Journal of Edge Computing, 2026, Vol. 5, Iss. 1, pp. 173-188 10.55056/jec.1172

Optimising seizure prediction with reduced computational
resources using depthwise CNN
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Abstract. Existing deep learning models for epileptic seizure prediction are accurate but parameter-
heavy, which limits their deployment on wearable and other resource-constrained edge devices.
We present DSCNN_Net, a 3D depthwise separable convolutional network operating on Mel-
frequency cepstral coefficient (MFCC) features extracted from scalp EEG. On the CHB-MIT dataset
DSCNN_Net reaches 89.58% sensitivity with 11,714 parameters and 45.75 KB of weight memory —
roughly an order of magnitude fewer parameters than comparable CNN baselines at similar
sensitivity. Replacing standard 3D convolution with its depthwise separable form reduces the
per-layer multiply-accumulate cost by approximately 10x without a loss of predictive performance,
supporting real-time operation on low-power edge platforms.

Keywords: epileptic seizure prediction, deep learning models, EEG signals, computational effi-
ciency in healthcare, energy consumption

1. Introduction

More than 50 million people worldwide live with neurological disorders, and epileptic seizures are
among the most prevalent manifestations [15]. Seizures arise from abnormal electrical activity in the
brain and are routinely characterised through electroencephalography (EEG), which records voltage
fluctuations from scalp electrodes.

Raw scalp EEG is noisy, non-stationary and high-dimensional, so any seizure-prediction pipeline
must combine careful preprocessing with a feature representation that exposes the slow, low-frequency
activity associated with the preictal state. We use Mel-frequency cepstral coefficients (MFCCs) for
this purpose; the details are given in section 3.2.

Predictors based on convolutional neural networks (CNNs) and recurrent neural networks (RNNs)
have driven most of the recent improvements in seizure prediction accuracy [16, 18, 35]. The
price of these gains is parameter count and inference cost, which become limiting on the wearable
and embedded hardware that is the natural home of a continuous-monitoring system. Inference
latency, on-device memory and energy budget are all linear in (or worse than) the parameter count
[20, 29, 31, 40]; sections 3.8 and 3.6 make this dependence explicit.

This paper presents DSCNN_Net, a depthwise separable 3D CNN that maintains competitive
sensitivity on CHB-MIT while reducing parameter count to roughly one tenth of comparable baselines.
The remainder of the paper reviews related work (section 2), describes the dataset, preprocessing
and architecture (section 3), defines the evaluation protocol (section 4), and reports comparative
results on accuracy, memory, inference time, training time and energy (section 5).

2. Literature review

This section reviews CNN-based seizure prediction, energy-efficient variants and hybrid CNN-—
recurrent architectures, focusing on the trade-off between reported sensitivity and parameter count.
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2.1. Convolutional neural networks in seizure prediction

Convolutional neural networks (CNNs) are the dominant approach for feature extraction from raw
EEG signals in seizure prediction. Khan et al. [16] used six CNN layers with wavelet-coefficient
inputs, reporting 86.6-87.8% sensitivity with about 186,918 parameters. Truong et al. [33] used
three CNN layers over short-time Fourier transform (STFT) spectrograms, achieving 81.2% sensitivity
with 197,010 parameters. Ozcan and Erturk [24] applied a 3D CNN with an image-based EEG
representation and reported 85.7% sensitivity using 156,441 parameters. Zhang et al. [42] combined
two CNN layers with common spatial pattern features and a Butterworth band-pass filter, reaching
92.2% sensitivity with 194,420 parameters. Tian et al. [32] developed a multi-view feature-learning
model with three 3D-CNN blocks and four fully connected layers, reaching 96.66% sensitivity at
the cost of 2,880,000 parameters. These works establish CNN-based prediction as accurate but
parameter-heavy.

