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UTransBPNet for cuffless and
calibration-free blood pressure
estimation under dynamic
conditions
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Yuanting Zhang? & Qing Liu***

Accurate cuffless blood pressure (BP) estimation remains challenging, particularly under dynamic
conditions with significant intra-individual BP variations. This study introduces UTransBPNet, a novel,
calibration-free model for cuffless BP estimation. It integrates a squeeze-and-excitation-enhanced
Unet architecture for short-range feature extraction with a transformer and cross attention module to
capture long-range dependencies from high-resolution, multi-channel physiological signals, further
refined through an optimized fine-tuning scheme. Comprehensive validations were conducted across
multiple dynamic datasets—Dataset_Drink, Dataset_Exercise, and Dataset_MIMIC—in both scenario-
specific and cross-scenario settings. Results demonstrate that UTransBPNet outperformed existing
models in tracking BP variations under dynamic conditions, achieving individual Pearson’s correlation
coefficients of 0.61+0.17 and 0.62 +0.13 for systolic BP (SBP) and diastolic BP (DBP) in Dataset_Drink,
0.82+0.11 and 0.72 £ 0.18 in Dataset_Exercise, and low mean absolute differences (MADs) of 4.38 and
2.25 mmHg in Dataset_MIMIC. The analysis also highlights the impact of dataset characteristics on
model performance, such as distribution shift, distribution imbalance and individual BP variability,
highlighting the need for well-curated data to ensure generalizability. This study advances the
development of robust, cuffless BP estimation models for real-world applications.

Keywords Cuffless blood pressure estimation, Cross-scenario, Model generalizability, Calibration-free,
Distribution shift, Distribution imbalance

It is estimated that there are around 1.28 billion adults aged 30-79 years worldwide with hypertension, and 46%
were unaware of their conditions!. Hypertension is also an important risk factor of some serious cardiovascular
diseases such as heart attack and stroke. Although it is well known that blood pressure (BP) is intrinsically
dynamic and the association of BP variability with cardiovascular outcomes has been well recognized?, snapshot
BP measurements are commonly adopted in current clinical practice of hypertension due to the limitation of
existing cuff-based BP monitors, resulting in poor rates of control. Given the increasing burden of hypertension,
there is a great demand to have a new way to diagnose and treat hypertension, while the first step to move is to
manifest the “real” BP to the patients and clinicians.

Cuffless BP measurement technology has been attracting considerable attention due to its capability in
providing continuous BP readings in a long period unobtrusively, which is very promising to improve the
management of hypertension. Driven by the mature of cardiovascular sensing technologies®, a number of cuffless
BP monitors are emerging in the marketplace in recent years, and some have been validated in clinical trials*-S.
The main challenge in cuffless BP monitoring technology lies in establishing the complex relationship between
measurable cardiovascular signals or features and BP. Over the past decades, numerous models have been
developed, which can be broadly categorized into physiological models and data-driven models. Physiological
models, such as pulse wave velocity-based models’, have solid theoretical foundations but typically require
cuff-based measurements for individual calibration. Despite their clear physiological basis and simplicity,
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these models struggle to accurately capture changes in the contraction status of the arterial wall®°. In contrast,
data-driven models, such as those based on pulse wave analysis, lack strong theoretical foundations. These
models generally extract morphological features from pulse waveforms and map them to BP using machine
learning algorithms!®-!3. Recent advances in deep learning have led to a surge in fully data-driven models,
which can automatically learn temporal and cross-channel representations from physiological signals such
as electrocardiogram (ECG), photoplethysmogram (PPG), ballistocardiogram (BCG), or their combination,
without the need for handcrafted feature design'. Deep learning models typically require large amounts of data
to train model parameters, with a practical way being to build calibration-free models based on population data.
Compared to individualized models that require individual calibration, calibration-free models usually show
degraded accuracy due to the challenge in learning the complex relationship from population data.

Various deep learning architectures have been adopted for cuffless BP estimation, including deep neural
networks (DNN)!® and one-dimensional (1D) convolutional neural networks (CNN)!®, However, CNN’s
temporal representation capabilities are limited by its restricted receptive field, making it less effective at
capturing long-range temporal dependencies from high-resolution (> 100 Hz) physiological signals. Efforts
to enhance CNN-based models for better temporal feature representation include transforming physiological
signals into phase space and using two-dimensional recurrence features through fuzzy recurrence plots!”. Zhang
etal. further improved CNN’s feature representation by incorporating a squeeze-and-excitation network to learn
channel attention'®. In addition, long short-term memory neural network (LSTM)'*!? and gated recurrent unit
(GRU)!*? have also been employed for BP estimation to enhance temporal feature representation. Combining
the strengths of CNN with LSTM or GRU has led to CNN-LSTM or CNN-GRU models, which are now popular
choices for BP estimation in recent studies'®?!-23, Recently, Unet and its variants have also gained attention
for BP estimation due to their ability to capture contextual information by concatenating upsampled features
from the expansive path with convolutional features from the contractive path, providing more precise outputs.
Zhang et al. combined Unet with squeeze-and-excitation layers and LSTM for BP waveform reconstruction®.
Additionally, Ma et al. proposed KD-informer?’, a transformer-based model that estimates BP using single-
channel PPG and has achieved state-of-the-art accuracy on both a private dataset and the MIMIC dataset.

