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Abstract—This paper proposes a perceptual no-reference
(blind) haptic quality assessment framework for predicting
the Quality of Experience (QoE) in teleoperation systems with
force feedback. The proposed approach employs a deep neural
network that combines semantic and distortion-based channels.
The semantic network generates a semantic vector that charac-
terizes the interaction between the robot and its environment.
Meanwhile, the distortion network decomposes complex noise
introduced by control algorithms and communication artifacts
into artificial noise of known types. To train the proposed
network, we also construct an augmented dataset for perceptual
quality assessment in teleoperation based on the subjective
experiments. The dataset augmentation and the model are
validated with real-world teleoperation tasks. Our experimental
results demonstrate that the performance of our No-Reference
(NR) haptic quality assessment model is comparable to or
surpasses that of commonly used Full-Reference (FR) methods,
achieving Spearman’s Rank-Order Correlation scores above
0.85 for QoE prediction.

I. INTRODUCTION

Teleoperation with haptic feedback has been extensively
researched and applied in many fields, such as remote surgery
and space exploration [1]. By providing force feedback
from remote environments, teleoperation systems enhance
an operator’s perception of a robot’s working environment
and facilitate the natural transfer of professional skills [2].
However, signal distortions introduced during processing and
transmission can significantly degrade the quality of force
feedback. As a result, Quality of Experience (QoE), which
quantifies the perceptual quality experienced by the operator
in human-in-the-loop systems, becomes a critical perfor-
mance metric for successful teleoperation tasks. Accurately
assessing QoE requires extensive subjective experiments
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using teleoperation systems, such as the one shown in the
top section of Fig. 1. However, these experiments are time-
consuming and require costly hardware setups. To address
this challenge, perceptual Haptic Quality Assessment (HQA)
methods are designed to predict the subjective quality of
feedback signals [3]. Their results are critical for dynamically
adjusting teleoperation systems and optimizing new control
methods.

Recent research on Quality Assessment (QA) methods in
different domains, such as Image QA (IQA) and Audio QA
(AQA), has focused on leveraging Deep Neural Networks
(DNN) to predict the perceptual quality of signals without
the need for subjective experiments [4]. DNNs, including
Convolutional Neural Network (CNN) and Recurrent Neural
Network (RNN), have demonstrated exceptional accuracy
and generalization capability in different QA tasks [5]. How-
ever, unlike IQA and AQA, HQA remains a relatively new
topic driven by the fast development in robotics. As a result,
perceptual HQA (pHQA) still lacks large-scale perceptual
haptic datasets and dedicated HQA Neural Network (NN)
models, which are the two primary focuses of this work.

Large DNN models have demonstrated superior general-
ization capabilities compared to traditional machine learning
methods. However, they also require a larger volume of
annotated data to achieve satisfactory performance. In the
context of NR-AQA, NR-IQA, and NR-HQA, where sub-
jective experiments are time-consuming to conduct, pseudo-
Mean Opinion Score (MOS) serves as a common alternative
to MOS with a trade-off between efficiency and accuracy.
Pseudo-MOS is an intermediate metric derived from FR
methods and can be utilized as ground truth for NR methods.
For instance, Peak Signal-Noise Ratio (PSNR) and Struc-
tural Similarity Index Measure (SSIM) are the commonly
adopted pseudo-MOS metrics for NR-IQA [6]. [7] introduces
HSSIM as a haptic application-specific SSIM, while [8]
evaluates various objective FR metrics and proposes a new
metric based on the Video Multi-method Assessment Fusion
(VMAF) method [9]. DNN-based pseudo-MOS model can
also be obtained by training on a smaller subjectively la-
beled dataset. The trained model is then utilized to generate
pseudo-MOS labels for a larger set of unlabeled samples,
which can be collected more efficiently through dataset
augmentation or parallel experiments.

