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Abstract
Congestive Heart Failure (CHF) is a progressive disease that
affects millions of people worldwide, severely impacting their
quality of life. Missed detection of CHF and its progression af-
fects life expectancy, thus it is critical to develop applications
to continuously monitor CHF symptoms and disease progres-
sion in a patient-centric and cost-effective manner. This paper
focuses on a novel non-invasive technique to identify CHF us-
ing patients’ speech traits. Pulmonary congestion and breath-
lessness is the most common symptom of heart failure and one
of the major contributors to hospitalisation. Since pulmonary
congestion results in impairment of a patient’s voice, we pro-
pose a novel, non invasive method for monitoring CHF through
analysis of the patient’s speech. We also introduce a new bal-
anced dataset, containing voice recordings from both healthy
participants and participants diagnosed with CHF, which con-
tains voice alterations reflective of CHF status. We propose a
novel deep machine learning architecture based on mode driven
memory fusion for CHF recognition from audio recordings of
subject’s speech. We have achieved 90% accuracy under a
subject-independent evaluation setting, highlighting the appli-
cability of such methods for tele-health and home monitoring
applications.

Index Terms: Chronic Heart Failure, Data Fusion, Geometric
Deep Learning, Mode Based Explicit Memory

1. Introduction
Recent advances in deep learning have seen acoustic signal pro-
cessing applied to medical applications [1, 2, 3]. Various mobile
applications using acoustic data, and smart devices have been
developed to identify and monitor diseases including Parkin-
son’s disease [4, 5] and lung diseases [6, 7] in non-clinical and
non-invasive settings.

Congestive Heart Failure (CHF) is a progressive condition,
which lowers quality of life, and can ultimately lead to a com-
plete heart failure. This occurs when the heart is unable to pump
a sufficient volume of blood to essential organs around the body.
Patients need to be knowledgeable about the different stages of
the disease and monitor their progress closely after diagnosis
to improve their life expectancy. The lack of resources and/or
knowledge can reduce an individual’s chances of a CHF diag-
nosis, which can be fatal, and the risk of a missed diagnosis
increases for people in rural areas, or under strict restrictions
during a pandemic. Thus, it is critical to develop applications
that can be used to self-assess CHF symptoms and stages in a
patient-centric and cost-effective way, and which can direct pa-
tients for immediate professional medical assistance.

Several studies have outlined the relationship between hydra-
tion and vocal cord vibration as a result of changes in the vis-
cosity of the vocal cord tissue [8, 9], and have shown that
this change of viscosity directly manifests in a person’s voice.
Based on this principle, voice-based bio-markers have been
used to measure pulmonary congestion or breathlessness [10].
Since pulmonary congestion is the most common symptom of
heart failure and one of the major contributors to hospitalisa-
tions [11, 12], our research utilises impairments observed in a
patient’s speech as a result of breathlessness, as a bio-marker
to monitor CHF. In this paper, we report on a novel deep learn-
ing algorithm based on the principles of self-supervised transfer
learning to analyse voice recordings as a bio-marker for heart
failure.

Disease diagnosis and monitoring using voice bio-markers has
precedence in some therapeutic areas, like Parkinson’s disease
([13, 14]). Harimoorthy et al. proposed a cloud-based system
to identify Parkinson’s disease by applying machine learning to
voice data [15]. Similarly, Asmea et al. proposed a neural net-
work to identify Parkinson’s disease that sought to identify traits
of the voice disorder, dysphonia [16]. Acoustic features used for
the above applications are hand-crafted and thus domain exper-
tise is needed. Karaman et al. proposed a deep learning-based
model for rapid diagnosis using bio-marker derived voice sig-
nals [17]. This method was integrated into a smart-electronic
device and demonstrated success as a pre-diagnosis tool. These
studies do not examine the potential uses of this technology for
CHF monitoring. Our aim is to non-invasively identify CHF
from speech recordings. Most promisingly, our technology has
implications for tele-health and home monitoring applications,
as already seen in other therapeutic areas.