Despite these advancements, a key issue remains: few studies have comprehensively validated models under
dynamic conditions that involve sufficient intra-individual BP variations induced by activities or interventions, as
required in the IEEE Standard 1708 and recommended in?. Two recent studies tested under dynamic scenarios
such as coffee drinking'® and water drinking'?, reported significantly degraded performance compared to static
conditions. Our previous work!* showed that existing models such as CNN, CNN-LSTM, were struggled to
correctly estimate BP under dynamic situations. Considering BP presents both short- and long-range variation
patterns under dynamic conditions due to various BP regulation mechanisms, existing deep models were not
specifically designed to effectively learn these short- and long-term features from high-resolution physiological
signals.

Inspired by the Unet-Transformer structure?’, which excels at learning fine-grained, local features through
Unet and capturing global and long-range dependencies via transformer, we propose UTransBPNet, a novel BP
estimation model for cuffless BP estimation. It is designed to effectively learn discriminative features from multi-
channel and high-resolution physiological signals. The main contributions of this study are as follows:

1) A novel calibration-free model UTransBPNet was proposed, specifically designed to effectively learn short-
and long-range features from multi-channel, high-resolution physiological signals;

2) An optimized fine-tuning scheme that leverages final-layer features of Unet and updates all parameters was
found to yield the best results for estimating systolic and diastolic BP from BP waveforms;

3) UTransBPNet was comprehensively validated on multiple dynamic datasets, in both scenario-specific and
cross-scenario settings. The findings offer key insights into the impact of dataset characteristics on model
performance.

Methodology

Datasets

The basic information and distributions of systolic BP (SBP) and diastolic BP (DBP) of the three datasets are
shown in Table 1; Fig. 1. Dataset_Drink originates from a previous study?®. 25 healthy subjects (aged 27 +3
years) were recruited; each participant was asked to rest for 5 min, drink 400 mL of water within 5 min, and
then recover for 50 min. During the procedure, lead I ECG and PPG from left index finger of each subject were
acquired continuously by an in-house multi-channel physiological acquisition system. Continuous arterial BP
waveforms were measured by Finometer (Finapres Medical System BV, Netherlands). All data were sampled at
1 kHz by a data acquisition system (DI220, DATAQ Instruments WinDaq, USA).

Number of Mean = SD of intra-subject

T Number of | BP BP changes, mmHg Mean = SD of BP, mmHg
Dataset | Subject recordings segments | Reference SBP DBP SBP DBP
Drinking | Healthy Young | 25 subjects 62,678 Noninvasive BP, Finapres | 47.77 & 13.64 | 36.65 4+ 9.87 | 131.14 £ 14.96 | 79.37 & 9.76
Exercise | Healthy Young | 20 subjects 28,814 Noninvasive BP, Finapres | 67.24 & 24.68 | 46.70 = 11.42 | 129.09 & 18.00 | 72.37 &= 12.91
MIMIC ICU patients 163 recordings 15,474 Invasive BP 13.54 + 6.44 | 7.04 £ 3.09 122 + 18.56 63.28 + 8.27

Table 1. Basic information of the three datasets.
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Fig. 1. The histograms of SBP and DBP of the three datasets.

Dataset_Exercise is from another previous study?, involving 20 healthy subjects aged 26 +4 years. Each
subject was asked to lie on a tilted bed and perform lower limb exercise by cycling, with the workload increased by
25 watts every 2 min from an initial load of 25 watts until the target heart rate of 85% x (220 - Age) or exhaustion
was reached. This setup ensures minimal interferences to fingertip PPG and ECG signals. The experimental
setup and devices for ECG, PPG, and continuous BP signal acquisition were identical to those in Dataset_Drink.

Dataset_ MIMIC is an online public dataset, a subset of the Multiparameter Intelligent Monitoring in Intensive
Care (MIMIC) II waveform database. ECG, fingertip PPG and invasive arterial BP waveforms were recorded
from patients across various hospitals, with a sampling rate of 125 Hz for each signal. Data were initially filtered
by simple average filtering. Segments with abnormal BP values outside 20-200 mmHg, or irregular heart rates
were removed?'. After excluding recordings shorter than 8 min, 1,925 recordings remained for further analysis.

