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Neonatal Hypoxic-ischemic Encephalopathy
Grading from Multi-channel EEG Time-series Data

Using a Fully Convolutional Neural Network
Shuwen Yu∗†, William P Marnane∗†, Geraldine B. Boylan†‡, and Gordon Lightbody∗†

∗Electrical and Electronic Engineering, University College Cork, Ireland.
†Infant Research Centre, Cork University Hospital, Ireland.

‡Pediatrics and Child Health, University College Cork, Ireland.

Abstract—A deep learning classifier is proposed for hypoxic-
ischemic encephalopathy (HIE) grading in neonates. Rather than
using any features, this architecture can be fed with raw EEG.
Fully convolutional layers were adopted both in the feature
extraction and classification blocks, which makes this architecture
simpler, and deeper, but with fewer parameters. Here two large
(335h and 338h respectively) multi-center neonatal continuous
EEG datasets were used for training and test. The model was
trained based on weak labels and channel independence. A
majority vote method was used for the post-processing of the
classifier results (across time and channels) to increase the
robustness of the prediction. The proposed system achieved an
accuracy of 86.09% (95% confidence interval: 82.41%∼89.78%),
an MCC of 0.7691, and an AUC of 86.23% on the large unseen
test set. Two convolutional neural network architectures which
utilized time-frequency distribution features were selected as the
baseline as they had been developed or tested on the same
datasets. A relative improvement of 23.65% in test accuracy was
obtained as compared with the best baseline.

Index Terms—hypoxic-ischemic encephalopathy (HIE), EEG,
fully convolutional neural network.

I. INTRODUCTION

Hypoxic-ischemic encephalopathy (HIE) is due to a lack of
oxygen and blood supply to the neonatal brain around the time
of birth. The severity of this injury can be assessed clinically,
soon after birth, as mild, moderate or severe but clinical
assessment can be subjective and also difficult to perform
if the infant requires sedation. In the most severe cases, the
baby may not survive the injury, and those that do survive
may have permanent disabilities, such as epilepsy, cerebral
palsy and learning difficulties [1]. The only treatment available
for neonates with moderate and severe HIE is therapeutic
hypothermia in which the neonate is cooled to 33.5 °C for 72
hours [2]. However, for this treatment to be effective, it ideally
should be commenced within 6 hours after birth. Hence,
an accurate assessment of the severity of encephalopathy is
required soon after birth to instigate therapeutic hypothermia
within this narrow window of time.

Electroencephalography (EEG) is an effective, portable, and
non-invasive tool to monitor neonatal cortical activity. The
severity of the HIE injury can be graded from the neonatal
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EEG. However, the interpretation of EEG is not straight-
forward, requiring the expertise of a neurophysiologist, which
may not be available in many Neonatal Intensive Care Units
(NICU), especially on a 24/7 basis. An automated method is
therefore attractive as a solution to provide some estimate of
the severity of the HIE injury from the EEG, within the narrow
6-hour window of opportunity for the initiation of therapeutic
hypothermia [3]. This could also be available as a 24/7 cotside
service.

In the visual expert interpretation of HIE injury, the charac-
teristics of the background EEG such as amplitude, frequency,
discontinuity, and sleep wake cycling [4, 5] are analyzed and
the resulting grade is determined. In [6, 7], some quantitative
EEG features were investigated and selected from the ampli-
tude, frequency, and continuity characteristics of the EEG to
reproduce the process of visual HIE grading. Some machine
learning methods have been developed to automatically grade
the HIE, with the early techniques focusing on grade classifica-
tion based on quantitative features which in some ways mim-
icked the expert visual interpretation. In particular Stevenson et
al. [8] extracted the amplitude modulation and instantaneous
frequency features from the time-frequency distribution ex-
tracted over short 64-second epochs. The distribution of these
features over a 1-hour window provided the feature vector
for a multiple linear discriminant classifier. This achieved a
classification accuracy of 83% on a relatively small dataset
consisting of 62 h of 8-channel EEG from 54 neonates. Ahmed
et al. [9] utilized a feature set consisting of 55 basic descriptive
features from the frequency, time, and information theory
domains, which were extracted from short 8 seconds windows
of EEG. In comparison to [8], this work utilized generic
simple features and focused primarily on the use of a much
more sophisticated dynamic classifier (the SVM supervector
approach). This provided a grade every 80 seconds that was
determined over a sequence of twenty 8-second windows (with
50% overlap). The final EEG grade for the neonate was then
determined over an hour of multi-channel EEG. This approach
yielded a significant improvement in grading performance over
[8], with an accuracy of 87% achieved over the same small
development dataset.

