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Fig. 1. Left: PalmPen is pen-shaped camera device that enables absolute positioning and continuous tracking on the palm.
Middle: Apart from 2D touch positions, PalmPen supports extra input parameters, such as touch pressure, rotation angles,
and inclination angles. Right: PalmPen is a versatile and portable input device for VR/AR systems and large displays.

Palm-based interaction offers unique advantages in tasks requiring minimal visual attention and low cognitive load, thanks to
the sensitive tactile feedback of the palm and the body’s proprioceptive abilities. However, current research in this field faces
challenges like limited detection precision and complex equipment. This paper presents PalmPen, a novel pen-shaped camera
device that relies on computer vision algorithms to enable absolute positioning and continuous tracking on the palm. We
created a training dataset containing full and partial palmprints with corresponding positional data using cameras and an
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optical tracker. A deep learning network was created to predict the location of partial palmprints within a full palmprint.
PalmPen achieved a mean positioning error of 2.74 mm in the experiments. A user study with 12 participants demonstrated
that PalmPen o ers superior positioning accuracy and input e ciency over other methods. Additionally, properties such as
touch pressure and rotation angles can be inferred from palmprint sequences, extending PalmPen's application range.
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1 Introduction

Traditional input devices, such as the mouse and trackpad, have been the most commonly used input methods
for several decades. However, their application has been limited in the context of VR/AR devices and large
displays due to their inability to provide an immersive and intuitive experiené&s][ Additionally, physical
constraints such as the need for a at surface and a restricted range of motion render them unsuitable for
the dynamic and spatial interactions required in these environmewrdd.[Although products like pen-shaped
mice!, ring mic&, and mini touchpad$have improved the portability of traditional input devices to some extent,
their usability and input e ciency in real-world scenarios remain unclear. Furthermore, traditional mice and
trackpads support only two-dimensional relative input, which is inadequate for complex tasks, such as drawing
or VR gaming, that require absolute positioning and additional input dimensions.

On-skin input, a readily available input method, has garnered signi cant attention from researchel<lp 37,

38 51]. Humans possess the ability to sense their body's position, movement, and orientation in space through
proprioception Bg. This innate proprioceptive sense allows the skin to function as an interface for eyes-free
interaction. The skin's rich and precise tactile feedback, combined with the brain's proprioceptive abilities, enables
individuals to perceive surface information such as the speci c location and movement of tactile signals without
visual input, thus facilitating various input tasks. As a result, on-skin input methods, grounded in proprioceptive
tactile perception, hold signi cant potential for applications in low-vision or vision-free scenarios, as well as in
operations requiring minimal cognitive or attentional e ort]0, 12, 13 39 51]. Among the various on-skin input
locations, the palms and ngers are the most commonly used due to their exibility, sensitivity, and accessibility
[4].

The palm, which approximates a two-dimensional plane, is inherently suited for use as a two-dimensional
interaction interface. Additionally, the widespread use of palmprints in forensics and law enforcement demon-
strates their uniqgueness and permanence. Distinct ridge ow patterns have been identi ed in various regions of
the palm [], allowing for absolute positioning by analyzing and matching speci ¢ palmprint patches. However,
there has been limited research on utilizing palmprints for two-dimensional input with absolute positioning.

We propose PalmPen, a novel pen-shaped camera device that enables absolute positioning and continuous
tracking on the palm. The system begins by capturing a full palmprint image using a phone camera, which serves
as a reference. A camera embedded in the pen tip then continuously captures partial palmprint images, which are
automatically matched against the full palmprint to determine their positions. These positions are mapped to
corresponding interaction points on a screen.