Informed consent was obtained from all participants involved in the above studies, and the reuse of these
datasets in this study was approved by the Ethics Committee of Shenzhen Technology University. All methods
were performed in accordance with the relevant guidelines and regulations.

Data preprocessing

Signals from Dataset_Drink and Dataset_Exercise were down sampled to 125 Hz. ECG, PPG, and BP signals of
the three datasets were all bandpass filtered between 0.5 and 30 Hz, 0.5-15 Hz, and 0.5-15 Hz, respectively, using
Butterworth filter to remove baseline drift and high-frequency noises.

For Dataset_Drink and Dataset_Exercise, segments during Finapres calibration intervals and those
contaminated by motion artifacts were removed. For Dataset_MIMIC, segments with saturated ECG or BP
waveforms or motion artifacts were excluded. Due to the substantial workload involved in examining all
5-sec segments of these instances, we manually examined segments from over 200 instances, removing those
contaminated by motion artifacts or saturated ECG or BP waveforms. Eventually, 163 recordings were selected
for the final analysis.

The clean signals of each dataset were normalized by min-max normalization to rescale the data in the range
(0, 1). The data were then partitioned into segments of 5-second length, with a 200-sample overlap. The final
segment counts were 62,678, 28,814 and 15,474 segments for Dataset_Drink, Dataset_Exercise and Dataset_
MIMIC, respectively. The intra-subject BP changes (Max-Min) of each dataset were also calculated and listed
in Table 1.

Deep learning models

Model Architecture. The proposed UTransBPNet deep model for cuffless BP estimation is shown in Fig. 2. The model
combines an improved Unet encoder-decoder structure, transformer layer and cross-attention mechanisms. The
novelty of UTransBPNet lies in its hybrid architecture, which enhances Unet with both Squeeze-and-Excitation
(SE) modules for channel-wise attention and a transformer encoder for capturing long-range dependencies.
Additionally, cross-attention modules between adjacent Unet layers enable hierarchical feature refinement,
improving the balance between local and global feature representation. This design collectively enhances the
model’s ability to extract discriminative physiological features, leading to more accurate BP estimation from
input signals. The details of the model structure are described as follows:

Improved Unet encoder-decoder

Unet was adopted to learn short-range temporal features from input signals. The Unet encoder involves three
down-sampling steps, which is comprised of four Conv_SE blocks and two mean-pooling layers. Each Conv_SE
contains three Conv_block and SE block. The detailed structure of Conv_Block and SE_Block are shown in Fig. 2.
The decoder mirrors the encoder with three up-sampling steps, ensuring the output BP waveform maintains the
same temporal resolution as the input signal. To emphasize relevant features and suppress noises, Unet was
improved by incorporating SE into its convolution layers. Specifically, the squeeze operation (global average
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Fig. 2. The model structure of the proposed UTransBPNet for cuftless BP estimation.

pooling) condenses the spatial dimensions into a single descriptor per channel, capturing global contextual
information. The excitation operation then dynamically learns channel-wise importance weights through
convolutional layers with nonlinear activation functions (ReLU and sigmoid). These learned attention weights
are subsequently applied to the original feature map via channel-wise multiplication, selectively enhancing
relevant channels while suppressing less informative ones.

Transformer Module

Since conventional Unet struggles with long-range feature dependencies, we further introduced a transformer

encoder at the end of the Unet encoder to enhance its ability to capture global contextual information. The

12-layer transformer encoder was positioned at the bottom of the Unet stack, to capture long-range relationships

of the features from the Unet encoder by multi-head self-attention (MHSA)>!. Additionally, positional encoding

was added to the input of transformer to capture contextual dependencies within the data. The MHSA can be
QKT

formulated as,
Vs
Vi )

where Q, K, and V/ refer to queries, keys and values of inputs, respectively.v/didenotes the dimensionality of
the query/key-value sequence. Specifically, the deepest-level feature map F (including the deepest-level feature
map of Unet and its learnt positional encoding) is embedded using learned embedding matrices, resulting in
embedded queries Q, keys K_ and values V. Then, a dot-product operation is performed between Q_ and the
transposed K, followed by softmax normalization to generate the contextual attention map, which reflects the
similarity between each element in Q, and the global elements of K. The contextual attention map is multiplied
by V,, producing a weighted average representation.