An alternative approach that does not depend on either finely
crafted features [8] or a wide range of descriptive features [9]



is to shift from classical machine learning to deep learning,
where the features can be automatically extracted from the
data. In recent years, the convolutional neural network has
dominated the field of computer vision. Ruarale et al. [10]
extended the work of [8], where instead of manually extracting
features from time-frequency analysis, they proposed that the
time-frequency distribution feature map could be treated as an
image that could be input to a convolutional neural network
trained to classify HIE grades. Three parallel convolutional
layers automatically extracted features in the direction of time,
frequency, and time-frequency from a 2-dimensional time-
frequency distribution feature map. The same architecture was
then also used in [11] and trained with a large dataset, with the
final softmax layer substituted by a regression layer (to reflect
the ordinal nature of the grades). This approach achieved
a classification accuracy of 82.8% on a large dataset in
mismatched conditions (they were recorded at different times,
centres, machines, sampling frequencies, and even protocols).

Rather than using any features of the EEG as input, some
convolutional neural network architectures have been success-
fully applied to detect neonatal seizures directly from the raw
EEG signal, with minimal preprocessing. A fully convolutional
neural network (FCN) architecture was presented in [12], and
successfully solved the problem of neonatal seizure detection
from the raw EEG signal. An FCN architecture with residual
connections was developed in [13] that yielded further im-
provements in the seizure detection performance. HIE grading
requires a much wider receptive field than seizure detection, in
order to capture the sort of changes in the EEG signal that may
occur over say 80 seconds as opposed to 8 seconds for neonatal
seizure detection. In [14], a convolutional neural network
(CNN) architecture was used for sleep state detection with
raw EEG, which achieved the highest classification accuracy
both in preterm and term neonates. An initial pilot study
based on a small dataset, [15] demonstrated however that
good performance could be obtained using a CNN architecture
for HIE grading with raw EEG, despite the large number of
parameters in the fully connected layer and the relatively long
window of raw EEG required.

Unlike seizure detection, where a seizure event in the EEG
can be marked with a one-second resolution, each long seg-
ment (typically 1-hour) of EEG in the HIE grading problem,
has only one HIE grade annotation. It is tempting therefore
to address this problem as a sequence classifier using an
architecture such as the Transformer which is suited to long
sequence information [16]. Recently some transformer models,
such as vision transformer and swin transformer, have achieved
very good performance in many tasks, and have outperformed
convolutional neural networks. Recently however there have
been some notable improvements in convolutional networks,
such as ConvNets [17], which have achieved a better perfor-
mance than the swin transformer in vision tasks and which
maintained the simplicity and efficiency of the convolutional
network.

In this paper, we used a fully convolutional neural network
with raw EEG to classify the HIE grades. Without the fully

connected layers in the classifier block, this network has much
fewer parameters and also maintains the temporal position
information. This network is trained on a large data set of
continuous unedited multi-channel EEG from a multi-center
study. The performance of the HIE grading network is then
demonstrated on another large unseen and unedited multi-
center dataset, under mismatched conditions.

II. METHOD

A. Dataset

A multi-centre, randomised, controlled study was performed
in parallel in 4 European countries (Ireland, the UK, the
Netherlands, and Sweden), from 8 neonatal intensive care
units (NICU). Neonates who met the recruitment criteria were
admitted, with gestational age between 36 and 44 weeks. In
total, 472 neonates were recruited, but for the purpose of our
analysis, only 284 infants with HIE were included.

Of the 284 HIE neonates, 35 infants were subsequently
excluded, and 68 were held out for future validation. For
the remaining 181 neonates, EEG epochs each lasting exactly
1 hour were extracted from the EEG records at postnatal
ages of 6, 12, 24, 36 and 48 h (if available). The ANSeR1
dataset provided 338 hours of multi-channel EEG, from 91
neonates across the 6 centres. The ANSeR2 dataset, provided
315 hours of multi-channel EEG, from 90 infants across 8
centres. Compared with other EEG datasets – SIMKAP (48
subjects) for mental workload classification [18], the SEED
emotion recognition task dataset (15 subjects, 45 h) [19], and
the DEAP dataset (32 subject, 21.3 h) [20], our dataset is
sizable.