2. Methodology
This paper presents a first-of-its-kind study using speech anal-
ysis to identify CHF. We report on the development of a novel
dataset and have benchmarked this dataset on selected machine
learning and transfer learning models. Furthermore, we propose
a novel mode based memory fusion architecture (detailed in
Section 2.1), where robust acoustic features are extracted from
different audio representations, and fused via a neural memory
module to improve CHF detection performance. A block dia-
gram of our proposed method is presented in Figure 1.

In this study, we use two different representations of human
speech (raw-audio and a 2-D representation of MFCC spectro-
grams) as inputs to the network to learn informative and ro-
bust features. We have utilised SoundNet [18] as the acous-
tic feature encoder, and VGG-16 [19] as the MFCC spectro-
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gram image-based feature extractor. Feature encoders produce
a low-dimensional vector representation of high-dimensional
data, called embeddings.

For our first mode, we use a pre-trained SoundNet to extract
acoustic features. Due to differences between the SoundNet
training domain and the target domain, we extract our output
feature embedding from after the 5th convolution block instead
of the last convolution block (8th). This choice was made as
the deeper layers (i.e. 8th) tend to learn more objective spe-
cific features, while shallower layers (5th) learn audio-specific
(i.e. low-level) features, resulting in better performance when
there is a significant domain difference. The output embedding
is flattened to obtain a 512-D embedding which forms one in-
put (xs) to the fusion network. Our second mode uses a VGG-
16 model pre-trained on ImageNet [20] to extract features from
MFCC spectrogram images, obtained by stacking MFCC, delta
and delta-delta features of an audio segment (refer to Section
3). We replaced all the fully connected layers in the original
implementation with an Average Pooling layer and the resultant
flattened embedding (512-D) is used as the second input (xv) to
the fusion network.

Fusion of different modes is proven to improve the performance
of a neural network, if carefully designed [21, 22, 23]. How-
ever, naive fusion using feature concatenation led to degrada-
tion overall, compared to transfer learning on SoundNet alone
(see Table 1). To achieve effective fusion of our two modes,
we propose a novel mode-based memory fusion. We propose
a novel memory network that receives features from different
encoder networks and returns a fused representation that incor-
porates both current features and historical data stored in the
memory.

2.1. Mode Based Memory Fusion

As both the MFCC and audio data corresponding to the same
sample, the embeddings carry complementary information. To
capture the complementary information in the embeddings of
the two modes, we use a Graph Convolution Network with
multi-head attention (GAT) [24, 25] (see Figure 1). Each em-
bedding is a node in the graph, and we create a complete graph
with self cycles. We obtain the mean of the graph structure (to

Figure 1: High-level system architecture. Within the fusion net-
work, the output embedding of the two encoders is fused using a
Graph Convolution Network, obtaining a third embedding that
captures the relationship between the two inputs. Then, all three
embeddings are passed through an NMN to learn long-term re-
lationships within the data. The resultant outputs of the memory
modules are then fused and passed to a block of fully connected
layers to perform classification.

match the graph output dimension with that of the input embed-
ding) and use it as a third mode (xsv) in the proposed architec-
ture, helping the network learn from changes in temporal pat-
terns in the data. Then, we pass each input embedding through
separate explicit memory modules (NMN) as illustrated in Fig-
ure 1.

Memory networks consist of an explicit storage block, and com-
ponents to handle read, write, and compose operations [26, 27].
They were proposed to better learn long-term dependencies in
sequential data, and have been used in applications including
trajectory prediction, autonomous driving and emotion analysis
[28, 29, 30]. Memory networks, unlike LSTMs, greatly reduce
the chance of forgetting important information due to their ex-
plicit consideration of the entire history. However, the perfor-
mance of such a system may lead to inconsistencies in any com-
mon representation learned from fused data when modalities
are vastly different in terms of their representation, necessitat-
ing specific memory modules for different modalities or feature
representations.

The proposed memory layer consists of three major sub-
modules: read, compose and write; along with an explicit mem-
ory block and controller (see Figure 2). xi is the input to the
memory layer (where i ∈ (s, v, sv)) of dimension d (set to
512), and the layer outputs a vector, oi, of dimension d. The
memory block (M ∈ Rn,d) consists of n independent mem-
ory slots containing feature vectors of dimension d, capturing
mode-specific information (see Figure 2). All memory slots are
randomly initialised using a Xavier uniform distribution [31],
and are updated during training.