Although pseudo-MOS can be regarded as pHQA predic-
tions, accurate and generalized pseudo-MOS methods rely
on the existence of reference signals, which introduces an
additional challenge. The non-reproducibility of human-in-
the-loop interactions prevents us from collecting specific ref-
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Fig. 1. Overview of the proposed method. The original subjective dataset
is collected through a subjective experiment with a virtual environment for
reproducibility. Then, the dataset is augmented in a FR manner to obtain
pseudo-MOS values. The augmented dataset is used to train a dual-channel
network to obtain the NR perceptual quality prediction. The trained model
is validated with a robot arm and real-world scenarios for validity.

erence signals during the subjective experiments. Moreover,
in certain scenarios like rescue operations and deep-sea ex-
ploration, obtaining reference signals from the teleoperation
system is challenging due to network limitations or working
conditions. Therefore, practical HQA should be designed as
NR approaches.

As a step toward overcoming these challenges, this paper
proposes an augmented dataset with FR pseudo-MOS and
an NR dual-channel HQA model that predicts the perceptual
quality of force feedback signals while integrating both
distortion and semantic information. Inspired by prior works
in IQA and Video QA (VQA), the design of the dual channel
is motivated by the observation that distortion information
is the primary factor contributing to quality degradation.
Whereas in teleoperation, the movements and interactions
of the follower robot, represented by semantic information,
also influence the perceptual quality of the human operator.
The distortion channel identifies the types and levels of
signal distortions, whereas the semantic channel interprets
the signals into interaction and movement tokens, accounting
for complex human factors, such as the free-energy princi-
ple [10] and perceptual significance [11].

The proposed dataset is augmented from our existing
subjective dataset. Artificial distortions commonly encoun-
tered in teleoperation, such as artifacts from haptic data
compression, communication delay, and packet loss, are
introduced during augmentation for the distortion analysis
channel.

Our results reveal that jointly leveraging semantic and

distortion features improves the performance of the NR-
HQA model, achieving results comparable to or surpassing
common FR methods. To further assess the effectiveness of
our approach, we designed validation experiments in realistic
scenarios. Different types of haptic devices and robotic arms
were employed to demonstrate the robustness and practical
applicability of the proposed method. The main contributions
of this work can be summarized as follows:

« A novel large-scale augmented subjective teleoperation
dataset, specifically designed for distortion analysis, is
proposed for NR pHQA based on our existing subjective
dataset.

e We introduce a novel NR dual-channel network that
utilizes distortion and semantic information in teleop-
eration feedback signals. Its effectiveness is assessed
through both quantitative analysis and validation exper-
iments in generalized real-world teleoperation scenarios.

II. RELATED WORK

Many practical and effective QA methods have been
proposed within the scope of AQA, IQA, and VQA. AQA
resembles HQA as they both focus on predicting the QoE of
time series [12]. A typical NR approach based on FR pre-
training is distortion analysis, which decomposes authentic
noise into synthetic components. Synthetic distortions are
easy to reproduce, and their levels are controllable. By ana-
lyzing the relationship between authentic and synthetic noise,
researchers can augment subjective datasets and generate
pseudo-MOS for training [13]. [14] proposes a network with
two sequential sub-networks, where one network analyzes
the distortion and the other generates the QOE results.
Although distortion analysis is widely applied in the context
of IQA, it remains underexplored in HQA, which motivates
us to incorporate it into our work.

Compared with FR methods, Blind Quality Assessment
(BQA) methods (also known as NR methods) lack the
crucial reference information needed for quality assessment
and distortion analysis. To address this problem, additional
sources of information are introduced to support the QA
without reference. For example, [15] proposed a Blind VQA
(BVQA) system based on Human Visual System (HVS) for
user generated video content. Furthermore, psychological
effects are also employed to enhance the performance of
BQA [16]. These methods evaluate the overall quality of
the signals rather than the difference between the reference
and distorted signals. However, the complexity of accurately
modeling human physiological and psychological systems
imposes limitations on the performance of BQA methods.