All neonates were recorded with cEEG (Nihon Konhden
Neurofax, EEG-1200, Japan or NicoletOne ICU Monitor &
Xltek, Natus, USA), with a sampling frequency of either 256
Hz or 250 Hz. The electrodes were positioned according to
the international 10:20 system with disposable electrodes at
F3, F4, C3, C4, T3, T4, Cz, O1/ P3, and O2/P4.

Each 1-hour segment of multi-channel EEG was graded by
an expert neurophysiologist for the severity of the HIE injury
using 5 grades: normal, mild, moderate, major, and inactive.
In this work the normal and mild grades were combined as
grade 1; this reduces the number of grades to 4. Fig. 1 presents
clear 30-second EEG examples of different HIE grades. It can
be appreciated from Fig. 2, that the ANSeR1 and ANSeR2
datasets have similar distributions of the HIE grades. The
classes are however substantially unbalanced, (which reflects
the distribution in a typical NICU), with Grade 1 accounting
for over 50% of the annotated 1-hour long epochs.

B. Fully convolutional neural network

1) Pre-processing: A bipolar montage was used, with 8
EEG channels: F4-C4, C4-O2/C4-P4, F3-C3, C3-O1/C3-P3,
T4-C4, C4-Cz, Cz-C3, and C3-T3. Since the key information
in neonatal EEG is located below 13 Hz, a bandpass filter
(0.5∼12.8 Hz) was employed – the 0.5 Hz cut-off frequency
was adopted to avoid very low frequencies such as DC drift.
The EEG was then resampled from 256 or 250 Hz to 32



(a) Normal or Mild abnormalities (b) Moderate abnormalities

(c) Major abnormalities (d) Inactive abnormalities

Fig. 1. EEG examples (30 seconds long) for different HIE grades. (a) normal or mild abnormalities (grades 1); (b) moderate abnormalities (grade 2); (c)
major abnormalities (grade 3); (d) inactive abnormalities (grade 4); grades 2 and 3 with inter-burst intervals (IBI) annotation. (From [21])

Fig. 2. The distribution of the HIE grades for a). the ANSeR1 HIE dataset
& b). the ANSeR2 HIE dataset.

Hz. No other artefact removal procedures were used. It is
common in EEG based classification tasks to reduce the
effect of artefacts on performance, using techniques such as
independent component analysis to separate the artefacts from
the EEG [22]. However, in deep learning, with enough training
data, the key features can be learned even from noisy EEG
data when artefacts are present. In this work we are keen to
demonstrate that excellent performance can be achieved even
when there is minimal preprocessing of the raw EEG.

As HIE is a global injury, all the channels should dis-
play EEG characteristics in a similar way. Thus, channel-
independent EEG epochs could be used for training a single
channel-independent classifier. This allows the number of
training samples to increase by 8 folds. In keeping with the
approach proposed by [8] and [9] each 1-hour graded EEG
segment was split into 60-second epochs using a 60s moving
window with 50% of overlap; this was deemed long enough

TABLE I
MODEL PARAMETER OF DIFFERENT ARCHITECTURES

L S1 S2 K
FCN10 3 2 3 3
FCN13 4 1 4 3
FCN16 5 1 3 2

to capture the expected variation in the inter-burst interval
(IBI) across grades. Each window was labelled with the grade
assigned to that particular 1-hour epoch. Technically each 60-
second window has what is called a “weak label”, as the actual
grade may possibly fluctuate over the one hour.

Because the bandpass filter has removed the DC drift, the
mean of each channel in the bipolar montage was zero. The
standard derivation of each channel across all the training
data ranged from 1 × 10−6V 1 × 10−4V . In a very basic
normalization, all EEG channels were simply scaled up by a
factor of 1×104 – as input samples which are very small might
cause difficulty in the training of the initial convolutional
layers which come before the first batch normalization layer.

2) FCN architecture: A 1-dimensional fully convolutional
neural network (FCN) was used for the HIE grading. The
FCN10/13/16 model architectures can be seen in Fig. 3, these
were composed of 10/13/16 convolutional layers, respectively.
The input of the model was a 60-second raw EEG segment
sampled at 32 Hz. These 1920 samples can be thought of as
an image for a single channel.

