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Figure 1: Wrist-worn millimetre-wave (mmWave) radar sensor (left); experimental setup with a participant seated, holding a

plush toy while performing instructed gestures displayed on a laptop screen (center); example set of gestures performed on the

plush toy (right).

Abstract

Although deformable objects are not typically designed for digital

interaction, they offer a largely unexplored potential—any such

object could be repurposed as a medium for controlling digital con-

tent. While existing approaches embed sensors into deformable

objects to enable interaction, this limits scalability and practicality

of such systems. An alternative is to perform gesture recognition

on deformable objects using a wrist-worn radar sensor. However,

when analysing reflected radar signals it is difficult to separate re-

flections originating from the continues deformations of the object

shape and those from the user’s hand and fingers. Additionally, the

continuous shape changes of deformable objects introduce changes

in radar cross-section, affecting signal variability. Furthermore, user

ergonomics—such as variations in hand size, finger dexterity, and

strength—are likely to influence the degree of object deformation

during interaction. In this paper, we explore whether radar sensing

can be used for robust gesture detection on deformable objects,

focusing on how well does a system generalize to previously un-

seen users and what can we do to improve such generalisability.

In pursuit of this goal, we record a dataset of 4.3k labelled ges-

tures with Google Soli millimeter-wave radar sensor on a plush
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toy and demonstrates robust classification performance, achieving

accuracy of up to 90% on a five-gesture set. Furthermore, we in-

vestigate model generalizability and show that transfer learning

improves recognition for previously unseen users, yielding perfor-

mance gains of up to 20%. These findings highlight the potential of

radar-based sensing for spontaneous and practical interaction with

deformable objects.

CCS Concepts

• Human-centered computing → Gestural input; Graphi-

cal user interfaces; Interactive systems and tools; • Computing

methodologies → Model development and analysis; • Software

and its engineering→ Runtime environments; • Hardware→
Radio frequency and wireless interconnect.
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1 Introduction

Most deformable objects made from fabric, textiles, foam or silicon,

such as for example plush toys, clothing, upholstery, seat cush-

ions, elastic bands, and rubber or silicone mats are not designed

with the intention to support digital interaction. Nevertheless, such
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deformable objects present a largely untapped opportunity for in-

teraction with digital content. For instance, consider a textile-based

gaming input, where squeezing or twisting a soft toy made from

fabric and foam could be used to execute in-game actions. Another

example could consider interacting with soft therapy devices, such

as for example pressing, stretching, or squeezing deformable reha-

bilitation tools to provide input for physical therapy tracking and

gamification of rehabilitation exercises.

A common approach to enabling such interaction is to embed

computational capabilities into objects, making them “smart” and

allowing users to control aspects of their digital environment. An

alternative would be to detect gestures performed directly on de-

formable objects without instrumenting them. As any object can

become an interface, we significantly expand interaction possibili-

ties.

However, gesture recognition on deformable objects presents

distinct challenges, particularly when these objects are not instru-

mented with sensors. Traditional vision-based gesture detection

systems require a direct line of sight and have a hard time detect-

ing gestures when occlusion happens [1, 16, 46]. This limitation

significantly constrains interaction possibilities, especially when

users grip, bend, or manipulate the object, which in turn results in

partial occlusion of their hands and/or fingers.

Unlike mid-air gestures in general [12] or with radars [33, 36,

44] or on-object [1] gesture recognition, deformation-based ges-

tures [11, 15] rely on capturing shape changes of the object, material

flexibility, and force dynamics, allowing users to interact with dig-

ital systems through bending, stretching, squeezing, or twisting

deformable objects [11, 14]. Common approaches for detecting ob-

ject deformation involve vision-based approaches that use RGB and

RGB-D cameras. Again, vision-based techniques face challenges

such as occlusions, lighting conditions, and high computational

costs. To overcome these issues, sensor-based techniques—including

strain gauges, piezoelectric sensors, capacitive sensing, and soft

resistive materials—have been developed to directly measure defor-

mations on flexible surfaces and objects. However, instrumenting

objects with additional sensors is not practical thus limiting the

applicability of such solutions.

Radar-based sensing presents a promising alternative for sponta-

neous interaction with deformable objects and surfaces, particularly

in scenarios where gestures are partially occluded. Unlike optical

methods, radar technology operates without requiring a direct line

of sight, as electromagnetic waves can penetrate non-conductive

materials. This paper explores if this inherent capability of radar en-

ables a robust gesture detection on deformable objects, despite the

unique challenges posed by object’s continues shape deformations

and object’s material properties.

2 Problem statement and contributions

When analysing reflected radar signals of gestures performed on

deformable objects, it is difficult to separate reflections originating

from the continues deformations of the object shape and those from

the user’s hand and fingers. Theoretically one could separate the

object, and hand and finger based on range, however as the object

and hand are very close to each other, this is difficult to do with

analytical methods, especially when considering dynamic environ-

ments which are common for gesture interaction on deformable

objects. Therefore, instead of segmenting the hand and the object

we opt for combined detection that includes hand movements and

object deformations.