Another source of the additional information for BQA is
semantic information within the distorted signals. With the
development of Deep Learning (DL) methods, NR semantic
analysis for different signal types has become increasingly
effective and practical. For instance, [17] proposes a blind
IQA method that integrates both semantic information and
HVS. These studies inspired us to develop a semantic sub-
network for NR-HQA.
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Perceptual quality assessment for teleoperation is a rela-
tively new topic in robotics. Research in this area primarily
focuses on various FR methods for haptic feedback across
different working scenarios. In [18], the authors analyze
the cognitive performance for teleoperation in industrial
manufacturing scenarios based on different interactive inter-
faces and requirements. Our previous work [8] introduced
an Multi-method Assessment Fusion (MAF)-based method
that combines multiple FR objective metrics, such as PSNR
and SSIM, to predict QoE for teleoperation force feedback.
Although this approach enhances HQA model performance
compared to single objective metrics, it still relies on refer-
ence signals, which may not be available in certain teleop-
eration tasks. Building upon this foundation, we propose a
novel NR approach utilizing dual-channel networks.

III. METHODOLOGY

As shown in Fig.1, our proposed framework can be
broadly divided into four components, namely subjective
experiments, dataset augmentation, Blind HQA (BHQA)
model training, and validation experiments. The subjective
experiments generate the original QoE dataset for bilateral
teleoperation. Dataset augmentation expands the original
dataset with artificial distortions in an FR manner. The
distortion channel and the semantic channel are then trained
separately on the augmented dataset, and the Multi-Layer
Perception (MLP) component of the BHQA model is trained
while keeping the parameters of the semantic and distortion
channels frozen. Finally, validation experiments are con-
ducted to assess and analyze the results. The remainder of
this section is also organized according to this framework.

Our HQA problem can be formulated as a function F
{sz}x, = {m}g,, where sy, denotes signals with a length
of L. K; denotes the size of the test dataset, and {’I’;L} X,
represents the predicted MOS values. Our objective is to
maximize evaluation metrics such as the Spearman’s Rank-
order Correlation SROCC({m}y ,{m}y ).

A. Subjective Dataset Establishment

To create a subjectively evaluated dataset for haptic feed-
back signals, we generate distorted force feedback signals
using the open-source haptic codec reference software devel-
oped by the IEEE 1918.1.1 working group [19]. This dataset
serves as the ground truth for establishing an objective
quality assessment metric. Specifically, fifteen haptic signals
are recorded as reference signals, and three control meth-
ods, namely Time Domain Passivity Control (TDPA) [20],
energy-based TDPA [21], and power-based TDPA [22], are
chosen as the control methods for teleoperation. Additionally,
time delay, deadband compression [23], and packet loss are
selected as the primary network artifacts.

A total of 2715 feedback signals are collected with
different combinations of distortions and control methods.
Conducting subjective experiments for all the signals is
overwhelmingly time-consuming, so 240 signals are evenly
sampled according to the control method and distortion
level. We invited 20 subjects and conducted 4800 subjective
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Fig. 2. The ResNet—-MLP [24] architecture is employed in both the pseudo-
MOS generation and the NR distortion prediction phases. The red part
represents the FR networks and models used to generate pseudo-MOS for
unannotated augmented samples. The residual blocks from this module are
transferred to the early layers of the ResNet backbone in the NR distortion
channel. The ResNet backbone together with the MLP heads are trained in
a NR manner and serve as the distortion channel in Fig. 3.

evaluations across 240 distorted force feedback signals in
total. After the experiments, outlier detection and SROCC
tests are performed, and all subjects’ responses passed these
tests. The resulting MOS values are treated as the ground
truth for our subjective dataset.

The subjective experiments are conducted with a haptic
device and a virtual environment. Participants were instructed
to follow the recorded motion displayed in the interac-
tion animation on the screen while perceiving the distorted
feedback signals. This experimental design offers high re-
producibility, efficiency, and controllability. In contrast to
real robot teleoperation scenarios, which are employed in
the validation experiments, this setup enables the collection
of multiple subjective scores from different participants for
a fixed distorted signal. It also reduces the time required
to explain to non-professional participants and reset the
experimental setup, which is critical given that thousands
of tests are needed.

B. Pseudo-MOS Generation and Dataset Augmentation

To augment the original smaller subjectively annotated
dataset, synthetic distortions of different types and levels
are introduced into the subjective dataset D,,p; to generate
a synthetic dataset, denoted as Dy, = {87"; D st} gcasst,
where D, represents the type and level of the distortion,
and K%t denotes the size of the dataset. s;”" stands for
the signals with synthetic distortions. Distortion types that
are common in teleoperation applications are selected, and
the parameters of different distortion types, such as the loss
rate in packet loss distortion, determine the distortion levels.