2.2. Energy-efficient approaches

A second line of work targets energy and parameter efficiency. Zhao, Yang and Sawan [43] combined
neural architecture search (NAS) with a CNN, obtaining 93.48% sensitivity at 68,038 parameters.
Abdelhameed and Bayoumi [1] used a two-dimensional deep convolutional autoencoder with a
bidirectional long short-term memory (Bi-LSTM) network, reaching 98.79% sensitivity at 139,600
parameters. Wang et al. [34] proposed a stacked 1D CNN for seizure onset detection on long-
term scalp and intracranial EEG, reporting 88.14% segment-level sensitivity (99.54% segment-level
accuracy) with 105,538 parameters. Qiu, Wang and Jiao [26] proposed LightSeizureNet, which
stacks dilated 1D convolution, depthwise 1D convolution, global average pooling and a linear layer;
it reports 96.49% sensitivity at 198,300 parameters.

2.3. Advanced architectures

Li et al. [19] used a fully convolutional nested LSTM for automatic seizure detection, reporting
95.42% sensitivity with 72,600 parameters. Such hybrid CNN-recurrent designs raise sensitivity but
reintroduce parameter overhead from the recurrent layers.

2.4. Key insights from literature

Table 1 summarises the reported sensitivities and parameter counts of the methods above. Sensitivity
above 90% is now routine, but most published architectures still use more than 50,000 parameters,
which limits deployment on wearable or embedded hardware. The model proposed in this work
targets the same accuracy regime with one order of magnitude fewer parameters by combining
depthwise separable 3D convolution with MFCC inputs.

3. Materials and methods

3.1. Dataset

Acquiring annotated medical data is constrained by legal and privacy requirements, so this study
uses the publicly available Children’s Hospital Boston (CHB-MIT) scalp EEG database [14]. Table 2
summarises the full corpus.

The corpus comprises 23 cases recorded from 22 paediatric patients (five males aged 3-22 years
and 17 females aged 1.5-19 years) with intractable seizures. Signals were captured from 22 scalp
electrodes placed according to the international 10-20 system, sampled at 256 Hz with 16-bit
resolution. Most files contain 23 EEG signals; some contain 24 or 26 [14].

For seizure prediction, interictal periods are defined as being at least 4 hours before seizure onset
and 4 hours after seizure end. Seizures occurring less than 30 minutes apart are considered a single

174


https://doi.org/10.55056/jec.1172

Journal of Edge Computing, 2026, Vol. 5, Iss. 1, pp. 173-188 10.55056/jec.1172

Table 1

Summary of existing methods.

Paper Dataset Sensitivity Algorithm Total Trainable = Non-trainable
(%) parameters parameters  parameters

Truong et al. [33] CHB-MIT 81.2 CNN 197,010 196,786 244

Khan et al. [16] CHB-MIT 87.8 CNN 186,918 186,918 0

Ozcan and Erturk CHB-MIT 85.7 3D CNN 156,441 156,441 0

[24]

Zhang et al. [42] CHB-MIT 92.2 CNN 194,420 194,420 0

Zhao, Yang and CHB-MIT 93.48 CNN 68,038 68,038 0

Sawan [43]

Abdelhameed and CHB-MIT 98.79 Bi-LSTM 139,600 139,600 0

Bayoumi [1]

Wang et al. [34] CHB-MIT 88.14 1D CNN 105,538 105,538 0

Lietal. [19] CHB-MIT 95.42 CNN, LSTM 72,600 72,600 0

Qiu, Wang and Jiao CHB-MIT 96.49 1D CNN 198,300 198,300 0

[26]

Tian et al. [32] CHB-MIT 96.66 3D CNN 2,880,000 2,880,000 0

Table 2

Full CHB-MIT scalp EEG corpus [14].

Dataset EEG type Patients Channels Seizures Recording hours

Children’s Hospital Boston-MIT Scalp 22 (23 cases) 22 163 844

seizure, using the onset of the leading seizure for prediction purposes. Only patients with fewer than
10 seizures per day were considered, as predicting seizures for patients with frequent seizures (every
2 hours on average) is less critical. Consequently, data from 12 patients with at least three leading
seizures and 3 hours of interictal recording were utilised as explained in [33].