To develop PalmPen, we created a training dataset containing full and partial palmprints with their positional
information, using cameras and an optical tracker. A deep learning network was designed to predict the location

Ihttps://direct.sanwa.co.jp/ltemAttr/400-MAWBT202
2https://direct.sanwa.co.jp/ltemPage/400-MABT156BK
Shttps://www.ergonomictouchpad.com/mini_touchpad.php
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of a partial palmprint within the full palmprint, thereby identifying the corresponding interaction points. Experi-
ments demonstrated PalmPen's positioning accuracy, achieving a mean positional error of 2.74 mm. A user study
with 12 participants evaluated the device's performance in both controlled laboratory settings and real-world
scenarios. In the laboratory, we assessed the device's absolute positioning accuracy with a target tapping task
and its input e ciency with a target tracking task. In real-world settings, we tested PalmPen's performance in
large-screen display and VR applications. Comparisons with a pen-shaped mouse and a phone-based touchpad
con rmed the superiority of our approach.

Additionally, our ndings indicate that properties such as touch pressure, rotation angles, and inclination
angles can be inferred from sequences of partial palmprints, expanding the range of potential input parameters.
Incorporating these properties, we developed several real-world applications to showcase the full potential of
PalmPen.

The main contributions of this work are:

The introduction of PalmPen, a novel pen-shaped camera device that enables absolute positioning and
continuous tracking on the palm, enhanced with input parameters such as touch force, rotation, and
inclination estimation.

The development of a deep learning network that accurately locates a partial palmprint within a full
palmprint, achieving a positioning error of 2.74 mm.

A user study evaluating PalmPen's positioning accuracy and input e ciency in four target selection tasks,
demonstrating its superiority over a pen-shaped mouse and a phone-based touchpad.

2 Related Work
2.1 On-Skin Input Techniques

Despite employing di erent skin locations, on-skin input techniques use several common sensing technologies,
including external optical sensing, signal propagation through the skin, and touch sensors that make direct
contact with the skin f]. External optical sensing is the most widely used technology for on-skin input. Motion
capture systems track re ective markers placed on the skin surface and ngers to determine their positions
[5, 13. Systems using infrared (IR) sensors emit light that re ects o the inputting nger; the nger's location
is then estimated based on the angle, amplitude, and other signal characteristics of the re ection, as well as its
travel time. For instance, watch-based IR sensors have been directed toward the knuckles to track taps and touch
gestures on the back of the han@3 27, 51]. Computer vision algorithms are also frequently used to analyze
images captured by cameras, determining the touch state and contact position of the nger on thelskifJ 47.
Some on-skin input techniques rely on sensing signals propagated through the skin, such as sound, mechanical
vibrations, and electromyography (EMG)§ 37, 45. Touch sensors, which directly detect the touching state and
position, include capacitive touch sensors, piezoelectric sensors, and pressure sensors [38, 52].

Various body locations have been utilized to provide natural user interfaces, including the palins3 22 51],
ngers [ 8, 26 3Q, forearms b, 25 459, laps [34, and ears P1]. The palms are among the most frequently used
locations for on-skin input due to their exibility and accessibility. Kohli and Whittor2f] proposed using
the non-dominant hand as a user interface to provide haptic feedback in virtual environments. Their system
employs magnetic trackers to monitor the palm of the non-dominant hand and the index nger of the dominant
hand. Results from their user study demonstrated the feasibility of the proposed method; however, nger touch
detection was not accurate due to the non-planar nature of the palm surface, and calibration was required for
each user because of variations in palm shape and size. Dezfuli etGhinfroduced the PalmRC technique,
which leverages the palm as an interactive surface for television remote control. In a controlled experiment,
they used optical tracking systems to monitor the palm of the non-dominant hand and the index nger of the
dominant hand. The results demonstrated the feasibility and e ectiveness of this technique, and usability was
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further improved by replacing the optical tracking system with a depth camera, eliminating the need for re ective
markers. Similarly, Harrison et al1H proposed OmniTouch, a wearable depth-sensing and projection system
that enables interactive multitouch applications on everyday surfaces, including hands, arms, and legs. Results
indicated that reliable operation on the hands requires buttons to be at least 22.5 mm in diameter. Gustafson et
al. [19 argued that users inadvertently learn an interface when using a physical device and can transfer that
knowledge to an imaginary interface. They proposed an "Imaginary Phone" prototype, allowing users to interact
by mimicking the use of a physical phone by tapping and sliding on their empty non-dominant hand without
visual feedback. Pointing on the hand is tracked using a depth camera, and touch events are sent wirelessly
to an actual phone to invoke corresponding actions. Their results showed that the minimum button size for