Next, we train the network as in Fig. 2 to classify distortion
types and generate pseudo-MOS in an FR manner. The

trained model is denoted as

F(g;st : {S(l{iSt; fN}Kdist — {Tﬁist}K{iist,
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Fé\Z/IStOS : {ScllflSt; fN}Kdiat — {MOSDiSt}Kdist,

where {T'p, ., }raise and {MOSp, , }iaise represent the
predicted distortion types and pseudo-MOS from the classifi-
cation and regression heads. A Cross Entropy (CE) loss func-
tion is applied between the predicted and the ground truth
distortion types, and Mean Square Error (MSE) is applied
for the regression head. The reference signals are used here
to generate FR features and signal errors with the distorted
signals, as depicted in the red part of Fig. 2. The residual
layers extract latent vectors as hidden features. Hand-crafted
features, such as MSE and SSIM, are concatenated with the
latent vectors, along with compound features obtained from
the MAF method [8]. The MLP regression head processes
the extended feature vector to learn the pseudo-MOS and the
classification head learns the distortion types.

Finally, the model is trained in an NR setting, as illustrated
by the blue section in Fig. 2. The early residual blocks retain
parameters from the previously trained FR model, while
the subsequent layers together with the MLP classification
and regression heads are optimized to produce NR type
and level predictions. The trained ResNet-MLP model is
then incorporated into the distortion channel of the BHQA
model, with its parameters frozen to preserve the learned
representations.

Additionally, the original dataset is also augmented with
a conditional Generative Adversarial Network (GAN) [25],
which generates signals similar to those in the dataset given
a specified pseudo-MOS. Only distortions with authentic
distortions from the original subjective dataset are used to
train the conditional GAN.

C. Dual-channel Blind Haptic Quality Assessment Model

As shown in Fig.3, the proposed dual-channel BHQA
model comprises a Seq2Seq structure [26] semantic channel,
a Resnet-MLP distortion channel, and an integration MLP
that aggregates the learned information from both channels
to generate the predicted perceptual quality. The dual-channel
BHQA model operates in an NR manner, requiring only the
distorted signal as input. Since the distortion channel is based
on the ResNet structure, which utilizes CNN, the distortion
signal must be either trimmed or resampled to maintain a
consistent length.

The distortion channel is composed of the pretrained
ResNet—MLP module and a fusion head. The ResNet back-
bone, together with the classification and regression heads, is
trained in an NR setting as described in Fig. 2. The predicted
distortion type is transformed into a one-hot encoded vector
and fused with the predicted distortion level through the
fusion head, which is jointly trained with the final MLP QoE
predictor.

During the subjective experiments, the operator was in-
structed to follow the cursor’s movement and make contact
with a spring on the table. Accordingly, the interaction
status tokens were designed to align with this task. Seven
status tokens, namely Free Moving (FM), Slow Pushing (SP),
Keeping Position (KP), Slow Leaving (SL), Fast Shaking

(FS), Bouncing Back (BB), and Hard Contact (HC), are de-
fined to describe different statuses of the contact interaction
of the robot.

All 15 reference signals are annotated semi-automatically.
The token sequences are initially generated based on move-
ment speed and interaction force and then manually refined.
As a result, 15 sequences of status tokens are created as the
ground truth for training the Seq2Seq model. To expand the
training dataset, force signals with low levels of synthetic
distortion are also included, maintaining the same token
sequence order as their corresponding reference signals.

The input signals are separated into short segments,
similar to word embedding vectors, and subsequently fed
into the Long Short-Term Memory (LSTM). The output
of the Seq2Seq model is not fixed in length. A maximum
output length is defined for the status token sequence. If
the generated output exceeds this maximum length, it is
truncated; if it is shorter, the empty slots are filled with
End-Of-Sequence (EOS) tokens. The output token sequence
is then encoded by a one-hot encoder and flattened. The
semantic information, which stands for the interaction and
movement status of the robots, is represented by this fixed-
length semantic vector.