Additionally, the continuous shape changes of deformable ob-

jects introduce changes in radar cross-section, affecting signal vari-

ability. For instance, flat surfaces tend to produce strong reflections

when aligned perpendicularly to the radar wave, whereas tilted sur-

faces redirect reflections away from the receiver, leading to signal

loss. However, as in the case of deformation-based gestures, the

deformation of the object itself may contain valuable information

about the gesture being performed. Yet, user ergonomics—such

as variations in hand size, finger dexterity, and applied force—are

likely to significantly influence the degree of object deformation

during interaction. This variability results in diverse deformation

patterns, further compounding inconsistencies in radar signal re-

flections. As a consequence, gesture recordings exhibit high intra-

and inter-user variability, making it challenging to develop robust

gesture recognition models that generalize across unseen users.

This opens up several research questions we address in this

paper: RQ1: Can radar sensing be used for robust gesture detection

on deformable objects? If so, RQ2: How well do recognition models

generalize to previously unseen users? And RQ3: What strategies

can be employed to improve model adaptability and robustness

across unseen users?

To answer these questions, we designed, implemented, and evalu-

ated a gesture recognition system based on Google Soli’s mmWave

radar sensing technology. We show that our system can detect

different gestures on and behind deformable objects, revealing its

potential for spontaneous interactions with everyday deformable

objects. The contributions of this paper are:

• A publicly available data set of 4300 labelled gestures exe-

cuted on a plush toy using a wrist-mounted mmWave Google

Soli radar sensor (https://gitlab.com/hicuplab/godo-soli).

• Gesture recognition system that can enables robust gesture

detection on deformable objects (performance of up to 95%

on a five-gesture set).

• A comprehensive set of experiments involving the training

and evaluation of 20 models, showing how transfer learning

could be used to improve model generalisability to new users,

with performance gains of up to 20%.

3 Related work

Everyday objects are typically not designed with built-in interactive

capabilities. However, this does not prevent users from interacting

with them in meaningful ways. For example, cuddly teddy bears

are widely used for emotional comfort across all stages of life [37].

Their visual appeal, olfactory characteristics, softness, and kinaes-

thetic properties contribute to their comforting effect [37]. These

factors make teddy bears more than just toys—they are emotionally

significant objects for users [31, 37].

Given this strong emotional attachment, embedding sensors into

an existing plush toy is often impractical as it may alter its softness

and kinaesthetic feel, which are unique to plush toys compared to

rigid objects. Enabling interaction without physically modifying the

https://gitlab.com/hicuplab/godo-soli
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toy would preserve its natural comforting properties. Communicat-

ing with a user’s favourite teddy bear through gesture recognition

creates a wholesome and intuitive experience.

Since mmWave radar signals can penetrate non-conductive mate-

rials [46] and recognize subtle hand gestures, we explore the use of a

wrist-mounted mmWave radar sensor for detecting micro-gestures

on a plush toy. This approach allows for seamless interaction with-

out embedding any sensors into the object itself.

3.1 Sensing Technologies for Deformable Object

Interaction

Sensing interactions on deformable objects has been explored using

various sensor technologies, including capacitive sensors[20], con-

ductive wire-based sensors[23], impedance-based sensors[43], and

flex sensors[5], all requiring embedded sensors for functionality.

Maiolino et al. [20] introduced capacitive sensors for non-flat sur-

faces, enhancing humanoid robot interactions[27, 28]. SmartSleeve[23]

used conductive wires to enable squeezing, swiping, and touching

on garments. Foamin[43] applied impedance sensing to capture

gestures on dynamically deforming foam.

Vision-based methods have also been explored. Mahdikhanlou

and Ebrahimnezhad [19] used colored gloves and cameras to track

3D object deformations, while GraspUI[29] tracked grasp gestures

on deformable objects using dual-camera setups.

Alternative sensing methods include RaITIn[7], which identi-

fies objects via radar and reflective markers, and Counterpoint[6],

which uses radar and Leap Motion for mixed-scale AR gestures but

does not address deformable materials. Touché[25] captures envi-

ronmental gestures with capacitive sensing but requires conductive

surfaces, while FuwaFuwa[10] embeds photoreflective sensors into

soft toys. ViBand[13] detects bio-acoustic signals through smart-

watch accelerometers rather than object deformation. Wearable

sensing has also been investigated, such as ear gesture recognition

using IMUs in earphones[26].

Existing methods either embed sensors into objects or rely on

vision-based systems with occlusion and privacy limitations. There-

fore, we propose using radar sensors for micro-gesture detection

on deformable objects, leveraging radar’s ability to penetrate non-

conductive materials such as plush toys. To the best of our knowl-

edge, gesture sensing on deformable objects with radars has not

yet been explored.