e ective interaction on the palm is 17.7 mm in diameter, signi cantly smaller than on an empty space interface.
In a follow-up study, the authors further investigated the role of visual and tactile cues in palm-based imaginary
interfaces and found that tactile cues sensed by the palm, rather than the pointing nger, were most e ective
for user orientation. The study also demonstrated that eyes-free interfaces on the skin outperform those on
physical devices13. Beyond touch state and contact position, researchers have explored other properties, such
as touch force. Ono et al4[] used an RGB camera to capture the appearance of the palm and the touching nger.
They tracked palm deformation by calculating optical ow, which was then used to estimate the magnitude and
direction of the applied force. Research on palm-based interactions using external optical sensing has shown the
feasibility and e ciency of using the palm as an interaction interface. However, the main drawback of external
optical sensing technologies is their limited portability, which restricts usability in mobile environments.

To improve the portability of palm-based input methods, researchers have proposed various wearable devices.
Wang et al. p1] developed EyeWrist, a wrist-mounted prototype that detects gestures on the palm using an
infrared (IR) camera and a laser-line projector. This device allows users to interact with other devices by drawing
stroke gestures on their palms without needing to look at them. Wang et%(] flso proposed PalmType, which
utilizes the palm as an interactive keyboard for smart wearable displays. Finger positions and taps are detected by
a wrist-worn array of 15 IR proximity sensors. Hajika et al4 introduced RadarHand, a wrist-worn wearable
equipped with millimeter-wave radar to detect on-skin touch gestures. Pratorius etld].froposed Skinteract, a
system for on-body interaction that leverages the unique texture of human skin. A capacitive ngerprint sensor
captures images and locates the corresponding area within a pre-mapped palm. However, this approach only
captured images from 11 regions and evaluated the recognition rate within those regions, limiting it to discrete
input like button clicking. Additionally, the proposed matching algorithm has a high computational cost, with
a processing time of approximately 3 seconds to match a full palm area of 180vehich is impractical for
real-time interactions. While these wearable devices improve the portability of palm-based input, they primarily
focus on discrete input scenarios, such as typing and gesture recognition. In contrast, PalmPen aims to provide
accurate absolute positioning and continuous tracking capabilities.

In summary, on-skin input techniques based on external optical sensing deliver high precision but su er from
limited portability and degraded performance in challenging environments. Conversely, wearable on-skin input
devices improve portability but lack the capability for continuous, accurate position tracking. The PalmPen
addresses these limitations by exploiting the unique patterns of palmprints to enable precise position tracking
without relying on external systems. Its lightweight, pen-shaped design ensures high portability, making it
suitable for diverse real-world applications.

2.2 Pen-shaped Input Devices

Pen interaction is increasingly becoming a standard input method for precision tasks such as writing, annotating,
drawing, and 2D manipulation. Commercial digital pens typically work with sensors integrated into tablet devices.
The most a ordable pens use passive capacitive tracking, where passive styli function as simple conductors
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detected by the touch sensor. In contrast, active capacitive styli (e.g., Microsoft SurfatpePaihan electrostatic
signal that is detected by the touchscreen, providing higher precision. Electromagnetic (EM) styli (e.g., WACOM
perr) operate using electromagnetic induction technology. A grid of sensing coils beneath the tablet generates a
low-frequency electromagnetic eld. When the pen is brought near the tablet surface, the coil inside the pen is
powered by this electromagnetic eld, allowing the stylus to transmit its signal back to the tablet. The sensing
coils in the tablet detect the signal returned by the stylus and calculate its precise location. The pen's position on
the 2D plane is determined by analyzing the strength and phase di erences of the signals detected by each coil.