Finally, the fixed-length semantic vector, representing the
movement sequence of the feedback signal, is concatenated
with the distortion vector and fed into the integration MLP.
During the training phase of the MLP, the parameters of
both the semantic and distortion channels remain frozen,
except for those of the fusion head in the distortion chan-
nel. The integration MLP utilizes the pseudo-MOS as the
labels. Four datasets, namely the augmented dataset, the
GAN-augmented dataset, and the dataset incorporating both
augmentation methods, are trained separately to assess the
effect of augmentation.

IV. EXPERIMENTS AND RESULTS
A. Experimental Settings

For our subjective experiments, the Force Dimension Fal-
con device is used as the haptic device, while the haptic
codec reference software [19] is employed to simulate the
communication network and interactions with virtual envi-
ronments. All networks are trained using CUDA version 12.2
on an NVIDIA GeForce 4090 GPU.

The original dataset consists of 2715 samples, including
240 distorted signals annotated with the subjective experi-
ments described in Section III. We selected 6 distortions as
artificial distortions: white noise, Poisson noise, communi-
cation delay, low-pass filtering, packet loss, and deadband.
These distortions are commonly encountered in teleoperation
scenarios and can be reliably reproduced in a controlled
manner. For each of these 6 distortions, 100 distortion
levels are generated and applied to 15 undistorted signals,
expanding the dataset to 11715 samples. The distortion levels
are selected based on FR features, such as MSE and PSNR,
of the distorted signals. Distorted signals with the highest
distortion levels are limited to have FR features comparable
to those of the most distorted authentic signals. Additionally,
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Fig. 3. The proposed dual-channel BHQA model is composed of a semantic channel and a distortion channel. The semantic channel adopts a Seq2Seq [26]
architecture with multi-head attention as its backbone, while the distortion channel is built on a one-dimensional ResNet backbone. In separate trainings,
the green section of the semantic channel is optimized with samples annotated with semantic information, and the blue section of the distortion channel is
optimized with samples labeled with distortion types and levels. Their parameters are frozen (marked by *) during the final training of the QoE prediction

MLP.

400 signals are synthesized for each of the 15 undistorted
signals using the conditional GAN, with 10 levels of pseudo-
MOS. Thus, the final size of the augmented pseudo-MOS
dataset is 17715.

The original experiments involved 20 subjects, consisting
of 14 males and 6 females. Among them, 7 were familiar
with teleoperation, 11 had only heard of the concept, and
2 had no prior knowledge. The validation experiments were
conducted with 8 new additional subjects (7 males and 1
female), all of whom were acquainted with teleoperation. All
experimental procedures and associated questionnaires have
been approved by the Ethics Committee of the Technical
University of Munich, under certificate number 2023-401-S-
NP.

The original data were partitioned into training and test
subsets, with 10% reserved for testing. The test set was fixed
across all experiments to ensure consistency. To mitigate
overfitting, a dropout rate of 0.2 was applied to the MLP
layers, and early stopping was applied based on test loss, with
training terminated if no improvement for five consecutive
epochs.

B. Distortion Analysis and Pseudo-MOS Generation

The rank correlations, namely SROCC and Pearson’s Lin-
earity Correlation Coefficient (PLCC), between the ground-
truth MOS and pseudo-MOS on the subjective dataset with-
out augmentation are calculated to assess the performance
of the ResNet-MLP model in pseudo-MOS generation. The
results are presented in Tab. I and compared with FR
objective metrics and MAF-based integrated methods. The
rows ”Adaboost” and "RandomForest” in Tab. I represent the
MAF-based method using different machine learning models

TABLE I
RANK CORRELATIONS BETWEEN GROUND-TRUTH AND PSEUDO-MOS
COMPARED WITH FR METHODS(THE HIGHER THE BETTER)

SROCC | PLCC

Resnet-MLP 0.94 0.96
Adaboost [8] 0.87 0.89
RandomForest [8] 0.72 0.83
HSSIM 0.52 0.55
segSNR 0.33 0.13

for metrics integration.