Table I presented the configuration of different model pa-
rameters. L is the number of layers of the feature extraction
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Feature

extraction 

block

k3, Conv1d(32), stride(1), ReLU

k3, Conv1d(32), stride(1), ReLU

k3, Conv1d(32), stride(S1), ReLU

BatchNorm1d(32)

k4, AvgPool, stride(S2)

(-1, 1, 1920)

k3, Conv1d(4), stride(1)

K, AvgPool, stride(1)

(k4, MaxPool, stride(1))

Flatten

(1, 4)

L

Fig. 3. Architecture of FCN10/13/16. FCN10 was composed of 3 (L) feature
extraction blocks with 32 channels of convolutional layers and a classification
block with 4 channels of a convolutional layer. FCN13/16 has 4/5 (L) feature
extraction blocks with 32 channels of convolutional layers (S1 stride of 1)
and a classification block without MaxPool layer.

block. S1 and S2 are the strides of the third convolutional layer
and the Average Pooling layer in the feature extraction blocks,
respectively. K is the kernel size of the average pooling layer
in the classification block. Only the FCN10 has a Max Pooling
layer (this helps the feature map size reduce to one within the
limited number of layers). The deeper model has a smaller
stride and kernel size, which maintains a gradual reduction of
the feature map size from the network input to its output.

L layers of identical feature extraction blocks were used to
learn the features from the raw EEG segments. Each of these
feature extraction blocks consists of three 1-D convolutional
layers with 32 channels. The BatchNorm layer normalizes
the learned features and maintains them within a suitable
distribution and hence helps the training process. The pooling
layer not only reduces the sensitivity of the convolutional
layer to positional information and increases the robustness
of the model, but it also plays a downsampling role – this is
useful in controlling the receptive field. In the classifier block,
the convolutional layer projects from 32 channels down to
4 channels and summarizes the characteristics of the 4 HIE
grades. Compared with the usual fully connected classifier
layers, these convolutional layers ensure that the model has
much fewer parameters, is simpler in structure and less likely
to overfit.

3) Post-processing: For the validation and test set, a post-
processing procedure was implemented to yield the final one-
hour epoch prediction result. This procedure is based on
a majority vote, which can be seen in Fig. 4. Each 60-
second segment in each channel is classified as grade 1∼4,
independently using a single common FCN classifier. The
grades are then collated, for the 119 (60 seconds) segments for
each of the 8 channels. The resultant HIE grade for each one-

Grade 1

Grade 2

Grade 3

Grade 4

Majority 

Vote
Grade 1

F3-C3

T3-C3

T4-C4

1

1

1

1

1 1

11

11

1

1 1

2

2

2 2

2

2

2

1

1

1

1

119 segments

60 seconds60 seconds

Fig. 4. Majority vote procedure – HIE grade estimated over 1 hour and
multiple channels.

hour epoch is then determined by the majority vote (across
channels and time).

4) Metrics: In our work, the prediction accuracy and the
area under the receiver-operating curve (AUC-ROC) are used
for the primary metrics of the classification performance. In
HIE grading tasks, almost all of the published work has
reported classification accuracy. However, due to the unbal-
anced distribution of each class, the classification accuracy
cannot sufficiently represent the model performance. AUC
measures the ability of a model to correctly classify positive
and negative classes, even if one of the classes is more
dominative than the other and represents the overall quality of
the model performance for different thresholds. The Matthews
Correlation Coefficient (MCC) is another common metric in
classification tasks, which can also represent the classification
performance regardless of the number of samples in each class.
Compared with accuracy, MCC takes into account the 4 values
of the confusion matrix, thus even if the positive class and
negative class are swapped, its value does not change. It can
be calculated by equation 1:

MCC =
TP × TN − FP × FN√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
(1)

Where TP and TN are the true positive rate and the true
negative rate in the confusion matrix; FP and FN are the false
positive rate and the false negative rate, respectively.

The confidence interval (CI) provides a bound of the un-
certain estimation. In our work, a 95% confidence interval was
combined with the test accuracy, which not only provided a
better measure of model performance but also facilitated a fair
comparison between models.