Self — Attention (Qs, Ks, Vi) = softmazx ( (1)

Multi-head cross attention (MHCA) mechanism
Additionally, we incorporated MHCA between adjacent Unet layers to facilitate the guidance of low-level
features by high-level features, ensuring a more effective hierarchical feature refinement. These modifications are
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particularly beneficial for representing input physiological signals which presents both long-range dependencies
and fine-grained local features, ultimately leading to a more representative mapping relationship with BP.
Specifically, the feature map Y from transformer encoder output is embedded into queries Q_ and keys K . The
low-level skip connected feature map S is embedded into values V.. As shown in Fig. 2, the attention weights
learnt from Y are transformed into Z through a sigmoid activation function, which acts as a filter for S. By
applying this filtered attention to S via a dot-product operation, irrelevant features in S are suppressed. The
filtered feature map is then concatenated by the up-sampled feature map of Y.

Model training and validation

SBP and DBP Estimation. The model inputs include ECG(t), PPG(t), the first and second differential derivatives
of PPG(t), i.e., VPPG(t) and APPG(t). Thus, the input shape of the model is (625, 4). The output of UTransBPNet
is the normalized BP waveform BP(t). Then, a detection algorithm was applied to extract maximal and minimal
points of the last beat of each 5-sec segment of BP(t) to obtain SBP and DBP. The detected SBP and DBP values
were then de-normalized by min-max method using the maximal and minimal SBP and DBP of the training
dataset. This approach was referred as UTransBPNet-Attn-Det.

Alternatively, a fully connected layer was added to the output of UTransBPNet to estimate SBP and DBP.
Three different fine-tuning schemes were devised and the training process of UTransBPNet was implemented
in two phases as described in Supplementary Table. S1. Specifically, UTransBPNet was first trained in Phase
I and then the fully connected layer was finetuned in Phase II for SBP and DBP regression in three different
ways: (1) UTransBPNet-DeepTune and UTransBPNet-Crossattn-DeepTune with and w/o cross attention. The
feature map Y from the transformer output was used as inputs of the fully connected layer for SBP and DBP
estimation; (2) UTransBPNet-FinalTune and UTransBPNet-Crossattn-FinalTune. The predicted BP waveform of
the UTransBPNet was used as inputs of the fully connected layer for SBP and DBP estimation. The parameters
of UTransBPNet 6 was frozen during fine-tuning; (3) UTransBPNet-Crossattn-AllTune. All model parameters
including @ and ¢ were fine-tuned. The estimated SBP and DBP were then de-normalized in the same way as
UTransBPNet-Attn-Det.

As the proposed model did not utilize individual BP for calibration, the population averaged SBP and DBP of
each dataset were adopted to build the baseline model for fair comparison as suggested in?®. Additionally, several
widely used model architectures were implemented for performance comparison in this study, including: CNN
with bidirectional LSTM and attention mechanism (CNN-BiLSTM-Attn), a naive Unet architecture with the
same layer configuration as UTransBPNet, SEUnet!®, and ResUnet?2. All models were trained in an end-to-end
manner using SBP and DBP as ground truth.

Model Training Setup. The model was built in Pytorch. A NVIDIA Tesla V100 PCLE graphics card with 32
GB Video RAM was used for the training and testing. The batch size used for training was 32, and the learning
rate was set to 0.0009. To prevent overfitting, an early stopping mechanism was implemented, whereby training
would be terminated if there were no improvements for 20 epochs. The optimizer utilized in the training process
was Adam. To further control overfitting, the weight decay hyperparameter was set to 0.001. Scenario-specific
and cross-scenario validation were performed as follows:

Scenario-specific validation
Leave-one-subject-out cross validation was conducted separately for Dataset_Drink and Dataset_Exercise,
while instance-independent ten-fold cross validation was performed for Dataset MIMIC.

Cross-scenario tests

To assess the generalization ability of deep learning models, several cross-scenario tests were performed: (1)
Test 1: pre-train on Dataset_Drink and test on Dataset_Exercise; (2) Test 2: Train on Dataset_Exercise and
test on Dataset_ Drink; (3) Test 3: Train on the combination of Dataset_Drink Dataset_Exercise and test on
Dataset_MIMIC. Furthermore, to enhance model adaptability to different activity scenarios, scenario-specific
data were used to finetune the model following cross-scenario pretraining. To balance between improving model
performance and minimizing data collection costs in real-world applications, around 10% of scenario-specific
data were used for finetuning, and the remaining 90% of the data was used for testing. Specifically, two subjects
were randomly selected from the testing scenario for finetuning in Tests 1 and 2, while 10% of instances were
randomly selected from Dataset_ MIMIC for fine-tuning in Test 3. It is worth noting that, although the model
was finetuned, it is not individualized; rather, the finetuning was scenario-specific.