Furthermore, only recordings containing the following channels were considered: ["FP1-F7’, 'F7-
T7’,’T7-P7’, ’P7-01’, 'FP1-F3’, 'F3-C3’, °’C3-P3’, 'P3-01’, 'FP2-F4’, 'F4-C4’, 'C4-P4’, 'P4-02’, 'FP2-F8’,
'T8-P8'’F8-T8’, 'P8-02’, 'FZ-CZ’,’CZ-PZ’, 'P7-T7’, "T7-FT9, 'FT9-FT10’, 'FT10-T8’]. According to these
criteria, only 12 patients are included in this work, as shown in table 3.

Table 3
CHB-MIT database used in this work.

Number of patients Interictal hours No. of seizures

ptl 17.7 7
pt2 23.1 3
pt3 21.9 6
pt5 14.4 5
pt9 50.0 4
pt10 26.0 6
ptl4 4.2 5
pt18 25.0 6
pt19 23.1 3
pt20 20.8 5
pt21 21.6 4
pt23 14.2 5
Total 99.7 59
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3.2. Data pre-processing

We compute Mel-frequency cepstral coefficients (MFCCs) over the raw EEG signal. MFCCs concentrate
spectral information in the low-frequency band, which carries most of the discriminative content for
seizure prediction [9, 13]; the exact MFCC pipeline used here is detailed in section 3.3.

The CHB-MIT recordings contain mains-frequency interference at 60 Hz. We remove this by
band-stop filtering 57-63 Hz and 117-123 Hz (the second band suppresses the first harmonic).

Interictal segments greatly outnumber preictal segments in CHB-MIT, which biases a softmax
classifier toward the majority class. We address this imbalance with the overlapped-window sampling
scheme of Truong et al. [33]: additional preictal segments are generated by sliding a 30-second
window with a subject-specific step S chosen so that the preictal and interictal counts match in the
training split. The resulting balanced training set lets the network learn a discriminative preictal—
interictal boundary [3, 5].

3.3. Signal processing

MFCCs are computed from the short-time Fourier transform (STFT) of each 30-second window. The
i-th cepstral coefficient is

M
MFCCi=Zs(m)cos[i(m—%)%], i=1,2,...,1L, (1)

m=1

where s(m) is the log energy of the m-th Mel filter bank, M is the number of Mel bands and L is the
cepstral order [13].

The pipeline (figure 1) is: window the EEG with a sliding Hamming window to limit spectral
leakage, take the discrete Fourier transform (DFT) of each window [39], group the magnitude
spectrum into Mel-scaled triangular filter banks, take the logarithm of the band energies, and apply a
discrete cosine transform (DCT) to obtain the MFCCs [13, 22, 25, 30]. Concretely, EEG is sampled at
256 Hz and split into 30-second windows; a 1 Hz high-pass filter and the band-stop filters above are
applied before feature extraction; a 256-point FFT with library-default parameters yields 20 MFCCs
and 16 time frames per channel. With 22 EEG channels, each segment becomes a tensor of shape
1 x 22 x 20 x 16 (temporal block x channels x coefficients x frames).

3.4. Depthwise separable 3D convolution

The proposed architecture replaces the standard 3D convolution layer with its depthwise separable
form, which factorises a 3D convolution into two cheaper stages (figure 2).

The depthwise stage convolves each input channel independently with its own 3D filter, sliding
across the spatial and depth dimensions. This preserves the channel count and produces one feature
map per channel, but each filter only sees a single channel, so the multiply count scales with the
input—filter product rather than with the product of input channels and output channels.

The pointwise stage applies a bank of 1 x 1 x 1 filters across all input channels at each position,
mixing per-channel feature maps into the desired number of output channels [41]. The combination
of the two stages has been shown to reduce parameter count by roughly an order of magnitude
relative to a standard 3D convolution at matched receptive field [38].