3.2 Micro-gesture Sensing Technologies

Micro-gestures are detected using vision-based tracking, wearable

sensors, or radar systems. Vision-based systems like Kinect [4]

and Leap Motion [35] are accurate but sensitive to lighting and

occlusion. Wearable sEMG sensors [38] and Tap Strap 2 [21] enable

continuous recognition but require user contact and may be cum-

bersome. On the other hand radar-based sensing [46] provides a

contactless, privacy-preserving alternative, unaffected by lighting

or field of view [34].

Machine learning advancements, including CNNs [3], RNNs

[45, 46], WE-KNN [17], and model-based approaches [36], enhance

micro-gesture detection accuracy, enabling real-time interpretation

and robust differentiation of fine hand movements. These advances

also contributed to the development of radar-based gesture recog-

nition.

Previous work has investigated radar-based gesture recognition

in various contexts, but none have specifically addressed deformable

objects. RadarHand[8] explored wrist-worn Soli radar to capture

on-skin touch-based gestures, while The Wearable Radar[16] ex-

amined gesture recognition through fabric materials. Solids-on-

Soli[46] extended this concept by analyzing radar reflections across

73 everyday materials. The closest related work, No Interface, No

Problem[1], studied gesture recognition on a picture frame using a

wrist-mounted Soli sensor. However, none of these studies specifi-

cally investigated gestures performed on deformable objects, leav-

ing a significant gap that our work aims to address.

3.3 Wrist-mounted sensors

Prior research has demonstrated the effectiveness of wrist-mounted

sensors, particularly cameras, for enabling gesture and touch-based

interactions. For example, Ohnishi et al. [22] used a wrist-mounted

camera to recognize daily activities involving large hand move-

ments and object interactions. Similarly, FingerTrak [9] employed

thermal cameras mounted on a wristband to continuously capture

3D hand pose for applications such as sign language recognition.

WristCam [2] introduced a wearable camera for tracking hand

trajectory gestures to support human-robot interaction, while Ges-

tureWrist [24] enabled unobtrusive gesture input using wrist-worn

sensing. These studies collectively motivate the wrist as a practical

and effective location for sensing fine-grained hand gestures due to

its proximity to the hand and ability to maintain a stable sensing

perspective. Inspired by this body of work, we mount a Soli radar

sensor on the wrist to classify on-body gestures performed on a

handheld plush toy. Radar sensing at the wrist offers a compact,

low-power alternative to vision-based systems, while preserving

the benefits of continuous, unobtrusive interaction capture.

4 Gesture recognition experiments

This section outlines the method used in the gesture recognition

experiments, beginning with the gesture set, data collection, and

preprocessing steps. It then details the data partitioning strategy,

model architecture, training procedure, and domain adaptation

approach.

4.1 Gesture set

We selected five gestures (Figure 1 right) for interaction with de-

formable objects: Thumb [1], Thumb Joint, Scratch, Pinch [41], and

Squeeze [40] (see Figure 1 right). The selection was informed by a re-

view of micro-gestures previously detected using radar systems[18,

42], with a particular focus on on-object micro-gestures [1].

Additionally, we conducted a heuristic analysis considering both

the sensing capabilities of radar systems and gesture ergonomics.

The authors experimented with various gestures, prioritizing those

that could be performed comfortably and consistently on deformable

objects. Only gestures that could be executed with ease and were

also considered as radar friendly (e.g. exhibiting substantial amount

of motion in range) were included in the final set.

The selected gestures fall into two distinct categories based on

the extent of object deformation: (i) Gestures causing minimal
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object deformation (Thumb, Thumb Joint, and Scratch); (ii) Gestures

causing large object deformation (Pinch and Squeeze). The first

group of gestures aligns with findings from grasping micro-gesture

elicitation studies. However, the second group—gestures involving

large deformations—was not observed in previous studies. This

is likely because prior elicitation studies were conducted on rigid

objects [30], which inherently restricted the feasibility of gestures

that involve substantial object deformations.

4.2 Data Collection and Pre-Processing

With the help of ten participants (6 male, 4 female, aged 23–50) we

recorded 4.3k labelled instances (5 gestures, 10 users, 20 gesture

repetitions, 2–5 sessions) following the same procedure as was

followed in [39]. In each session, 20 repetitions were made of each

gesture and sessions were spaced out by a minimum of 1 hour. Each

gesture recording is 1-second long and was executed on a plush

toy which was held by participants in the lap whilst sitting on the

chair. All instructions were provided on a laptop screen that was

placed on a table in front of participants (see Figure 1 centre).

The screen showed an animated image of the gesture to be exe-

cuted. After a beep sound was played, participants had to execute

the gesture within a 1-second time window. This was repeated

20 times for each gesture. The order of gestures was randomised

and after each round, the sensor was reset (the clutter map of the

radar sensor was rebuilt). Participants were also asked to repeat the

gesture if the one they executed did not match the gesture shown

on the image (e.g., the user executed the scratch gesture instead of

the thumb gesture).