First, the feature vector, xi, is used to generate the key vector,
zi, which the controller uses to determine the set of memory
locations relevant to xi (see Equation 1). zi captures the de-
gree of association between xi and Mt−1 (Mt−1 represents the
state of the memory before the forward pass in a mini-batch
during training). The read module uses zi and Mt−1 to retrieve

Figure 2: Proposed memory structure: The explicit memory
contains n memory slots, each of size d, to capture long-term
relationships within the data. The memory controller calculates
the key vector (zi) which is used to read from and write to the
appropriate memory slot. The memory vector corresponding to
the input feature vector is obtained through the weighted aver-
age of all memory slots, where weights are determined using the
key vector. The retrieved memory and the input feature are fused
together and passed to the memory composition sub-module,
and multi-head attention is applied to focus on salient features.
The output of the composition is the output of the memory mod-
ule and is used to update the best matching memory slot.
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a weighted feature vector from the memory, mi,t, which is the
weighted sum of all slots as defined in Equation 1, where fr
refers to the read function in the memory module,

zi = softmax(fr(xi Mt−1)) and m(i,t) = zi
⊤ Mt−1. (1)

The retrieved memory vector (mi,t) is vertically concatenated
with the input feature and passed to the memory composi-
tion sub-module. The resultant vector is averaged and passed
through a fully connected layer to make the composition learn-
able [28], and to reduce the dimensionality of the composed
vector to that of the input. Via this, the composition compo-
nent learns semantic features from a fused vector space, com-
bining present and historical information. Multi-head attention
is applied to individual compositions to focus on salient data
in the composed features in different feature spaces, allowing
the model to jointly attend to features from different represen-
tation sub-spaces [32]. The composition output, ci, is obtained
using Equation 2, where fm, fmha, FCi, fRe and ⊕ represent
the mean function, multi-head attention, fully connected layer
for input mode i, activation function, and vertical concatenation
respectively,

ci = fRe(fm(fmha(fRe(FCi(fm(xi ⊕ mi,t)))))). (2)

The composition output is written back to the memory through
the write module using the key vector, zi. Although we consider
the weighted average of all the memory slots during the retrieval
of mi,t, only the memory slot with the highest importance (slot
l, which has the highest softmax value in zt) is updated. We
obtain Mt (the updated memory block state) by replacing slot l
with the average of slot l’s feature vector and ci. The memory
layer output (oi) is the composed vector ci and represents the
current input augmented by relevant long-term knowledge. We
calculate the output of the three memory modules simultane-
ously and fuse them through horizontal feature concatenation,
to obtain the output of the fusion layer (1536-D). Concatenation
of the memory outputs helps the classifier to focus on important
features among them as a whole. The fusion output is finally
passed through two fully connected layers of size 512 and 2,
where the latter is used as the classifier.

3. Dataset and Experimental Setup
The collected dataset contains speech recordings from 74 par-
ticipants (37 healthy and 37 subjects diagnosed with CHF),
recorded under different settings. The Male/Female ratio was
kept at 50/50. All unhealthy participants have been clinically
diagnosed with CHF by medical professionals. Each participant
was asked to read aloud the text in 5 selected paragraphs that
evoke distinguishable speech traits associated with CHF. Each
recording was annotated with the participant’s health condition
(healthy or diagnosed with CHF), and the NYHA breathlessness
score (not used in this study). Although the scripts were iden-
tical, due to variation in each reader’s pace, the length of each
voice recording differed. All audio recordings were re-sampled
at 22, 050Hz, converted to mono-channel, and re-scaled to a [-
256,256] range. Each recording was segmented into 5s chunks,
with a 25% overlap (used to increase the dataset size). No
padding is used on the signals, thus any remaining samples that
cannot fill a 5s window are clipped. This results in a total of
5, 640 samples. Each sample is assigned the label of the origi-
nal recording (1 if the recording is from a healthy participant, 0
otherwise).