III. RESULTS

In our experiments, the ANSeR2 dataset was used for
training and the completely different, unseen, ANSeR1 dataset
was used for the test. Although in many EEG-based classi-
fication tasks, the individual model’s performance is better
than that of a general model [23]. Furthermore, cross-dataset
evaluation is more challenging as many subjects may have
different environments, devices, and protocols [24]. An early
stopping mechanism was adopted, in which a relatively large
validation set was selected (for internal cross-validation) from
the ANSeR2 training set (20% of epochs) in order to better
evaluate the performance of different models. The significantly
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Fig. 5. Distributions of the test accuracy results (on ANSeR1 dataset) for
each of the network models. For each model, 8 netwroks was trained, each
with a different random initialization.

large unseen test dataset in ANSeR1 presents a compelling
assessment of the generalization ability of the trained classifier.
The training set includes 251 h of EEG. The validation set and
test set have 63 h and 338 h of EEG, respectively. The cross-
entropy function was used as the loss function. AdamW was
selected as the optimizer, which allows for the decoupling of
the weight decay from the setting of the learning rate in the
training steps [25].

In the training process, 8 different networks were trained
with different random initialisations. For each network initial-
ization, the best model was selected in training based on the
highest moving average validation AUC. The model perfor-
mance for each of the 8 trained networks was then reported
on the test set. Fig. 5 shows the test accuracy distribution
on the ANSeR1 dataset from these 8 trained networks. Three
different architectures were compared in this manner. The
FCN16 architecture achieved the best performance with a
higher mean and smaller spread. The FCN10 network per-
formed better than the FCN13 (with a larger mean, median,
maximum, and minimum), but with a significant outlier.

To reduce the bias of the reported model performance, the
predictions provided by the 8 trained FCN16 networks were
ensembled using a simple majority vote across networks. Table
II presents the confusion matrix obtained using the ensemble
of 8 FCN16 model prediction results from the 338 one-hour
HIE grades (the ANSeR1 test set). The sensitivity indicates
how likely the positive class (the other three classes were
treated as the negative class) was correctly classified. The
positive predictive rate (PPV) measures how confident an
example was predicted as positive. The sensitivity of grade
1 (0.953) and the PPV of grade 4 (0.963) achieved the highest
values, whereas the PPV of grade 3 (0.762) and sensitivity of
grade 2 (0.642) have the lowest values, respectively. No epoch
was wrongly predicted by more than one grade from the expert
labelled grades. An 86.09% test accuracy from the ensembled

TABLE II
CONFUSION MATRIX OF 8 ENSEMBLED FCN16 MODELS PREDICTION

RESULTS OVER THE ANSER1 TEST SET BASED ON THE MAJORITY VOTE

Prediction

Tr
ue

L
ab

el

1 2 3 4 sensitivity

1 181 9 0 0 0.953

2 24 52 5 0 0.642

3 0 3 32 1 0.889

4 0 0 5 26 0.839

PPV 0.883 0.813 0.762 0.963
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Test AUC of 4 classes

Grade 1 test ROC (area = 0.863)

Grade 2 test ROC (area = 0.732)

Grade 3 test ROC (area = 0.894)

Grade 4 test ROC (area = 0.961)

Fig. 6. ROC curve on the test set from one of the FCN16 networks
predictions. Each class of AUC was obtained by treating them as a binary
classification (the other 3 classes were the negative class).

prediction was achieved with a 95% CI of 82.41% 89.78% and
0.7691 of MCC. One of the FCN16 model prediction ROC
curves on the test set can be seen in Fig. 6, which yielded an
average test AUC of 86.23%.

IV. DISCUSSION

A. Comparison with CNN baseline

Many of the previous works were trained and tested on
different datasets, thus it is difficult to directly compare their
performance. Two of them were selected here as the baseline.
In [10], a complex convolutional neural network extracted
features from quadratic time-frequency distributions (TFD-
CNN) was used. Although it was trained on a small dataset
(54 neonates), it was also tested on the ANSeR1 dataset. The
same architecture was also employed in [11], but the softmax



TABLE III
COMPARISON BETWEEN DIFFERENT METHODS’ CONFIGURATIONS

Dev. set Test set Dev.
Method Input

TFD-CNN[10] 54 neonates
(Cork) ANSeR1 Leave one

out TFD Features

TFD-CNN-Reg[11] ANSeR1&2 ANSeR1&2 10-fold CV TFD Features

Proposed ANSeR2 ANSeR1 Internal CV Raw EEG

TABLE IV
TEST ACCURACY, CONFIDENCE INTERVAL AND MCC COMPARISON

BETWEEN DIFFERENT METHODS (THE ENSEMBLED FCN16 PREDICTION
TOOK THE MAJORITY VOTE OF 8 TRAINED NETWORKS)

TFD-CNN TFD-CNN-Reg FCN16(ensembled)

Accuracy 69.5% 82.8% 86.09%

95%CI 65.3%∼73.6% 80.5%∼85.2% 82.41%∼89.78%

MCC - 0.722 0.7691

layer was replaced as a regression layer (TFD-CNN-Reg).
The whole ANSeR1&2 dataset was used for development, and
a 10-fold cross-validation method was adopted. Therefore, a
more direct comparison can be implemented based on this
work.