The Soli sensor was configured to record on 4 channels at 1000𝐻𝑧

with the adaptive clutter filter disabled. The recorded files were pre-

processed at a 𝑑𝐵 range setting of [−32, 0], downsampled to 100𝐻𝑧,

and greyscaled, generating 4 Range-Doppler images per frame. Each

Range-Doppler image corresponds to 𝑇𝑋 − 𝑅𝑋 antenna pairs and

consists of 32 range bins and 32 velocity bins (i.e. 32𝑥32 pixels).

The intensity of the image coincides with the radar-cross section

of the target. Further, negative velocity corresponds to the motion

towards the soli sensor, while the positive velocity corresponds to

the motion away from the sensor.

Each gesture recording is 1 second long, thus we have 100 frames

per recording. To reduce the number of images, we flattened each

Range-Doppler image to 1024 bins and stack them on top of each

other, resulting in a spectrogram image of 1024 × 100 pixels (Fig-

ure 2) for each channel. Finally, we stack each antenna configuration

on top of each other creating a spectrogram image of 400𝑥1024.

Making spectrograms in this way allowed us to preserve phase

variations along with range, velocity and radar-cross section details

of the target.

Figure 2: A spectrogram image for a Thumb gesture, channel

0, pre-processed with the dB range [−32, 0]. The image is

generated by flattening a sequence of 100 Range-Doppler

images. Each row represents one Range-Doppler image of

32 × 32 = 1024px.

4.3 Data partitioning

All experiments are done on two different datasets, namely full-

dataset and reduced-dataset. Both datasets are balanced on

users and gestures. This is crucial for Leave-one-user-out eval-

uations. However, due to the fact that not all users participated

in the same number of sessions, we could only use 2000 record-

ings (40𝑟𝑒𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛𝑠 ∗ 5𝑔𝑒𝑠𝑡𝑢𝑟𝑒𝑠 ∗ 10𝑢𝑠𝑒𝑟𝑠) in the full-dataset. In

the reduced dataset, we only use 750 recordings (15𝑟𝑒𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛𝑠 ∗
5𝑔𝑒𝑠𝑡𝑢𝑟𝑒𝑠 ∗10𝑢𝑠𝑒𝑟𝑠). This decision was made due to the high cost of

data capturing as well as higher possibility for gain when attempt-

ing domain adaptation.

We run two experiments, All-users evaluation and Leave-one-

user out evaluation. In All-users evaluation 10% of data was used

for test partition (200 recordings (40 per gesture) and 75 recordings

(15 per gesture) for full-dataset and reduced-dataset respectively).

The remainder (1800 and 675 for full-dataset and reduced-dataset

respectively) was further segmented into train(70%) and validation

partitions(30%). Leave-one-user out was done in a standard way,

we train the model once per user, leaving one user out and using

this user as our test partition. Other users form train(70%) and

validation (30%) partitions.

4.4 Model architecture

Weadopted the classifier architecture introduced in theNo-Interface-
No-Problem [1] due to its proven performance, lightweight design,

and ease of implementation. The original model is a compact CNN-

based network optimized for spectrogram inputs, with no recurrent

(e.g., LSTM) layers, making it suitable for deployment on wear-

able devices. It has approximately 770𝐾 trainable parameters and

a model size of just 8.9𝑀𝐵, which is considerably small compared

to typical deep learning models [1]. In our implementation, we

modified the input layer to accommodate the dimensions of our

spectrogram data and adjusted the output layer to match our ges-

ture class set.

The model is based on 2D CNN layers, and it has four Conv2D

layers each containing 32, 64, 128, and 256 filters with each con-

sisting (3𝑥3) kernels with LeakyReLU activations on each Conv2D

layer. Further, each Conv2D layer is followed by a MaxPool2D layer

for downsizing the output of each Conv2D layer. After the Conv2D

layers, it goes to flatten layer and finally put out to Dense layer

with Softmax activation for 5 classes.

4.5 Model training and domain adaptation

We experiment with two different training scenarios, in the baseline

scenario (Baseline model) the model weights were trained from

scratch, whilst in the domain adaptation scenario the models were

trained with transfer learning (TL model). In both cases the models

were trained for a maximum of 100 epochs. To avoid overfitting,

we use an early stopping criteria (𝑝𝑎𝑡𝑖𝑒𝑛𝑐𝑒 = 20). We also used

learning rate plateau middleware to reduce the learning rate on

plateau with 𝑝𝑎𝑡𝑖𝑒𝑛𝑐𝑒 = 3 and factor 0.5. We are always starting the

learning rate on 1.𝑒 −4 and set the minimum learning rate to 1.𝑒 −6.