The proposed model uses two encoder networks (transfer learn-
ing) as feature extractors (SoundNet and VGG-16, see Section

2). For machine learning models and SoundNet, we use raw-
audio as inputs. However, only in SoundNet each chunk is re-
shaped to (1, 110250, 1). For VGG-16, we use MFCC spectro-
gram images. We calculate 32 MFCC features (the minimum
input dimension for VGG is 32) for each chunk using Librosa’s
[33] default settings, resulting in a feature of shape (32, 216).
Delta and delta-delta features are calculated using the above
MFCC features. All features (MFCC, delta and delta-delta) are
separately re-scaled to [0-255] (to match the RGB colour scale)
and stacked to obtain an image representation of an audio chunk
using MFCC spectrograms.

We evaluate the proposed model and other benchmark meth-
ods under two different subject-independent evaluation proto-
cols: Leave-One-Subject-Out (LOSO) Cross-Validation, and
Leave-One-Subject-Group-Out (LOSGO) Cross-Validation. In
the LOSO protocol, samples are split into 74 folds. Each fold
contains samples for one subject, and the number of samples
in each fold varies. We split folds in a 72:1:1 ratio. 72 folds
are used for training, and one fold each is used for validation
and testing. As such, 74 trials are conducted such that each
fold is considered as the test fold once. Validation and test
folds both belong to the same subject class (healthy or diag-
nosed with CHF). During LOSO cross-validation experiments,
we observed that model achieves the highest validation perfor-
mance during the first few epochs, prior to convergence. There-
fore, we followed two settings when selecting the best valida-
tion model for LOSO cross-validation: 1) the first occurrence
of the highest validation accuracy (denoted LOSO-1), and 2)
the last occurrence of the highest validation accuracy (denoted
LOSO-2).

For the LOSGO evaluation, samples are divided into 10 folds,
each containing a unique set of subjects. Folds are manually
crafted to ensure similar proportions of healthy subjects and
subjects diagnosed with CHF, resulting in 6 folds with 7 sub-
jects and 4 folds with 8 subjects. Folds are split following a
8:1:1 ratio (8 folds for training, 1 for validation, and 1 for test-
ing); and 10 trails are conducted such that each fold is the test
fold once.

In all settings, accuracy is chosen as the evaluation metric as
the classes are balanced. Inference is carried out using the
best performing validation model. All models were trained
with the Adam optimizer [34] with a learning rate of 0.001,
a batch size of 64, and categorical cross-entropy loss. Net-
works are trained for 20 epochs in the LOSO setting, and for
80 epochs with LOSGO setting with early stopping (if the vali-
dation accuracy doesn’t increase for 15 consecutive epochs after
the 20th epoch). The learning rate was reduced to 0.0001 after
50 epochs. Experiments are completed on a high performance
computing cluster with an NVidia M40 GPU, 30GB of mem-
ory, and 10 CPU cores.

4. Results
In this section, we present the evaluation of benchmark mod-
els and the proposed memory-based fusion for CHF recognition
using speech processing. Table 1 presents the performance of
each model when evaluated with the subject independent evalu-
ation protocols (see Section 3). For conventional machine learn-
ing approaches, we only use the LOSO-1 evaluation as there
is no analogue to training epochs for these methods. Conven-
tional machine learning models achieved performance above
random chance (50%), indicating that voice recordings have
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Table 1: Performance comparison (accuracy) of benchmark
methods for subject-independent CHF recognition.