Table III shows the comparison between the two baselines
and the proposed method configuration. Table IV presents the
performance of the different methods. The proposed FCN16
architecture achieved the best performance (average over 8 net-
works; each with random initialization). Not surprisingly, the
TFD-CNN method achieved the lowest performance, due in
some ways to a smaller development dataset (62 h). However,
even with a substantially larger training set, this architecture
with a slight modification of the final layer (TFD-CNN-Reg)
only obtained a test accuracy of 82.8%. Moreover, a 10-fold
cross-validation approach was adopted on 653 h of EEG.
Compared with the proposed method (251 h for training, 63 h
for validation and 338h for test), the TFD-CNN-Reg has much
more data (about 588 h for training, 65 h for test). In terms of
the model structure, the FCN presented here is much simpler.
Although TFD-CNN only has 5 layers, it has more parameters
(44,574) compared with FCN10 (25,540) and FCN16 (44,292).
Rather than extracting the complex time-frequency distribution
(TFD) features, the FCN16 directly used the raw EEG as
the input. A higher MCC and 95% CI were still achieved.
A 23.65% (86.09−82.8)/(100−86.09) relative performance
improvement in test accuracy was obtained compared with the
TFD-CNN-Reg method.

B. Receptive field

The receptive field is how many samples one element in the
feature map can see from the input. A wider receptive field
means that the model makes its decision on a longer window
of the time series. The receptive field can be increased either
by using a deeper network or by employing longer strides in
the pooling layers.

Fig. 7. Illustration of the receptive field of the convolutional layer in the
classification block.

Classification 

block

Feature

extraction 

blocks

k3, Conv1d(32), stride(1), ReLU

k3, Conv1d(32), stride(1), ReLU

k3, Conv1d(32), stride(1), ReLU

BatchNorm1d(32)

k4, AvgPool, stride(S3)

(-1, 1, IL)

k3, Conv1d(4), stride(S4)

(k3, AvgPool, stride(S5))

(k4, MaxPool, stride(1))

Flatten

(1, 4)

Fig. 8. FCN13 30/60/90s (16Hz) model architecture. Three models have
the depth (13 layers) but different input length (IL: 30s, 60s and 90s of
EEG). FCN13 90s model does not have the Average Pooling and Max Pooling
layers in the classification block, and the FCN13 60s model only includes the
convolutional layer and a Average Pooling layer.

Fig. 7 illustrates the receptive field of the convolutional layer
in the classifier. The decisions made after the final pooling
layer simply combine the outputs of the previous feature maps,
yielding an overall decision which is based on approximately
60 seconds of EEG. However, these constituent feature maps
may each have a receptive field which is significantly smaller
than 60 seconds. We will concentrate on these as they are
trainable – their receptive fields can be modified by depth,
stride etc.

Table V presents the receptive field of the three network
architectures and their validation (Val.), test accuracy (Acc.)
and AUC (each averaged over the 8 trained models, with
8 random initializations). Surprisingly, the increase in the
receptive field did not yield a large performance improvement.
Although FCN16 has many more parameters and a wider
receptive field, it is only slightly better in performance than the
others. This means that a receptive field of approximately 30 s
is large enough to extract details of the EEG to make decisions.



TABLE V
TEST ACCURACY, CONFIDENCE INTERVAL AND MCC COMPARISON

BETWEEN DIFFERENT METHODS (THE ENSEMBLED FCN16 PREDICTION
TOOK THE MAJORITY VOTE OF 8 TRAINED NETWORKS)

Receptive
field

No. of
Params

Test
Acc.