We used the usual categorical cross entropy for the loss function

since this is simple multi-class classification, and Adam optimizer

for updating the model parameters calculated in backpropagation.
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In the domain adaptation scenario with transfer learning, we em-

ployed a Solids-on-Soli model previously trained on a robot dataset

by Čopič Pucihar et al. [46]. This model can classify 6 gestures,

namely: swing left, swing right, away, towards, wiggle, and no

action as depicted in Čopič Pucihar et al. [46]. The same sensor was

used, with very similar configuration. We brought this Solids-on-

Soli trained model into our experiment and as in a typical transfer

learning scenario, we froze all the layers but removed the last layer

and replaced it with a Dense layer with 5 outputs with a Softmax
activation. Afterwards, we trained the model, but allowing to adjust

only the neurons in the last layer. How different are the two ges-

ture sets can be compared by observing Figure 1 right and gesture

in Čopič Pucihar et al. [46]. How does this manifest in spectrogram

representations of a radar signal can be observed on Figure 3 and

Figure 4.

5 Results

5.1 All-users evaluation

Results in Table 1 show good performance of the baseline model

in full-dataset scenario (𝑎𝑐𝑐 = 89%, 𝐴𝑈𝐶 = 0.89, 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 0.9,

𝑅𝑒𝑐𝑎𝑙𝑙 = 0.89 and 𝐹1 = 0.9), yet this performance drastically falls

in a reduced-dataset scenario (𝑎𝑐𝑐 = 29%, 𝐴𝑈𝐶 = 0.71, 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

0.39, 𝑅𝑒𝑐𝑎𝑙𝑙 = 0.29 and 𝐹1 = 0.25). In case of TL model, we only

observe a small performance drop as the dataset size decreases.

The accuracy drops from 𝑎𝑐𝑐 = 90%, 𝐴𝑈𝐶 = 0.99, 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 0.9,

𝑅𝑒𝑐𝑎𝑙𝑙 = 0.8 and 𝐹1 = 0.9 in the full-dataset scenario to 𝑎𝑐𝑐 = 81%,

𝐴𝑈𝐶 = 0.96, 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 0.82, 𝑅𝑒𝑐𝑎𝑙𝑙 = 0.81 and 𝐹1 = 0.81 in the

reduced-dataset scenario. The same trends can also be observed

in confusion matrices in Figure 5 left with the lowest accuracies

reported in baseline model for a reduced-dataset scenario in case

of gestures G1-Thumb, G4-Pinch and G5-Squeeze. Interestingly,

for gestures coming from the group causing large object deforma-

tions (gestures G4-Pinch and G5-Squeeze) transfer learning (e.g.

TL model) was not as effective (see top right confusion matrix in

Figure 5 left). The confusion matrices also show TL model has

higher accuracy in full-dataset and reduced-dataset for all but one

gesture. The confusion matrices Figure 5 left also show TL model

has higher accuracy in full-dataset and reduced-dataset for all but

one gesture.

Model Dataset Performance ACC AUC Precision Recall F1
Baseline Full-dataset 0.94 0.89 0.99 0.9 0.89 0.90
TL Full-dataset 0.945 0.90 0.99 0.90 0.90 0.90
Baseline Reduced-dataset 0.5 0.29 0.71 0.39 0.29 0.25
TL Reduced-dataset 0.885 0.81 0.96 0.82 0.81 0.81
Table 1: Performance of Baselinemodel andTCmodelwhen

trained on all-users for full-dataset and reduced-dataset.

5.2 Leave-one-user-out (RQ2 and RQ3)

Similar trend can be observed as in All-users evaluation (subsec-

tion 5.1). Results in Table 2 show good user specific generalisa-

tion capabilities for the baseline model in full-dataset scenario

(median scores of: 𝑎𝑐𝑐 = 73%, 𝐴𝑈𝐶 = 0.93, 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 0.76,

𝑅𝑒𝑐𝑎𝑙𝑙 = 0.73 and 𝐹1 = 0.73), yet this ability drastically falls in a

reduced-dataset scenario (median scores of:𝑎𝑐𝑐 = 38%,,𝐴𝑈𝐶 = 0.80,

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 0.52, 𝑅𝑒𝑐𝑎𝑙𝑙 = 0.38 and 𝐹1 = 0.35). In case of TL model

(Table 3), we only observe a small performance drop in user specific

generalisation capabilities as the dataset size decreases. The median

scores of: 𝑎𝑐𝑐 = 84%, 𝐴𝑈𝐶 = 0.98, 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 0.83, 𝑅𝑒𝑐𝑎𝑙𝑙 = 0.84

and 𝐹1 = 0.82 in the full-dataset scenario fall to median scores

of: 𝑎𝑐𝑐 = 73%, 𝐴𝑈𝐶 = 0.93, 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 0.76, 𝑅𝑒𝑐𝑎𝑙𝑙 = 0.73 and

𝐹1 = 0.73 in the reduced-dataset scenario.