The results indicate that MAF-based methods demonstrate
significantly better performance than single objective metrics
because they integrate multiple objective metrics. The pro-
posed ResNet-MLP model outperforms MAF-based methods
as it leverages the ResNet architecture to automatically
extract latent features, thereby capturing more information
from the signal. The high SROCC and PLCC values indicate
that the pseudo-MOS exhibits strong consistency with the
ground-truth MOS and can be utilized as the ground truth in
subsequent network training.

C. QoFE Prediction Results

Tab. II presents the SROCC of the prediction results of
the proposed BHQA model in comparison with FR methods.
All methods are evaluated across four datasets: the original
subjectively annotated dataset, the Distortion Augmented
(DA) dataset, the dataset augmented with GAN, and the
dataset augmented with both DA and GAN. The SROCC
score is calculated between the predicted values and the
ground-truth MOS and pseudo-MOS. The Original column
represents the subjectively annotated dataset where MOS
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is available. In contrast, the DA dataset, GAN-augmented
dataset, and DA&GAN dataset utilize pseudo-MOS as the
ground truth. The second and third rows correspond to the
results of MAF-based feature integration methods using the
Adaboost and random forest models, respectively.

TABLE II
SROCC RESULTS OF DIFFERENT METHODS OVER DATASETS WITH
DIFFERENT AUGMENTATION METHODS(THE HIGHER THE BETTER)

Original | DA | GAN | DA&GAN
Proposed BHQA(NR) 0.85 0.88 0.80 0.84
Adaboost(FR) [8] 0.87 0.91 0.82 0.83
RandomForest(FR) [8] 0.85 0.84 0.86 0.74
HSSIM(FR) 0.57 0.41 0.33 0.26
segSNR(FR) 0.39 0.45 0.26 0.24

From Tab. II, we observe that among the FR methods,
MAF-based approaches outperform simple objective metrics,
with the Adaboost-based model achieving slightly better
performance than the random forest model. The proposed
NR methods demonstrate performance comparable to that of
MAF-based FR methods. A notable observation is that the
proposed method performs worse on the GAN-augmented
dataset. This can be explained as the proposed method is an
NR method. If the reference data represents force feedback
with inherently lower QoE, such as hard contact with a solid
surface or rapid consecutive pushing and releasing with large
movements, the model may misclassify these movements as
authentic distortions with the absence of the reference signal.

D. Validation Experiments

To further evaluate the effectiveness of the proposed
model, validation experiments were conducted in real-world
teleoperation scenarios. A Panda robotic arm was employed
as the follower to interact with the environment, while two
different haptic devices, the Force Dimension Omega 6 and
Sigma 7, were used as the leader devices. The leader haptic
device and the follower robot were operated through separate
controller PCs connected via Ethernet. The follower robot
was controlled using an impedance controller with fixed
parameters, including damping and stiffness.

Two key differences exist between the subjective experi-
ments used to construct the original dataset and the validation
experiments. First, the subjective experiments in virtual en-
vironments relied on recorded animation and force signals,
with participants instructed to passively follow the movement
and perceive the feedback. In contrast, reproducing identical
motion and force feedback in real-world teleoperation is dif-
ficult due to hardware errors and environmental uncertainties.
Therefore, in the validation experiments, participants were
instructed to actively perform tasks without requiring iden-
tical movements and force feedback signals across different
subjects.

Second, in the validation experiments, distortions were
generated naturally by the control system and hardware.
Time delay, deadband, and packet loss were selected as the
main network distortions. When the time delay was below

100 ms, mechanical damping was sufficient to stabilize the
teleoperation system, and therefore, TDPA was not applied.
Once the time delay exceeded 100 ms, TDPA was employed
to ensure system stability. The intrinsic delay between the
controllers was less than 1 ms, and the natural packet
loss rate was below 1%. To simulate the degraded network
conditions commonly encountered in teleoperation scenarios
such as space exploration and remote rescue, time delay was
introduced through a delay buffer, while packet loss was
simulated using a random packet discarder on the sending
side.