Evaluation Metrics. The performance metrics of two international standards, the Advancement of Medical
Instrumentation (AAMI) and IEEE Standard 1708a-2019, were adopted to evaluate model performance,
including: the mean and standard deviation (SD) of the differences and the mean absolute differences (MAD)
between the reference and estimated BP. In addition, the Pearson’ correlation coefficient (PCC) between the
estimated and the reference BP was also adopted as performance metric. Individual PCC were calculated for
Dataset_Drink and Dataset_Exercise to evaluate model’s tracking capability of intra-individual BP changes. On
the other hand, as individual information were missing for Dataset_ MIMIC and only very small variations
existed in each recording, PCC were calculated within each fold.

Statistical Test. The paired Student’s t-test and Pitman-Morgan test were conducted to compare MAD and
SD between models. A statistically significant result is indicated by an asterisk (*) (P< 0.05), denoting that
the SD or MAD of UTransBPNet-Crossattn-AllTune was significantly lower than that of other models. We also
tested if there was significant performance improvement by introducing cross attention to UTransBPNet, with
(") indicating a significant contribution.
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Results

Scenario-Specific validation

Supplementary Table.S2 demonstrates the contribution of cross attention and different finetune schemes to
UTransBPNet. Adding a fully connected layer with fine-tuning generally achieves higher accuracy than with
the detection scheme. In addition, adding cross-attention to the AllTune and FinalTune methods further
enhances performance by reducing MAD and increasing PCC, except in the DeepTune method, indicating
that cross attention contributed significantly to the model performance. UTransBPNet-Crossattn-AllTune
performs comparably to UTransBPNet-Crossattn-FinalTune on Dataset_Drink and Dataset_Exercise. However,
for Dataset_ MIMIC, UTransBPNet-Crossattn-AllTune achieves notably lower MAD (4.38 vs. 6.54 mmHg for
SBP and 2.25 vs. 3.22 mmHg for DBP) and significantly higher PCC. Overall, UTransBPNet-Crossattn-AllTune
outperformed the other UTransBPNet models.

As shown in Table 2, UTransBPNet-Crossattn-AllTune outperformed state of models in previous works
across all three datasets. We further provided the Bland-Altman plots under three scenarios, showing the
agreement between the reference BP values and the estimations provided by UTransBPNet_Crossattn_AllTune
as illustrated in Supplementary Fig.S1. The correlation plots of the reference and predicted SBP and DBP by
UTransBPNet_Crossattn_AllTune are shown in Supplementary Fig.S2. The results suggest that, the predicted BP
of Dataset_Drink and Dataset MIMIC are in good agreement with the reference BP values, while larger errors
in Dataset_Exercise.

Influence of distribution shift. Figure 3 (a) shows the estimation results for two typical subjects from Dataset_
Drink, one with small estimation errors and the other with large estimation errors. In the case of Subject_21, the
model accurately estimates BP and tracks the changes, with MAD of 3.99 and 3.41 mmHg for UTransBPNet_
Crossattn_AllTune and UTransBPNet_Crossattn_FinalTune, respectively. However, for Subject_11, the MAD
exceeds 20 mmHg. Figure 3 (b) illustrates the BP distributions of the training and testing sets of the two subjects,
highlighting the influence of distribution shifts on estimation accuracy. When the BP distribution of the training
set fully covers that of the testing set (as with Subject_21), the model provides accurate estimations. In contrast,
for Subject_11, where the BP range of the training set (90-160 mmHg) does not cover the testing set (110-190
mmHg), the estimation performance significantly degrades.

Influence of distribution imbalance. Additionally, the MAD distributions across different BP intervals for
five UTransBPNet models in Drink and Exercise scenarios, are illustrated in Fig. 4. Model performance shows
a notable dependency on BP distribution: as the proportion of BP measurements decreases, model accuracy
tends to decline, a trend more pronounced for SBP than DBP. Among the five models, UTransBPNet-Crossattn-
AllTune and UTransBPNet-Crossattn-FinalTune exhibit the most favorable performance in BP ranges with
more BP readings. However, when dealing with ranges that have insufficient number of BP readings, no model
consistently performed the best.