In addition to the extra features provided by commercial digital pens, such as pressure sensitivity, inclination,
and rotation angles, researchers are exploring new input parameters. Matulic 4lpfoposed mounting a
downward-facing camera at the top end of a digital tablet pen to expand input capabilities. By analyzing images
captured by the camera, the device can recognize dominant and non-dominant hand poses, detect tablet grips
and hand gestures, capture physical content from the environment, and identify users and the pen. Fang et al.
[11] suggested mounting an upward-facing camera at the top of a digital tablet pen to use facial gestures as
command triggers. Hwang et allf introduced MagPen, a magnetically driven pen interface that operates both
on and around mobile devices. The magnetic eld generated by the stylus is used to analyze pen actions and
gestures, such as detecting pen orientation, performing dragging motions along the device frame, and identifying
pen-spinning gestures. While these additional parameters improve input e ciency, they still rely on a mobile
device or tablet to function, limiting their feasibility in truly mobile environments.

On the other hand, some studies focus on pen positioning on unmodi ed physical surfaces. Luthi &tial. [
introduced DeltaPen, a pen device that operates on passive surfaces without requiring external tracking systems
or active sensing surfaces. DeltaPen integrates two adjacent lens-less optical ow sensors at its tip to accurately
reconstruct directional motion and yaw rotation. It also supports tilt interaction using a built-in inertial sensor,
and includes a pressure sensor and high- delity haptic actuator for pressure sensitivity and haptic feedback.
However, this approach only enables relative positioning. Romat et developed Flashpen, a digital pen
designed for accurate and uid handwriting and drawing in VR environments. Flashpen utilizes a gaming mouse
sensor for precise relative input and optical tracking systems for absolute tracking. It demonstrated similar speed
and accuracy to that of a professional drawing tablet in tracing tasks. Maierhofer eB& groposed TipTrack, a
system that tracks the position of an IR-emitting pen tip on a planar surface using two cameras equipped with
infrared lters. The touch states are detected based on the light patterns from the captured images of the pen tip.
While both Flashpen and TipTrack achieved high tracking accuracy, they still rely on external tracking systems
for absolute positioning. In contrast, PalmPen aims to provide high portability and accurate absolute positioning
without the need for an external tracking system.

In summary, most pen-shaped input devices depend on external tracking systems or dedicated sensing tablets
to achieve continuous position tracking, preventing their use as standalone solutions. While existing standalone
pen devices o er relative positioning capabilities, this limitation signi cantly reduces both input e ciency
and potential application scenarios. The PalmPen addresses these challenges by functioning as a fully portable
standalone device that transforms the user's palm into an interactive surface. This innovative approach enables
absolute positioning while simultaneously capturing detailed pen pose properties.

2.3 Palmprint Recognition

Recently, contactless palmprint identi cation has gained popularity due to its advantages in user convenience,
hygiene, and securityd9. Most contactless palmprint recognition methods focus on full-to-full matchir2g)[
Key steps in contactless palmprint recognition, such as key point detection, region of interest (ROI) extraction,

“https://support.microsoft.com/en-US/surface-pen
Shttps:/iwww.wacom.com/en-us/products/pen-tablets/wacom-intuos-pro
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and alignment, typically require full palmprints]]. Feature extraction and matching are usually performed on
these aligned palmprints. However, the feasibility of using a pen tip camera, which captures only a small patch of
the palmprint, makes this contactless recognition pipeline unsuitable for PalmPen.

In contrast, contact-based palmprint recognition has been utilized in forensics and law enforcement for
decadesZq. Partial palmprints collected from crime scenes can be matched against a database of full palmprints.
Most contact-based palmprint recognition algorithms rely on minutiae due to their discriminative power and
persistence®, 9, 20, 2g. However, the limited size of the palmprint patch captured by PalmPen means that the
number of minutiae is constrained, which can impact recognition performance. Additionally, minutiae and ridge
lines may not be clearly visible in the full palmprint captured by a phone camera due to lighting conditions and
camera angle, making minutiae an unreliable feature for recognition.