To compare Basic model performance to TL model performance,

where performance is defined as 𝑝𝑒𝑟 𝑓 𝑜𝑟𝑚𝑎𝑛𝑐𝑒 = (𝐴𝐶𝐶 +𝐴𝑈𝐶)/2
we run Paired-sample T-test Figure 6. Shapiro-Wilk test showed the

data is normally distributed (see top table in Figure 6). The results

in Figure 6 show significant improvement in performance for TL

model in a reduced-dataset scenario (t(9) = 3.51, p = .007). The

mean performance increased from 63% (SD = 17.57%) to 82.2% (SD

= 8.92%), 95% CI [6.79, 31.4]. The effect size was moderate (Cohen’s

d = 1.11), indicating a large improvement in performance. Despite

also observing an increase of performance for full-dataset scenario,

no significance was reached(t(9) = 2.14, p = .06).

The confusion matrices in Figure 5 right show the lowest accu-

racies in baseline model for a reduced - dataset scenario in case of

gestures G1-Thumb, G3-Scratch andG5-Squeeze. Unlike full-dataset

experiment, where transfer learning only outperformed the base-

line model for gestures G1-Thumb, G3-Scratch and G5-Squeeze,

in the reduced-dataset scenario it outperformed the baseline across

all gesture classes (see top right confusion matrix in Figure 5 right).

The confusion matrices also show TL model has higher accuracy

in full-dataset and reduced-dataset.

6 Discussion, limitations, and future work

We structure discussion based on the three research questions: Are

radar-based gesture recognition models capable of robust gesture

detection on deformable objects (RQ1); How well do these models

generalize to previously unseen users (RQ2)? and whether domain

adaptation is an effective strategy to improve generalization to

unseen users(RQ3).

6.1 Robust gesture detection on deformable

objects (RQ1)

Our results show deep neural networks can be used for robust

gesture detection on deformable objects. This was the case despite

being faced with the challenge of continuous shape changes of

deformable objects, which introduce changes in radar cross-section.

However, this was not the case as data became more scarce in

reduced-dataset scenario. High volume data requirement is integral

part of training deep neural network and besides computation cost

and lack of explainability one of its key drawbacks.

An alternative approach would be to try and model interferences

caused by object deformations though analytical methods, as was

done in RadarSense [32, 33]. In this work the authors successfully

removed interferences of the obstructed materials through inverse

modelling in which the occluding material barrier became part of

the radar antenna model producing clean spectrograms representa-

tions of gestures. These could be used to train less resource hungry

machine learning algorithms, such as for example template match-

ing. However, due to dynamic characteristic that are common in
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Figure 3: Examples of generated spectrogram images (as explained in subsection 4.2) from the Range-Doppler images acquired

from the Solids-on-soli [46] dataset. Each spectrogram contains 80 radar frames of a gesture execution, which are represented

in 320 Range-Doppler images (80 per channel). These Range-Doppler images are flattened and stacked on top of each other.

Figure 4: Examples of spectrogram images from hand gestures on a plash toy. Each spectrogram contains 100 radar frames of a

gesture execution, which are represented in 400 Range-Doppler images (100 per channel). These Range-Doppler images are

flattened and stacked on top of each other.

gesture detection on deformable objects renders such an approach

difficult and/or potentially impractical.

We acknowledge that incorporating explicit deformation infor-

mation—via auxiliary sensors or deformation modeling—could fur-

ther enhance recognition performance and interpretability. How-

ever, our aim in this work was to explore the feasibility of sensor-

free gesture recognition on deformable objects using radar alone.

In this paper, we address the small data size problem with domain

adaptation of our model, discussed in subsections hereafter.

6.2 Model generalization to unseen users (RQ2)

Our experimentation with Leave-one-user-out show that as long

as we have sufficient amount of data (Full-dataset scenario), our

models generalise well to unseen users. This was the case despite

gesture recordings exhibiting high intra- and inter-user variability,

a result of variations in user ergonomics—such as variations in hand

size, finger dexterity, and applied force— all of which may influence

the degree of object deformation during interaction. This yet again

shows that robust radar-based gesture recogntion on deformable

objects is possible. Our experimentation also showed it is essential

to have sufficient amount of data avialable. We again try to address

the small data size problem with domain adaptation of our model,

discussed in subsections hereafter.

6.3 Domain adaptation as a strategy to improve

generalization (RQ3)

Domain adaptation through transfer learning proved an effective

strategy for both all-users evaluation and leave-one-user-out evalu-

ation. The effectiveness of domain adaptation was increased with

the lack of data. This result is important because it shows how

different the model used for transfer learning can actually be in

this radar-based sensing context. For example, the model used in

transfer learning was not only trained on a very different set of

gestures, but these gestures were also performed by a robot system

swinging the ball instead of a human subject performing gestures

with a hand reducing the cost of such data collection.

6.4 Limitations and future work

We only experiment with 5 gestures executed on a plush toy. Also

our gesture set is limited to bidirectional gestures. Therefore, future
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Figure 5: Confusion matrix of Baseline model and TL model for full-dataset and reduced-dataset when trained on All-

users—left and Leave-one-user-out—right.
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Figure 6: Performance evaluation. Left figure shows four distribution of performance scores ((𝐴𝐶𝐶 +𝐴𝑈𝐶)/2) for Baseline and

TC models for full-dataset and reduced-dataset; Right tables show Shapiro-Wilk statistics confirming normal distribution of

data and Paired sample T-test with 95% confidence intervals and Cohen d effect size.

work should expand the gesture set and explore how generalisable

are models to other objects.