Model LOSO-1 LOSO-2 LOSGO

SVM 76.17% − 78.01%

Naive-Gaussian 50.47% − 68.15%

Decision-Tree 73.54% − 73.44%

Random Forest 77.04% − 78.72%

Extra Trees 76.39% − 78.95%

Voting 76.86% − 78.37%

VGG-16 85.93% - 74.86%

SoundNet 87.74% 88.72% 79.46%

Naive Fusion 82.59% 85.50% 84.86%

Memory Fusion 89.52% 90.38% 84.87%

the potential to identify the presence of CHF. A significant per-
formance difference between LOSO and LOSGO was not ob-
served with the above methods, except for the Naive-Gaussian
classifier. Transfer learning on SoundNet resulted in an 11%
gain in LOSO settings over the best conventional machine learn-
ing model, due to the robust features learnt from the data and the
ability to learn a complex decision boundary. However, simi-
lar gains are not observed for the LOSGO protocol, likely due
to the reduced subjects/samples available during training, and
domain differences across samples. Applying transfer learning
to VGG-16 with MFCC images achieved similar performance
to SoundNet for LOSO evaluations, yet performance decreased
by 5% in the LOSGO setting. This drop is likely due to do-
main differences (calculated MFCC images are very different
from the ImageNet dataset) and the reduced data available in
the LOSGO setting. Although the VGG-16 model recorded de-
creased performance for LOSGO, we observe that this model
offers value when fused with SoundNet. Considering the Naive
Fusion method, we observe a 5% performance drop compared
to SoundNet alone in the LOSO evaluation; yet with LOSGO
we observed a 5% improvement in performance compared to
SoundNet (10% improvement over VGG alone), indicating that
well designed fusion can improve performance.

The proposed memory fusion approach results in improvements
of 7% and 5% for LOSO-1 and LOSO-2 over the naive fusion
approach, and achieves similar results during LOSGO cross-
validation. This suggests that the memory-enabled fusion can
capture and store long-term dependencies in the data to im-
prove accuracy. Furthermore, self-attention applied to the mem-
ory augmented input features helps focus on salient elements
of the feature vector, filtering out uninformative elements. Re-
sults suggest that the use of modality (or representation) spe-
cific memory banks along with the fusion layer has allowed
the model to leverage useful past features, which provides sta-

Figure 3: Subject-wise performance First 37 subjects are diag-
nosed with CHF and the rest are healthy.: It is observed that
memory based fusion is achieves comparatively higher perfor-
mance and exceeds the chance level prediction (50%) for the
majority of subjects, highlighting the superiority of the method.

Table 2: Detailed analysis of subject independent (LOSO-1)
performance of benchmark methods for CHF recognition.

Model Healthy Acc. With CHF Acc.

SVM 60.88% 78.02%

Naive-Gaussian 75.78% 68.16%

Decision-Tree 71.50% 73.42%

Random Forest 67.01% 78.72%

Extra Trees 63.78% 78.95%

Voting 60.92% 78.37%

SoundNet 82.36% 93.11%

VGG-16 78.09% 93.77%
Naive Fusion 72.57% 92.61%

Memory Fusion 85.36% 93.68%

ble inference. Figure 3 illustrates the subject-wise performance
of the deep learning models, where the proposed memory fu-
sion has resulted in higher performance for the majority of sub-
jects. Similar results with and without the memory-based fusion
across the LOSGO evaluation are likely a result of the dataset
size, where approximately 16 subjects were kept out during the
training with LOSGO cross-validation resulting in reduced sub-
ject variations in the data compared to LOSO, where only two
subjects were held out.

Table 2 illustrates the class-wise variation in performance,
where ”Healthy” indicates the average performance when
healthy patients were used as the test set and vice versa. It is
observed that most of the machine learning models achieved
a higher average accuracy for subjects diagnosed with CHF.
Similar behaviour is observed with deep learning-based models.
Even though the average accuracy of subjects diagnosed with
CHF is slightly lower compared to the VGG16 model (0.09%),
the average accuracy of healthy patients has increased (3% com-
pared to the next best), resulting in higher overall performance
with the memory fusion highlighting the importance of an ex-
plicit memory.

5. Conclusion
This paper proposes a novel method for screening of Conges-
tive Heart Failure (CHF) through speech analysis. The pro-
posed approach can be used in tele-health and home monitor-
ing applications as a screening tool, to assist medical profes-
sionals and provide better patient care. We have collected and
annotated a speech dataset consisting of healthy subjects and
subjects diagnosed with CHF. The dataset will be valuable for
developing and validating machine learning algorithms to au-
tomatically detect CHF from the speech impairments resulting
from pulmonary congestion and will be made publicly available
to researchers after acquiring the required clearances. We have
benchmarked the novel dataset against conventional machine
learning methods and demonstrated the applicability of speech
traits for recognition of CHF symptoms. A major contribution
of the paper is novel neural memory network-based (NMN) fu-
sion architecture to improve recognition performance. As op-
posed to naive fusion (horizontal concatenation) that only con-
siders the current input features, the proposed memory-based
attentive fusion incorporates both the current input and long-
term dependencies to improve performance. The proposed
NMN-based fusion architecture provides substantial improve-
ment in performance compared to standard machine learning
approaches.
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