MAD,

Mean +SD, mmHg mmHg PCC
Model Structure Individual/General | SBP DBP SBP DBP | SBP DBP
Dataset_Drink
Baseline model Population 0.00+15.09* 0.00+9.90% 12.42% | 7.87 | NA NA
CNN +Bi-GRU (2021)** Population 2.06+16.64 0.97+10.51 1343 | 848 |0.45+0.33 | 0.49+0.22
CNN-BiLSTM-Attn (2021)"° Population -2.03+15.32* | —0.75£10.09* | 12.41* | 8.29* | 0.53 £0.19 | 0.51 £0.20
Unet Population -1.80+ 14.50* | -0.11+9.62* | 11.87* | 7.83* | 0.58 £0.20 | 0.61 +0.16
SEUnet (2024)'8 Population -2.34+14.53 | -1.36+9.51 11.68 |7.8 0.58 £0.24 | 0.61 £0.17
ResUnet (2025)% Population —3.49+15.09% | —1.04+10.20* | 12.61* | 8.20* | 0.56 +0.21 | 0.60 £0.16
UTransBPNet-Crossattn-AllTune (ours) | Population —0.7418.72 —0.23+6.31 6.59 4.99 |0.59+0.19 | 0.60 £0.17
Dataset_Exercise
Baseline model Population 0.00+18.37* 0.00+12.05* 14.59% | 9.78% | NA NA
CNN-BiLSTM-Attn (2021)"° Population —2.43+14.31* | -3.28+11.66* | 10.85* | 8.84* | 0.74 +0.14 | 0.55 +0.24
Unet Population —2.43+14.78* | -2.33+ 11.10* | 11.20* | 8.50* | 0.69 £0.21 | 0.57 £0.25
SEUnet (2024)'8 Population -2.54+13.51 | -2.80+10.64 |10.32 |8.11 |0.75+0.13 | 0.63+£0.23
ResUnet (2025)% Population —3.59+15.36* | —2.33+10.46* | 12.52* | 8.33* | 0.71 £0.18 | 0.62 £0.20
UTransBPNet-Crossattn-AllTune (ours) | Population -0.18+10.52 | —0.77+8.11 8.51 6.22 |0.82+0.11 | 0.72+£0.18
Dataset_ MIMIC
Baseline model Population 0.00+20.07* 0.00+8.19* 16.66* | 6.39* | NA NA
AdaBoost regression (2017)” Population NA +6.11 NA +10.09 11.17 |535 |[0.59 0.48
ABP-Net (2021)8 Population 1.64 £7.42 -0.28+5.81 6.41 373 |NA NA
KD-informer (Transfer learning, 2022)° . 0.02 +£5.93 0.02 £3.87 4.01 297 |NA NA
KD-informer (Tuning on MIMIC, 2022)° Population 0.03 £6.38 0.02 £4.49 4.30 313 |NA NA
UTransBPNet-Crossattn-AllTune (ours) | Population 0.40 £6.21 -0.11+3.10 |4.38 2.25 |0.78+£0.07 | 0.69 +0.09

Table 2. Comparing the results of UTransBPNet with other models across the three datasets. (*) indicates that
the SD or MAD of UTransBPNet-Crossattn-AllTune was significantly lower than other tested models.
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Fig. 3. (a) The SBP estimation results of two representative subjects in Dataset_Drink by four different
models. The MADs are 10.43, 8.31, 3.41, 3.99 mmHg by CNN-BiLSTM-Attention, UTransBPNet-FinalTune,
UTransBPNet-Crossatt-Final Tune and UTransBPNet-Crossatt-AllTune for Subject_21, and 25.08, 16.88, 20.61
and 15.36 mmHg for Subject_11, respectively. (b) The histograms of SBP of the training and testing sets for the
two subjects.

Cross-Scenario tests

The statistical results of the cross-scenario tests are summarized in Table 3, with representative estimation
results shown in Supplementary Fig.S2. Without finetuning, the model struggles to adapt to cross-scenario data,
especially when the BP range of the training set is narrower and does not fully encompass that of the testing
set (Test I). Even when the BP range of the training set covers the testing set (Tests 2 and 3), the cross-scenario
results remain unsatisfactory in two ways, as illustrated in Supplementary Fig.S2 (a): (1) large bias, reflected by
high MAD values, and (2) poor tracking capability, indicated by extremely low PCC values.

After finetuning with scenario-specific data, the MADs and PCCs of all tests improve significantly. Notably,
the accuracy of Test 3 surpasses that under scenario-specific conditions, with MADs of 4.18 mmHg for SBP and
2.15 mmHg for DBP compared to 4.38 and 2.25 mmHg, respectively. Representative results are illustrated in
Supplementary Fig.S2 (b). However, the accuracies of Tests I and 2 remain substantially lower than those under
scenario-specific conditions. These results indicate the limited generalization capability of UTransBPNet across
dynamic scenarios.
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Fig. 4. MAD distributions at different BP intervals for five different models under (a-b) Drink and (c-d)
Exercise scenarios.

q SBP DBP
Cross-scenario Tests
(Training -> Testing) MAD, mmHg | Mean PCC | MAD, mmHg | Mean PCC

w/o Scenario-specific Finetuning

1. Drinking > Exercise 24.13 0.12 15.65 0.02
2. Exercise - Drinking 13.70 0.01 9.52 0.16
i’ ﬁ?l\’/‘[l;glg *Exerdise | 1605 0.02 12.89 0.01
with Scenario-specific Finetuning

1. Drinking - Exercise 13.16 0.55 8.91 0.56
2. Exercise > Drinking 11.79 0.46 7.62 0.50
3. Drinking and Exercise

> 4.18 0.76 2.15 0.68
MIMIC

Table 3. Performance of UTransBPNet_Crossattn_AllTune under cross-scenario tests.