We captured data with 10 users, however not all users partici-

pated in all sessions introducing variation of the number of record-

ings each user made per gesture. So when experimenting the leave-

one-user-out scenario, to treat fairly all users, we chose the maximal

common repetition number discarding some recordings (e.g. out of

4300 we used 2000 gesture recordings). In the future, researchers

could train and experiment with the whole dataset. Future research

should also be directed into few-shot learning. For example it would

be interesting to see how well would transfer learning perform

when trained with only a few recordings per gesture.

7 Conclusion

In this paper we demonstrates the potential of radar sensing for

robust gesture recognition on deformable objects, offering a scal-

able alternative to sensor-embedded solutions. With a wrist-worn

mmWave radar sensor, we achieve high classification accuracy (up

to 90%) on a five-gesture set using a plush toy, despite the chal-

lenges posed by continuous object deformation and user variability.

Importantly, we show that transfer learning significantly enhances

generalizability to previously unseen users, improving recognition

performance by up to 20%. These findings highlight the feasibility

of radar-based interaction with deformable objects, paving the way

for more spontaneous and practical digital control mechanisms in

everyday scenarios.
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A Appendix

In Table 2 and Table 3 are results of Leave-one-user-out experimen-

tation.
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Baseline Reduced-d. User 1 0.65 0.94 0.68 0.65 0.65 TL Reduced-d. User 1 0.69 0.92 0.72 0.69 0.70
Baseline Reduced-d. User 2 0.36 0.80 0.54 0.36 0.32 TL Reduced-d. User 2 0.56 0.93 0.64 0.56 0.52
Baseline Reduced-d. User 3 0.23 0.52 0.09 0.23 0.13 TL Reduced-d. User 3 0.73 0.92 0.75 0.73 0.73
Baseline Reduced-d. User 4 0.35 0.73 0.50 0.35 0.35 TL Reduced-d. User 4 0.49 0.79 0.46 0.49 0.46
Baseline Reduced-d. User 5 0.33 0.68 0.42 0.33 0.30 TL Reduced-d. User 5 0.77 0.94 0.78 0.77 0.77
Baseline Reduced-d. User 6 0.40 0.79 0.65 0.40 0.34 TL Reduced-d. User 6 0.67 0.92 0.68 0.67 0.66
Baseline Reduced-d. User 7 0.92 0.99 0.93 0.92 0.92 TL Reduced-d. User 7 0.91 0.99 0.91 0.91 0.91
Baseline Reduced-d. User 8 0.32 0.70 0.33 0.32 0.20 TL Reduced-d. User 8 0.89 0.99 0.90 0.89 0.89
Baseline Reduced-d. User 9 0.73 0.92 0.75 0.73 0.73 TL Reduced-d. User 9 0.73 0.92 0.77 0.73 0.74
Baseline Reduced-d. User 10 0.45 0.80 0.46 0.45 0.40 TL Reduced-d. User 10 0.73 0.94 0.78 0.73 0.72

Median 0.38 0.80 0.52 0.38 0.35 Median 0.73 0.93 0.76 0.73 0.73
Mean 0.47 0.79 0.54 0.47 0.43 Mean 0.72 0.93 0.74 0.72 0.71
STD 0.22 0.14 0.23 0.22 0.25 STD 0.13 0.06 0.13 0.13 0.14

Baseline Full-d. User 1 0.76 0.94 0.79 0.76 0.76 TL Full-d. User 1 0.76 0.95 0.77 0.76 0.76
Baseline Full-d. User 2 0.81 0.98 0.83 0.81 0.80 TL Full-d. User 2 0.76 0.97 0.80 0.77 0.76
Baseline Full-d. User 3 0.75 0.95 0.80 0.75 0.75 TL Full-d. User 3 0.80 0.96 0.81 0.80 0.80
Baseline Full-d. User 4 0.62 0.90 0.62 0.62 0.59 TL Full-d. User 4 0.81 0.97 0.81 0.81 0.80
Baseline Full-d. User 5 0.85 0.98 0.86 0.85 0.85 TL Full-d. User 5 0.88 0.99 0.80 0.88 0.83
Baseline Full-d. User 6 0.67 0.93 0.68 0.67 0.66 TL Full-d. User 6 0.92 1.00 0.92 0.92 0.92
Baseline Full-d. User 7 0.93 0.99 0.93 0.93 0.93 TL Full-d. User 7 0.91 0.99 0.92 0.91 0.91
Baseline Full-d. User 8 0.86 0.99 0.88 0.86 0.85 TL Full-d. User 8 0.87 0.99 0.88 0.87 0.86
Baseline Full-d. User 9 0.60 0.88 0.64 0.59 0.59 TL Full-d. User 9 0.92 1.00 0.92 0.92 0.92
Baseline Full-d. User 10 0.75 0.95 0.76 0.75 0.74 TL Full-d. User 10 0.81 0.96 0.84 0.81 0.81