While traditional palmprint recognition algorithms are designed to verify matches between two palmprints,
they are not optimized for small palmprint patch alignment. In contrast, the PalmPen's absolute positioning
algorithm is speci cally engineered to perform two key functions: (1) precisely localizing a palmprint patch
within a full palmprint image, and (2) maintaining real-time processing speeds to ensure uid interaction. This
dual capability enables accurate, instantaneous positioning that supports natural pen input on the palm surface.

3 PalmPen Concept

The concept behind PalmPen is similar to that of the Anoto pé#]] which uses a tiny camera to capture a
non-repetitive pattern on a surface and, by analyzing this pattern, determines its absolute position. PalmPen
leverages the unique characteristics of the palmprint to provide precise absolute positioning on the palm. The
following sections detail the rationale behind PalmPen's template registration and sensing technology.

3.1 Template Registration

Absolute positioning on the palm is achieved by comparing images captured by the pen with a pre-registered
palmprint template. One potential registration method is the stitching approach proposed by Skintetdcfhis
method involves sequentially adding new images to an intermediate stitching result by matching scale-invariant
feature transform (SIFT) features between pairs of images and computing a homography matrix using random
sample consensus (RANSAC). However, stitching a large number of images can introduce cumulative distortion
due to the projection of non-planar soft tissue onto a two-dimensional space. Given that the quality of the
registered template signi cantly impacts the pen's positioning accuracy, the stitching approach is unsuitable
for full palm registration. An alternative method involves creating a template library consisting of unstitched
palmprint patches with their corresponding locations on the palm. However, this approach requires precise
tracking of each patch's location, which depends on an external tracking system, thereby signi cantly increasing
the complexity of the registration process. Furthermore, both patch-based registration methods require continuous
image capture, which is time-consuming and prone to missing regions, resulting in incomplete templates. To
address these issues, we propose using a single photograph of the full palm, taken with a mobile phone camera,
as the registered template. This simpli es the registration process from capturing numerous palmprint patches to
taking a single photo. This approach ensures the completeness and quality of the template while signi cantly
reducing the registration time.

3.2 Input Device

The input device for PalmPen should have a small form factor and a high image capture rate. Capacitive and
optical ngerprint sensors are the most commonly used for capturing ngerprints. Capacitive ngerprint sensors
are thin, lightweight chips suitable for portable and wearable devices. However, their frame rates are typically
below 10 frames per second (FPS), which is inadequate for interaction purposes. In contrast, optical ngerprint
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sensors can achieve higher frame rates, but they require a camera, light source, and prism, making them bulky.
Both types of contact-based sensors are also susceptible to poor skin conditions, such as dryness or moisture, and
the images they capture di er in modality from the full palmprint captured by a phone camera, complicating the
matching process. Alternatively, a camera can be used to capture palmprint patches. Cameras have the potential
to be compact while o ering a high frame rate. The images captured by the phone camera and the pen tip camera
share the same modality, with only slight di erences in style, making the matching process more straightforward.
For these reasons, a camera is chosen as the sensor of PalmPen.

4 Data Collection

To train the palmprint positioning algorithm, we collected full palmprints, palmprint patches, and their corre-
sponding locations. A data collection system was built using a phone camera, a pen-tip camera, and an optical
tracker (see Figure 2a) . A custom program was developed to synchronize the captured data.

Fig. 2. (a) The setup for the data collection system. (b) The pen-shaped camera with optical tracking markers. (c) The
calibration board.

4.1 Apparatus

We employed a PST lris optical tracking systéto track both the palm and the pen. This system is capable of
capturing six degrees of freedom (DOF) for registered re ective markers, including 3D spatial positions and 3D
orientations. This data is used to calculate the pen's relative position and angles with respect to the palm. The
main camera of an iPhone 13 was used to capture full palmprints. The ProCam application was used to set the
focus manually at a xed value. The captured images have a resolution of &E8®24 pixels. The phone was
mounted on the adjustable arm of a tripod.