Influence of dataset complexity. To further explore influential factors of model performance, the correlation
between the model's MAD and three metrics of the test dataset, including the averaged individual BP changes,
the mean and standard deviation of BP, were calculated for scenario-specific and cross-scenario conditions as
illustrated in Fig. 5. A strong association was observed between model performance and the extent of activity-
induced individual BP variations. In contrast, only a weak association was found between model performance
and overall BP statistics of the datasets. This finding suggests the large impact of individual BP changes on model
performance which may be ignored in previous studies.
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Fig. 5. Correlation between model performance and three metrics from the test datasets across both scenario-
specific and cross-scenario tests for SBP and DBP: (a) average individual BP changes, (b) mean BP, and (c) BP
standard deviation.

Discussion

Despite ongoing efforts in cuffless BP estimation modeling, accurately estimating BP remains challenging in
conditions with substantial intra-individual BP variations induced by activities or interventions'*!°. This study
introduces UTransBPNet, a population-based and calibration-free deep learning model, and rigorously validates
its performance across several dynamic datasets in both scenario-specific and cross-scenario experimental
settings.

Optimized short- and long-range feature representation. Compared to existing models such as CNN-BiLSTM-
Attn, the proposed UTransBPNet leverages the advantages of transformer in long-range feature representation
and the improved Unet in short-range feature representation, yielding improved performance for estimating
and tracking BP variations under dynamic conditions. As illustrated in the two typical examples shown in Fig. 3,
UTransBPNet captures both short- and long-range BP variation patterns that closely align with the reference
BP, whereas CNN-BiLSTM-Attn displays suboptimal results with over-amplified short-range fluctuations. This
highlights UTransBPNet’s superior capability in representing both feature ranges.

Moreover, introducing a cross-attention mechanism in UTransBPNet further reduces exaggerated high-
frequency variations. Direct skip connections from the Unet encoder’s short-range features to corresponding
layers in the decoder may inadvertently introduce noisy short-range features, but the cross-attention mechanism,
guided by the transformer’s contextual feature map, optimizes these features to enhance BP tracking.

Optimal Finetuning Scheme. Additionally, the fine-tuning scheme of UTransBPNet consistently outperformed
the detection scheme in estimating SBP and DBP from BP waveforms. Among the three fine-tuning schemes,
AllTune, which uses features from the final layer and updates all model parameters, yielded the best performance.
Several prior studies have also explored different feature maps from different Unet layers for SBP and DBP
prediction. For example, Mahmud et al. used features from the deepest layer®*, while Yu et al. employed features
from the final layer*!. However, these studies did not make direct comparisons. Our findings suggest that using
features from the final layer and updating all model parameters may offer a more comprehensive representation
for accurate SBP and DBP estimation.

Validation under Dynamic Conditions. Previous studies have validated models under dynamic conditions,
but these often require individual calibration. For example, one study developed a nonlinear autoregressive
exogenous model for BP estimation and tested it under daily activities®>. Although this model achieved
satisfactory results with MADs of 6.79 and 5.31 mmHg for SBP and DBP, respectively, it required individual
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data for calibration. In our previous work!®, a CNN + Bi-GRU model was validated on Dataset_Drink, yielding
poor results without individual fine-tuning, with MADs of 13.43 mmHg for SBP and 8.48 mmHg for DBP.
These metrics only improved to 9.49 and 5.54 mmHg, respectively, when 10% individual data was used for fine-
tuning. In addition, compared to CNN-BiLSTM-Attn and CNN-BiGRU, the proposed model achieved optimal
individual PCCs, demonstrating robust tracking capabilities for intra-individual BP variations during activities.