Test
AUC Val.Acc. Val. AUC

FCN10 29.66s 25,540 0.8458 0.8693 0.8005 0.8674

FCN13 39.94s 34,916 0.8421 0.8643 0.7917 0.8689

FCN16 49.25s 44,292 0.8572 0.8620 0.8199 0.8639

TABLE VI
FCN13 30/60/90S MODEL CONFIGURATION

IL S3 S4 S5
FCN13 30s 480 2 2 2
FCN13 30s 960 3 2 1
FCN13 30s 1440 4 1 -

TABLE VII
FCN13 30/60/90S FCN13 30/60/90S MODEL RECEPTIVE FIELD AND

PERFORMANCE COMPARISON (AVERAGED ON 8 TIMES RANDOM
INITIALIZATION).

Receptive
field MCC Test

Acc.
Test
AUC

Val.
Acc.

Val.
AUC

FCN13 30s 10.5s 0.7261 0.8336 0.8784 0.6747 0.8609

FCN13 60s 32.69s 0.7692 0.8539 0.8694 0.7193 0.8693

FCN13 90s 79.88s 0.7773 0.8661 0.8793 0.7529 0.8893

It can also be noted that the test and validation performance
across all models are quite similar, which could suggest that
the proposed FCN model performance is very stable.

Models with different depths but similar receptive field
demonstrated a similar performance. Another experiment was
implemented to explore how the receptive field over a wide
range effects the performance. Fig. 8 illustrates the model

mean

outliers

median

Fig. 9. Test accuracy distribution of FCN13 30/60/90s (16Hz) model on
ANSeR1 dataset. Each model was trained with 8 times random initialization.
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Fig. 10. Example of the color map over the one-hour epoch showing the
grading decisions for 119 segments per channel (60 s for each segment with
50% of overlap). This one hour of EEG was expertly graded as Grade 2. After
postprocessing, the decision of the classifier is also Grade 2.

structure of FCN13 30/60/90s. They have the same depth but
different input lengths. EEG segments sampled at 16 Hz of
length 30s, 60s and 90s were used as input in order to speed
up the training. Due to the same depth, three models have the
same number of parameters. Table VII shows their receptive
field and the average test, validation performance over 8
times random initialization. It can be seen that the widder
the receptive field, the better the model performance will be.
However, compared with the difference between FCN13 30s
and FCN13 60s model performance, the difference between
60s and 90s model is smaller, which can also be seen in the
test accuracy distribution on Fig. 9. Although FCN13 90s has
higher mean and median values, FCN13 60s has the smallest
spread. It confirms again that an approximately 30s receptive
field is longer enough to capture the key information.

C. Weak labels

The one-hour epoch of EEG only has one label (global
label), which was assigned to all of its constituent channels
and 60s segments; this can effectively be thought of as weak
labelling of the dataset. Each segment was treated as an
independent sample during the training and testing process.
As a matter of fact, not all weak labels are correct. Neuro-
physiologists annotated the one-hour EEG based on the whole
one-hour multi-channel EEG trace. During the one hour, for
example, the HIE might change from grade 1 to 2 and then
back to 1. However, if most of the time is grade 1, the global
annotation would be grade 1. This is the reason why majority
voting was adopted in the post-processing process. Fig. 10
presents the colour map of a prediction example over one
hour of 8-channel EEG which has been graded as Grade 2
(Moderate abnormalities) by the expert. Although many of the
segments were marked as grade 3, the majority vote across all
channels and time clearly provides the correct estimate of the
HIE grade as 2 (Moderate). As a matter of fact, weak labels are
sort of data augmentation, which not only inject some noise but
also increased the number of samples. In [26], three kinds of



data augmentation methods were used and evaluated on three
different EEG-based classification tasks, which consistently
produced a performance improvement.

V. CONCLUSION

This paper presented a fully convolutional neural network
architecture for HIE grading. The model was developed and
assessed on two large HIE datasets containing unedited con-
tinuous 1-hour segments of multichannel EEG – there was a
substantial mismatch between training and testing conditions.
The training process was based on 60s segments with weak
labels. The channel independence and majority voting made
the prediction more robust. The minimally pre-processed EEG
time-series data can be directly inputted, without the need for
feature engineering. The raw EEG was only downsampled,
filtered and scaled, and no other artefact removal and or
normalization procedures were used. Compared with state-of-
the-art, this architecture is simpler and deeper, but with fewer
parameters. Compared with the TFD-CNN-Reg method [11],
it was trained on a smaller amount of dataset but achieved
comparable performance on a much larger, completely differ-
ent test set.
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