We used a Supereyes B005 handheld digital microstapehe input device for PalmPen (see Figure 2b). This
pen-shaped device is 126 mm long and 11 mm in diameter, with an embedded camera equipped with adjustable
LED lights. The camera features an adjustable focal length and captures images at 30 frames per second (FPS)
with a resolution of 640 480 pixels. We designed a 3D-printed black sleeve, 70 mm long with a 14 mm diameter

Shttps://www.ps-tech.com/products-pst-iris/

"https://iwww.supereyes-store.com/collections/microscopes/products/supereyes-b005-200x-handheld-digital-microscope-otoscope-
magni er-w-led-tripod
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opening, with four branches to hold re ective markers. The sleeve blocks external light, ensuring that images are
illuminated solely by the LED lights in the pen. When installed on the pen, the distance from the camera to the
sleeve's opening is xed at 35 mm, matching the camera's focal length.

The calibration board used for data acquisition measures approximate \(2XEDO30 mm (see Figure 2c). A
cylindrical guide helps position the palm on the board. This design allows us to indirectly determine the spatial
coordinates of the palm area by capturing the spatial coordinates of the calibration board. Four re ective markers
are also attached to the board to facilitate a capture model within the optical tracking system. The board's groove
design keeps the palm stable and nearly parallel to the board's surface when placed naturally. Although the palm
has thickness variations, subsequent image-matching tasks focus only on the coordinates within the 2D plane.

We implemented a program to synchronize data collected from the optical tracker and the pen-shaped camera
(see Figure 3). The user interface consists of three columns: the rst displays the palmprint patches currently being
captured, the second contains an area capture indicator, and the third provides control buttons and text boxes for
information recording. The system records the areas of the palm that have been captured based on real-time
camera position coordinates, marking these areas with green squares to guide participants. This approach ensures
comprehensive data acquisition, avoiding the omission of valuable information.

Fig. 3. The data collection program consisting of the cropped palmprint patches, area capture indicator, and the control
bu ons.

4.2 Participants

For the data collection phase, we recruited 10 participants (8 males, 2 females) aged between 20 and 34 years (M =
22.9, SD = 4.0) from the campus. All participants were right-handed and had prior experience using a mouse and
touchpad. Informed consent was obtained from each participant, and their personal information was handled
con dentially. None of the participants had any medical conditions or upper limb injuries that could a ect their
ability to complete the data collection tasks.

4.3 Procedure

Upon welcoming the participants, we introduced the study's objectives and demonstrated the apparatus and
tasks. Participants were asked to complete a consent form and provide basic information, including age, gender,
dominant hand, and experience with di erent input devices. Each participant was seated comfortably in front of

a desk, with the seat height adjusted so their forearms were level with the desk. Participants were then instructed
to place their non-dominant hand in the groove of the calibration board with the palm facing up.

First, a reference image was captured using the phone camera with the pen placed on the participant's hand.
The optical tracker recorded the positions of the re ective markers on both the pen and the calibration board.
This position data was later used to calibrate the phone camera. The pen was then removed, and three additional
photos were taken under di erent lighting conditions created by an external ashlight. Since the phone camera
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remained xed while capturing these four photos, the palms in the images were perfectly aligned. The pen was
then returned to the participant's hand, and the phone camera was moved to a di erent location. This process
was repeated three times to capture the palms from various angles. The camera ash remained on throughout to
provide adequate illumination. In total, we collected 90 full palmprints (10 particip&@sanglesO3 lighting
conditions).

After capturing su cient full palm images, participants were instructed to pick up the pen and begin the
collection process for the palmprint patches. As participants moved the pen, its position was automatically
tracked by the optical tracker. Participants were asked to keep the pen perpendicular to the palm's surface and to
glide it in an S-shaped trajectory across the palm. Throughout the process, participants monitored green area
indicators in the collection software to ensure comprehensive coverage of the palm. The pen tip was to lightly
touch the palm's surface without applying pressure to avoid skin deformation. After excluding images where the
pen was not in contact with the palm, a total of 27,317 palmprint patches were collected from the 10 participants.