The validation task was designed as vertically pressing a
sponge while perceiving the force feedback. Such a pressing
task is commonly used in teleoperation research to evalu-
ate the quality of force feedback, and it reflects industrial
applications of teleoperation, including remote scanning and
haptic digital twins [27]. In addition, this task was chosen
to align with the subjective dataset, which consists of one-
dimensional force feedback signals used for training our
model.

TABLE III
SROCC, PLCC, AND RMSE FOR VALIDATION EXPERIMENTS (MOS
FROM OMEGA 6 HAPTIC DEVICE ARE USED AS THE GROUND-TRUTH)

SROCCT | PLCCT | RMSEJ
MOS(Sigma 7) .0 0.99 0.26
Proposed BHQA(NR) 0.96 0.95 0.57
MLP Pseudo-MOS(FR) 0.96 0.98 0.48
HSSIM 0.64 043 1.31

All 8 participants were instructed to perform 7 subjective
validation experiments with varying levels of distortions for
each haptic device, and one additional experiment without
distortions was included as a reference, with its QoE score
set to the maximum. The reference force feedback signals
were measured with a force—torque sensor mounted at the
end of the Panda arm. For validation, prediction results were
obtained from three approaches: the FR perceptual metric
HSSIM, the FR ResNet-MLP pseudo-MOS model, and the
proposed NR pHQA model.

Tab. III summarizes the results of the validation ex-
periments. The MOS collected with the Omega 6 haptic
device was used as the ground truth. From the first row of
Tab. III, it can be observed that the MOS collected with
the Sigma 7 device is highly consistent with the ground
truth, indicating that different haptic devices with similar
mechanical configurations have only a marginal effect on
perceptual quality, particularly in terms of rank correlation.
The remaining results further show that the pseudo-MOS
predictions closely align with the ground-truth MOS, and that
the proposed NR method achieves comparable performance.

V. DISCUSSION

Tab. IV presents the results of the ablation experiments.
In these experiments, the semantic channel, the attention
module within the semantic channel, and the distortion
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TABLE IV
SROCC RESULTS OF ABLATION EXPERIMENTS FOR STRUCTURE
COMPONENTS (THE HIGHER THE BETTER)

Original | DA | GAN | DA&GAN
Proposed BHQA 0.83 0.86 | 0.78 0.80
Semantic w/o. Attention 0.77 0.82 0.71 0.76
w/o. Semantic 0.70 0.71 0.53 0.74
w/o. Distortion 0.50 0.42 0.36 0.44

channel are sequentially deactivated to assess their individual
contributions to the BHQA model.

The first observation is that all models with specific com-
ponents removed has worse performance than the complete
BHQA model. This indicates that both the semantic and dis-
tortion channels contribute significantly to the performance
of the dual-channel network. The second observation is that
the removal of the attention module has a relatively minor
impact. This is because the training dataset remains relatively
small, preventing the attention mechanism from achieving its
full potential. As the dataset size increases, the impact of
removing the attention module becomes more obvious.

The third observation is that turning off either the semantic
or distortion channel leads to a substantial decline in per-
formance, resulting in noticeably worse results than those
of FR methods in Tab. II. Moreover, the distortion channel
contributes more significantly to the model’s performance.
This can be caused by the fact that authentic distortions in
force feedback signals are the primary factor affecting QoE.
Furthermore, when distortion levels are excessively high, the
semantic channel cannot extract effective information from
the feedback signals.

Fig. 4 and Fig. 5 present two groups of distorted signals
along with their corresponding MOS (if subjectively anno-
tated), pseudo-MOS, and predicted results obtained from
the FR method Adaboost-MAF and the proposed BHQA
method.

In the left figure of Fig. 4, the authentic distorted data
is shown alongside its reference signal. The distorted data
receives a high MOS score because, from the operator’s
perspective, its pattern closely resembles that of the reference
signal, and the consistent error between the two is hardly
perceptible. Both the pseudo-MOS and the BHQA model
demonstrate high scores, whereas the prediction result from
Adaboost-MAF is relatively low. This discrepancy arises be-
cause main objective metrics, such as MSE and PSNR, give
lower QoE scores and contribute negatively to evaluations.