Median 0.76 0.95 0.80 0.76 0.76 Median 0.84 0.98 0.83 0.84 0.82
Mean 0.76 0.95 0.78 0.76 0.75 Mean 0.84 0.98 0.85 0.85 0.84
STD 0.11 0.04 0.10 0.11 0.11 STD 0.06 0.02 0.06 0.06 0.06

Table 2: Leave-one-user-out performance evaluation of Base-

line model and TL model for full-dataset and reduced-
dataset.
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Baseline Reduced-d. User 1 0.65 0.94 0.68 0.65 0.65 TL Reduced-d. User 1 0.69 0.92 0.72 0.69 0.70
Baseline Reduced-d. User 2 0.36 0.80 0.54 0.36 0.32 TL Reduced-d. User 2 0.56 0.93 0.64 0.56 0.52
Baseline Reduced-d. User 3 0.23 0.52 0.09 0.23 0.13 TL Reduced-d. User 3 0.73 0.92 0.75 0.73 0.73
Baseline Reduced-d. User 4 0.35 0.73 0.50 0.35 0.35 TL Reduced-d. User 4 0.49 0.79 0.46 0.49 0.46
Baseline Reduced-d. User 5 0.33 0.68 0.42 0.33 0.30 TL Reduced-d. User 5 0.77 0.94 0.78 0.77 0.77
Baseline Reduced-d. User 6 0.40 0.79 0.65 0.40 0.34 TL Reduced-d. User 6 0.67 0.92 0.68 0.67 0.66
Baseline Reduced-d. User 7 0.92 0.99 0.93 0.92 0.92 TL Reduced-d. User 7 0.91 0.99 0.91 0.91 0.91
Baseline Reduced-d. User 8 0.32 0.70 0.33 0.32 0.20 TL Reduced-d. User 8 0.89 0.99 0.90 0.89 0.89
Baseline Reduced-d. User 9 0.73 0.92 0.75 0.73 0.73 TL Reduced-d. User 9 0.73 0.92 0.77 0.73 0.74
Baseline Reduced-d. User 10 0.45 0.80 0.46 0.45 0.40 TL Reduced-d. User 10 0.73 0.94 0.78 0.73 0.72

Median 0.38 0.80 0.52 0.38 0.35 Median 0.73 0.93 0.76 0.73 0.73
Mean 0.47 0.79 0.54 0.47 0.43 Mean 0.72 0.93 0.74 0.72 0.71
STD 0.22 0.14 0.23 0.22 0.25 STD 0.13 0.06 0.13 0.13 0.14

Baseline Full-d. User 1 0.76 0.94 0.79 0.76 0.76 TL Full-d. User 1 0.76 0.95 0.77 0.76 0.76
Baseline Full-d. User 2 0.81 0.98 0.83 0.81 0.80 TL Full-d. User 2 0.76 0.97 0.80 0.77 0.76
Baseline Full-d. User 3 0.75 0.95 0.80 0.75 0.75 TL Full-d. User 3 0.80 0.96 0.81 0.80 0.80
Baseline Full-d. User 4 0.62 0.90 0.62 0.62 0.59 TL Full-d. User 4 0.81 0.97 0.81 0.81 0.80
Baseline Full-d. User 5 0.85 0.98 0.86 0.85 0.85 TL Full-d. User 5 0.88 0.99 0.80 0.88 0.83
Baseline Full-d. User 6 0.67 0.93 0.68 0.67 0.66 TL Full-d. User 6 0.92 1.00 0.92 0.92 0.92
Baseline Full-d. User 7 0.93 0.99 0.93 0.93 0.93 TL Full-d. User 7 0.91 0.99 0.92 0.91 0.91
Baseline Full-d. User 8 0.86 0.99 0.88 0.86 0.85 TL Full-d. User 8 0.87 0.99 0.88 0.87 0.86
Baseline Full-d. User 9 0.60 0.88 0.64 0.59 0.59 TL Full-d. User 9 0.92 1.00 0.92 0.92 0.92
Baseline Full-d. User 10 0.75 0.95 0.76 0.75 0.74 TL Full-d. User 10 0.81 0.96 0.84 0.81 0.81

Median 0.76 0.95 0.80 0.76 0.76 Median 0.84 0.98 0.83 0.84 0.82
Mean 0.76 0.95 0.78 0.76 0.75 Mean 0.84 0.98 0.85 0.85 0.84
STD 0.11 0.04 0.10 0.11 0.11 STD 0.06 0.02 0.06 0.06 0.06

Table 3: Leave-one-user-out performance evaluation of Base-

line model and TL model for full-dataset and reduced-
dataset.
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