In the EEG setting the input is naturally three-dimensional: scalp channels, MFCC coefficients
and short-term time frames. A 1D CNN captures only temporal variation; a 2D CNN captures
time-frequency patterns per channel independently. A 3D depthwise separable convolution captures
inter-channel structure together with time—frequency correlations at a fraction of the cost of the
standard 3D form.
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Figure 1: Signal conversion.

Figure 2: Depthwise separable 3D convolution: a depthwise stage applies one 3D filter per input channel,
followed by a 1 x 1 x 1 pointwise stage that mixes channels.

3.5. Cost comparison: standard 3D convolution vs. depthwise separable 3D convolution

The computational cost for a standard 3D convolution operation can be described as:

Costgq sp = Dy x H; X W; x C; x C, x Kg X K XK, (2)

where D;, H;, W;, and C; are the input depth, height, width, and channels; C, is the output channels;
K4, K3, K, are the filter dimensions.
The total computational cost is the sum of the depthwise convolution and the pointwise convolution:
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Figure 3: Model architecture.

Costpg 3p = D; x H; X W; x C; X Kg X K X Ky, + C; x €, X Dy X Hy x W; 3)

The ratio of the costs:
Costps 3p 1 1
—— =t 4
COStStd_SD CO Kd X Kh X KW
The output-channel count C, is typically 32, 64 or 128, so 1/C, is small. The factor 1/(K;K;K,,) is
dominated by the kernel size: even for a kernel as small as 2x 2 x 2 this term is 1/8 ~ 0.125. Their sum
is therefore approximately 0.1 in practice, giving the depthwise separable form an order-of-magnitude

advantage in parameter count over the standard 3D convolution.

3.6. Proposed model architecture: DSCNN_Net

The proposed model, DSCNN_Net, comprises an eight-layer architecture, depicted in figure 3. The
initial layer is a 3D convolutional layer, followed by 3D max pooling with a pool size of (2, 2, 2)
and batch normalisation. This layer uses a stride of 1 x 1 x 1 and a kernel size of (2, 2, 1), with the
ReLU activation function. The subsequent three layers are depthwise separable 3D convolutions with
a depth multiplier of 2, kernel size of 1 x 1 x 1, and stride of 1 x 1 x 1, followed by max pooling
with sizes 2 x 2x 2,1 x 2 x 2, and 1 x 2 x 2, respectively. These are followed by a flattened layer
with a dropout rate of 0.5, and two dense layers with sigmoid activation functions, each containing
64 and 32 neurons, respectively, with a dropout rate of 0.5. The final output layer consists of two
neurons with a softmax activation function. All convolutional and dense layers used the default
Keras Glorot uniform weight initialisation, with zero-bias initialisation, and a fixed random seed of
42 for reproducibility.

L, weight decay of 10~* is applied to every depthwise separable 3D convolution. The network is
trained with categorical cross-entropy and the Adam optimiser at a learning rate of 5 x 107>,

Training uses a custom early-stopping callback that monitors the validation loss after each epoch
and terminates training once the loss falls below 10~°. Each model is trained for at most 1000 epochs
with batch size 1 on a single NVIDIA T4 GPU (16 GB GDDR6); the small batch size is dictated by the
length of the temporal EEG sequences.

The total computational cost of DSCNN_Net is obtained by summing the costs of its layers:

1. First layer 3D convolution:
Costgq 3p = Dy x Hy x W; x C; X C, x Kg X Ky X K, (5)
2. Subsequent separable depthwise 3D convolution layers:
Costpg gp = D; X Hy x Wy x C; x Kg X Ky X K,,, + C; x C, x Dy X Hy x W; (6)

For L separable depthwise convolution layers, the total cost is:
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Total_CostDS_3D =Lx(D;xH; xW; xC; xKgxKy,xK,+C; xC,xD; xH; xW,) (7)

3. Each dense layer with N neurons and input size I has a cost:
Costpepse =I X N (8

4. Total computational cost:

2
Total Cost = Costcypny3p + Total Costpg 5p + Z Costpense,i ©)
i=1

The model is implemented in TensorFlow 2.4.1 with Python 3.7.2. The data are split patient-
specifically: for each patient, 20% of the segments are held out for testing and 80% are used for
training/validation. Early stopping on validation loss and a fixed 1000-epoch upper bound guard
against overfitting on this small dataset.