4.4 Pre-processing

4.4.1 Coordinate Alignmefiio accurately and automatically determine the relative positions of the palmprint
patches within the full palmprints, we aligned the spatial coordinates with the image coordinates of the re ective
markers. First, the phone camera’s internal parameters were determined using Zhang's chessboard calibration
method [b4. The positions of the re ective markers in the reference images were then manually annotated. The
camera's external parameters were obtained using a Perspective-n-Point (PnP) algorithm, which utilized the
spatial and image coordinates of the markers. Finally, the position of each palmprint patch was calculated by
projecting the spatial coordinates of the pen tip onto the image plane.

4.4.2 Image Processing for Palmprint Pat¢hgsactice, the pen tip camera often exhibited radial distortion

due to the shape of the camera lens. This distortion was minimal for light rays passing near the lens center but
increased with distance from the center, resulting in a sheye-like e ect in the localized palmprint images. This

e ect deviated signi cantly from the true modality of the palmprint in the global image. To correct this, we
calibrated the camera and removed the distortion using Zhang's chessboard calibration meétfjodi¢ reduce
computational cost, the resolution of the palmprint patches was halved toQ@00 pixels (363 points per inch,

PPI). Since there were unavoidable rotations of the pen during the data collection process, each image had a
rotation angle. We corrected this by rotating each image back to O degrees based on the rotation angle recorded
by the optical tracker. Finally, a circular mask was applied to remove invalid areas from the images.

4.4.3 Image Processing for Full PalmprBitsce the full palmprints were captured from di erent angles, a
perspective transformation was applied to each image. The rectangular area of the calibration board was trans-
formed and cropped using the four corner points as references. The resolution of the cropped full palmprints was
adjusted to match the PPI of the palmprint patches, and the corresponding positions of the palmprint patches
were updated accordingly.

5 PalmPen Algorithm

The goal of the PalmPen algorithm is to achieve absolute positioning and continuous tracking on the palm while
o0 ering additional input parameters for richer interactions. The algorithm consists of the following processes: (1)
Absolute positioning on the palm, (2) Continuous movement tracking, (3) Touch state detection, and (4) Relative
pen pose estimation. The overall work ow of the PalmPen is illustrated in Figure 4.
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5.1 Overview

To enhance the portability and usability of the PalmPen, we employ an algorithm that relies exclusively on palm
images. During registration, a user captures a full palm image and selects a rectangular region as the template.
This template is then processed by a feature extraction module to generate a global deep feature. To optimize
e ciency, the registration phase is performed o ine. During online interaction, the PalmPen captures a real-time
image sequence. Users can interact with the palm by performing various actions such as sliding, rotating,
pressing, or tilting the pen. Touch detection is achieved by analyzing grayscale variations, which also identify
the rst post-touch image frame. This frame, along with the precomputed global deep feature, is input into an
absolute positioning network to estimate the touched location. Continuous movement tracking and relative pen
pose estimation are then performed by processing adjacent frames.

Fig. 4. The overall workflow of PalmPen.

5.2 Absolute Positioning on the Palm

We developed a deep learning network with a two-stage training strategy to estimate the position of a palmprint
patch within a full palmprint. In the following sections, we rst provide a comprehensive explanation of the data
preprocessing steps applied to the input images. We then describe the structure of the deep learning network
used in this study. Finally, we detail the two-stage training strategy adopted for this framework.

5.2.1 Data Preprocessi@pntrast Limited Adaptive Histogram Equalization (CLAHE) is an image processing
technique thatimproves image contrast while minimizing noise ampli catiot. Amrouni et al. [2] demonstrated

that applying CLAHE enhances the performance and robustness of contactless palmprint recognition algorithms.
Therefore, we applied CLAHE to both the full palmprints and the palmprint patches. During the training phase,
we augmented the images with random intensity variations and added random Gaussian noise. Random zooming
and rotation were applied exclusively to the palmprint patches.
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