For Dataset. MIMIC, a recent model, KD-informer, achieved state-of-the-art results®>. A key factor in KD-
informer’s success is the use of hand-crafted PPG morphological features, which improved performance on a
private dataset from —0.031 +6.315 to 0.011 +4.453 mmHg for SBP and from 0.013 £6.237 to 0.046 +£7.652
mmHg for DBP?. In contrast, our model eliminates the need for labor-intensive feature extraction from PPG
signals. Additionally, we excluded very short segments (< 8 min) from the original MIMIC dataset, ensuring
sufficient BP fluctuations within each instance and allowing us to assess BP variation tracking over longer time
periods. While UTransBPNet contains significantly more parameters than KD-informer (32.55 M vs. 0.81 M),
future work should aim to reduce model size for greater computational efficiency.

Influences of Dataset Characteristics. Despite its importance for data-driven approaches, the impact of
dataset characteristics on the generalization capability of BP estimation models has been explored in only a
few studies®. Our findings identify several influential factors that significantly affect model performance: (1)
Distribution shift. As shown in Fig. 3, the model’s performance degrades significantly when test samples fall
outside the BP range covered by the training dataset. This finding highlights the importance of ensuring that
training datasets adequately represent the full spectrum of physiological variability encountered in real-world
scenarios. Expanding the training data distribution or incorporating strategies that enhance model’s ability
to generalize to out-of-distribution data can improve its robustness across different subjects. (2) Distribution
imbalance. As shown in Fig. 4, the model tends to perform less accurately at the extreme ends of the BP range. To
address this, future models should be trained on datasets with sufficient samples across the entire BP spectrum
to ensure robust performance, especially at these extremes. (3) Dataset complexity. Intra-subject BP variability
also impacts model performance, as demonstrated in Fig. 5. Varying degrees of BP deviation from individual’s
baseline may involve different physiological regulatory mechanisms, leading to a more complex relationship
and nonlinear relationship between the input signals and BP. As a result, datasets with larger individual BP
fluctuations, presents greater challenges for accurate estimation. Given these findings, we strongly recommend
that new data-driven models undergo rigorous evaluation across diverse data distributions and complexities.
This will ensure their robustness and reliability in real-world applications.

These factors can help explain the degraded performance in Dataset_Exercise, which did not meet the
performance requirements set by the AAMI and IEEE standards. Specifically, Dataset_Exercise has a broader BP
range and exhibits a long-tail distribution, particularly at the extreme BP values. These extremes are represented
by very few samples, making the model more susceptible to distribution shifts between training and testing
subsets. Additionally, this dataset has a smaller sample size compared to Dataset_Drink (28,814 vs. 62,678
segments), further exacerbating the effects of data imbalance. Moreover, intra-subject BP variability in Dataset_
Exercise is substantial, making accurate estimation significantly more challenging than the other two datasets.
Despite these difficulties, our model, UTransBPNet-Crossattn-AllTune, achieved mean absolute errors (MAEs)
of 8.51 mmHg for SBP and 6.22 mmHg for DBP, which are considerably lower than the population average
baseline (14.59 and 9.78 mmHg, respectively), and also outperformed other state-of-the-art models, as shown
in Table 2.

Furthermore, PPG acquisition setup including acquisition mode (transmissive or reflective) and wavelength
can also lead to differences in PPG morphology, potentially challenging the model’s ability to generalize across
datasets. However, our findings indicate that despite the differences in acquisition setup between Dataset_
MIMIC and the other two datasets, the model demonstrates strong generalization from Dataset_Drink and
Dataset_Exercise to Dataset MIMIC, as shown in Table 3. This suggests that signal normalization plays a crucial
role in standardizing amplitude variations across datasets, resulting in a marginal effect on the model’s overall
generalization capability. On the other hand, distribution shift, distribution imbalance, and dataset complexity
have a much more significant impact on the model’s performance.

While the proposed model demonstrated state-of-the-art performance in scenario-specific validation, its
generalization across different scenarios remains limited. Future research should focus on developing advanced
transfer learning techniques to improve the generalization capability across different scenarios. Additionally, the
model’s large size needs significant reduction for deployment on embedded devices. Notable progress has been
made in this area through knowledge distillation techniques?, and our work may provide an accurate teacher
model that could inform a smaller, efficient student model without sacrificing accuracy.

Conclusion

In conclusion, this study introduces UTransBPNet, a novel, calibration-free deep learning model for cuffless
BP estimation. It combines squeeze-and-excitation enhanced Unet and transformer architectures to effectively
capture both short- and long-range BP variations. Extensive validation on dynamic datasets demonstrated that
UTransBPNet significantly outperformed traditional models in scenario-specific conditions. This study also
reveals several dataset characteristics that significantly influence model performance. In particular, distribution
imbalance, distribution shifts, and individual BP variability strongly influenced model accuracy. These findings
emphasized the need for well-distributed, representative data as well as comprehensive validation under highly
dynamic datasets to ensure reliable BP estimation in real-life scenarios.
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