The distorted signal in the right figure is affected by
synthetic time delay and does not have a subjectively an-
notated MOS. The pseudo-MOS is high, which aligns with
expectations, as human operators typically cannot perceive
small time delays. While the FR Adaboost-MAF assigns a
relatively low score for the same reason observed in the left
figure, the BHQA model demonstrates stable performance.

The second case study in Fig. 5 illustrates two examples
characterized by a high frequency of pushing and releasing
movements. The distorted signal in the left figure is gen-
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Fig. 4. Case study for the proposed BHQA model. The left distorted signal
has MOS = 91.5, pseudo-MOS = 88.3, Adaboost-MAF = 69.2, and BHQA
= 92.9. The right synthetic time-delayed distorted signal has pseudo-MOS
= 93.2, Adaboost-MAF = 84.6, and BHQA = 92.7.

erated by the TDPA control algorithm, which is commonly
employed in teleoperation systems to maintain stability under
network delay. A distinctive feature of the distortion intro-
duced by TDPA is the occurrence of sudden force jumps
during the releasing movement. This force feedback signal
receives a low MOS score, as human operators frequently
experience disturbances due to these sudden force jumps.
However, the FR Adaboost-MAF model assigns a relatively
higher score because the force jumps are brief and have
minimal impact on many FR objective metrics. In contrast,
both the pseudo-MOS and the prediction result from the
BHQA model align closely with the MOS.
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Fig. 5. Another case study for the BHQA model. The left distorted signal
has MOS = 67.2, pseudo-MOS = 68.1, Adaboost-MAF = 87.0, and BHQA
= 62.2. The right GAN-generated signal is generated with a target pseudo-
MOS of 89.8, resulting in Adaboost-MAF = 93.0 and BHQA = 74.6.

In the right figure, a force feedback signal is generated by
a conditional GAN with a target pseudo-MOS of 90.0. Since
the generated signal closely resembles the reference signal,
Adaboost-MAF assigns a high score. However, the BHQA
model performs worse in this case, providing a lower score
that is inconsistent with the pseudo-MOS. This discrepancy
arises due to the semantic channel in the BHQA model. As
the signal represents multiple pushing and releasing move-
ments, the BHQA model generates several semantic tokens
corresponding to bouncing back, leading to a lower score.
This case demonstrates a scenario where BHQA performs
worse compared to Adaboost-MAF due to its NR nature,
and the situation happens more often in the GAN augmented
dataset. This phenomenon can also be observed in Tab. II. To
address this issue, our future work will incorporate additional
information to enhance the model’s awareness of the control
scenario and working conditions.
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VI. CONCLUSION

In this paper, we propose a dual-channel BHQA model
based on semantic and distortion analysis. Our proposed
NR method achieved comparable or better performance on
our augmented subjective QoE dataset for bilateral teleop-
eration compared to FR methods. Our experimental results
demonstrate that both the semantic and distortion channels
contribute to QoE prediction, and the model’s performance
is comparable to or exceeds certain FR methods. In order to
utilize DNN models in HQA, we augment our dataset with
both synthetic noise and a GAN-based model. We analyzed
the prediction results using rank correlation metrics and de-
tailed case studies, and further discussed the performance of
the proposed model under different experimental conditions.
Through the validation experiments, we evaluated not only
the effectiveness of the pseudo-MOS annotated dataset but
also the robustness and general applicability of the proposed
model. These analyses demonstrate its potential for practical
deployment in real-world applications.

Our model establishes a solid foundation for the BHQA
problem while maintaining a flexible network structure. In
future work, we plan to expand our dataset with additional
subjective experiments, a more powerful testbed, and data
collected under a wider range of teleoperation conditions.
The assessed task will be extended from one-dimensional
to multi-dimensional interactions, and the model will be
redesigned to capture compound effects in multi-dimensional
force feedback. With the enlarged dataset, we also aim to
explore larger pretrained models and transfer learning tech-
niques to further improve prediction performance. Moreover,
we also aim to develop a real-time, online NR HQA system
capable of making QoE predictions simultaneously while the
operator is controlling the robot. The predicted QoE can be
leveraged to modify the control parameters to provide a better
human-in-the-loop experience to the operator.
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