion.

Model (3) (shallow-deep network fusion) overlooks hand
size variations, which accumulate errors under complex hand
poses. In contrast, Model (4) introduces a hand pose compen-
sation algorithm that calibrates virtual hand model parameters
based on hand size and length, mitigating errors from ne-
glected hand size variations.

When using only the deep and shallow network-based
measurement method in Model (3), the system tends to
overlook the issue of hand size, especially under complex
hand poses, as hands naturally have varying sizes. With an
increasing prevalence of complex hand poses during usage,
this problem leads to accumulating errors, that significantly
affect the overall precision and robustness of the method. In
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Table 4 Comparison of the proposed method and monocular depth estimation

Model Name Real
Distance(cm)

Indoor
Measured(cm)

Outdoor
Measured(cm)

No Occlusion
Measured(cm)

Occlusion
Measured(cm) MRE

Model (4)
Empirical Fitting + Camera

Pose Estimation + Hand Pose
Compensation Algorithm

20 20.07 19.78 20.21 20.02 0.65%
30 30.11 30.49 29.82 30.13 0.75%
40 40.23 40.13 40.12 39.81 0.41%
50 49.71 50.42 50.54 49.77 0.74%
60 59.82 59.58 60.21 60.46 0.52%
70 69.73 70.52 70.10 70.34 0.43%
80 80.40 79.63 79.97 80.49 0.40%
90 90.23 90.34 90.12 90.28 0.26%

100 99.89 100.33 100.27 100.13 0.21%
Model (4)

Average MRE - 0.38% 0.72% 0.44% 0.42% 0.49%

BTS [25]

20 20.03 22.05 19.92 18.11 5.06%
30 30.00 28.42 30.21 31.44 2.69%
40 40.24 37.62 40.15 44.58 4.59%
50 49.23 52.18 50.62 52.49 3.03%
60 60.77 63.24 59.47 64.38 3.71%
70 70.92 71.45 70.64 67.82 1.85%
80 80.58 89.33 80.53 73.64 5.25%
90 89.42 107.56 90.97 97.92 7.50%

100 99.21 124.43 98.94 112.43 9.68%
BTS [25]

Average MRE - 0.78% 9.88% 0.91% 7.81% 4.82%

contrast, Model (4) introduces the hand pose compensation
algorithm, which takes into account the length and size of
the hand to determine the default parameters for the virtual
hand model. This effectively mitigates errors arising from
neglecting the hand’s inherent size when measuring complex
hand poses. We further prune and quantize Model (4) to
achieve lightweight deployment on edge devices, ensuring
stable detection results and evenly distributed errors across
different positions.

4.6 Comparative analysis of the proposed method and
monocular depth estimation

We conducted comparative experiments between our method
and monocular depth estimation methods in a monocular
camera setup. Depth estimation methods are broadly classified
into relative depth estimation and metric depth estimation.
Relative depth is represented by a grayscale image, which
indicates the relative distance between pixels and is not the
real depth value. Typically quantified between 0-255, the
higher the depth value, the farther the distance, resulting in
darker colors. In contrast, metric depth is represented by RGB
color images, where pixel values directly correspond to the
true distance from the camera, usually measured in meters.

Since floating touch tasks require absolute distance val-
ues, we selected BTS [25] (a representative monocular metric
depth estimation algorithm) for comparison. The results are

presented in Table 4.
As shown in Table 4, Model (4) outperforms BTS [25] by

only 0.5 percentage points in indoor occlusion-free scenarios,
but the performance gap reaches 9.16 and 7.39 percentage
points in outdoor and occlusion scenarios, respectively. BTS
exhibits significant errors (average MRE: 4.82%), while our
Model (4) achieves an average MRE of only 0.49%.

We further compare the two methods in terms of deploy-
ment efficiency (Table 5). Our lightweight model shows
significant advantages for mobile deployment, achieving real-
time inference with low parameters, computational load, and
memory usage; our high-precision model balances accuracy
and resource consumption; while BTS incurs the highest
resource costs, making it suitable only for offline desktop
scenarios with sufficient computing power.

Table 5 Performance and resource consumption comparison

Metric BTS Paper Paper
(Android)

Parameters (M) 47.0 25.5 16.4
GFLOPs 20–25 10–15 0.6

Inference Time (ms) 100–200 80–150 33–67
Inference Memory (GB) 1.5–2.0 1.0–1.5 < 0.1

In outdoor environments, monocular depth estimation ac-
curacy is degraded by complex hand poses, lighting, oc-
clusion, algorithm design, and dataset quality (especially
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cluttered backgrounds). Our method uses a high-precision
hand keypoint extraction algorithm to mitigate environmen-
tal interference. In occlusion scenarios, BTS (global depth
estimation) introduces redundant background information,
while our method extracts hand feature regions and uses
geometric-based distance compensation to reduce computa-
tional complexity and improve accuracy.

In summary, monocular depth estimation for hand ranging
lacks theoretical underpinnings and relies heavily on the fitting
capabilities of large-scale deep learning networks. While
monocular depth estimation networks can achieve relatively
accurate distance estimation in specific scenarios (e.g., indoor
environments such as bedrooms and living rooms), they
struggle to generalize to arbitrary scenarios. In contrast, our
method—grounded in prior geometric knowledge and physical
pose analysis—has a model size of only 2 MB and leverages
lightweight image processing techniques compatible with low-
power hardware, outperforming computationally intensive
depth estimation algorithms in hand ranging accuracy.

Building on the aforementioned methods, we first propose
a camera pose estimation-based hand ranging algorithm,
followed by a hand pose compensation algorithm, and finally
integrate a hand tracking algorithm into a multi-layer fusion
network to construct a monocular vision-based floating touch
system. Experimental results demonstrate that our method
reduces the mean relative error (MRE) by 15.45 percentage
points compared to traditional ranging methods, achieving an
MRE of only 0.49% over distance range of 20–100 cm and
thus allowing reliable hand ranging performance.

5 Conclusions
We propose a touchless control method based on a single
camera and multiple algorithms to address key challenges in
low-cost single-camera touchless control systems. Specifi-
cally, we develop a ranging algorithm based on camera pose
estimation to construct a multi-layer fusion network, which
resolves issues such as pose angle ambiguity during distance
measurement; we also propose a pose compensation algo-
rithm based on virtual hand modeling to mitigate numerical
fluctuations in the ranging algorithm caused by drastic hand
pose variations. Experimental results demonstrate that our
proposed method significantly outperforms monocular metric
depth estimation methods under outdoor and occlusion condi-
tions, achieving sub-centimeter accuracy with a mean relative
error (MRE) of only 0.49% over the 20–100 cm range, while
maintaining an ultra-lightweight model architecture and high
real-time inference performance. This work provides theoret-
ical and practical guidance for the practical deployment and
widespread adoption of touchless control technology.

Future work will focus on optimizing and extending the
proposed method to broaden its applicability. This includes
improving the algorithm’s generalization ability across skin
tones, lighting intensities, different levels of occlusion, and
longer touch distances; enhancing dynamic hand tracking
and gesture recognition to further advance the application
of touchless control technology in augmented reality (AR),
virtual reality (VR), and smart home systems. These optimiza-
tions will expand the application scenarios while improving
the robustness and scalability of real-world deployments.
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