To assess the practical feasibility of edge deployment, the trained model is additionally executed
on a Raspberry Pi 4 running Ubuntu. Inference latency is measured by feeding 100 random input
tensors of the same shape as a real segment; instantaneous voltage and current are recorded with a
KWS-V20 USB tester (3-9 V, 0-3 A) to estimate device-level power consumption.

3.7. Post-processing

Some patients produce isolated false positives during testing. We suppress them with a k-of-n rule:
an alarm is raised only if at least k of the most recent n window-level predictions are positive. The
values k = 8, n = 10 gave the best trade-off between sensitivity and false-alarm rate on the validation
split and are used in all reported results.

3.8. Estimation of energy consumption

Energy efficiency is a primary constraint when deploying deep learning models on Internet-of-Things
(IoT) and wearable devices, and it has been studied extensively in both the systems and the machine
learning literature [7, 8, 12, 17, 27]. To a first approximation, the energy consumed by a deep
learning model is dominated by the number of trainable parameters that must be moved between
memory and compute units.

A naive estimate of inference energy counts only the multiply-accumulate (MAC) operations
performed by the model. However, on modern accelerators MAC arithmetic accounts for only a small
share of the total energy budget; data movement — in particular, fetching parameters from DRAM
into the on-chip caches and feature-map traffic between layers — dominates [10, 36]. Because each
parameter incurs at least one DRAM access during a forward pass, the parameter count is a useful
proxy for inference energy:

Enodel = Nparams * Egatas (10)

where Np,rams i the parameter count and Eqy, is the system-dependent energy cost of moving a
single parameter through the memory hierarchy. Although Eg4,, is hard to pin down on a given
platform, it is approximately constant across models on a fixed hardware target, so reducing Np,rams iS
the most direct way to reduce inference energy [11]. The comparative analysis in section 5 therefore
reports both per-inference GPU energy and parameter count as complementary metrics.

4. System evaluation

We adopt the seizure prediction horizon (SPH) and seizure occurrence period (SOP) of Maiwald et al.
[21]: the SOP is the window during which a seizure is expected; the SPH is the interval between the
alarm and the start of the SOP (figure 4). A prediction is correct if a seizure occurs after the SPH and
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within the SOP (figure 5); an alarm without a seizure inside the SOP is a false alarm (figure 6). Bou
Assi et al. [6] call the SPH the intervention time: it must be long enough for precautionary action but
the SOP must not be so long that patients are left in a state of constant alarm. Following Truong
et al. [33] we use SPH = 5 min and SOP = 30 min.

Alarm
/

N 1

@ SPH | SOP

! Seizure onset !

> Time

Figure 4: Definition of SPH and SOP.

Alarm SOP e

CD 30 min Seizure
~ SPH _onset
5 min *
> Time
a)

Algrm SOP 0

Seizure 30 min
SPH onset

<€ > <€ >

5 min *

> Time

b)

Figure 5: Accurate prediction: a) as seizure ends just before the end of SOP; b) as seizure onset within the
SOP

Alarm SOP °

D 30 min Seizure
SPH onset

< > <€ >

5 min *

> Time

Figure 6: False alarm.

The predictive performance of the proposed approach is evaluated by comparing it against a
random predictor. To assess the reliability of predictions, the false positive rate (FPR) is utilised,
representing the probability of raising an alarm in the SOB as proposed by [28]. The probability of
independently predicting at least n out of N seizures is calculated using the binomial equation:

N

pocz = () Jpra-pr

k=n
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where P(X > n) is the cumulative probability of predicting at least n seizures, (]Z) is the binomial
coefficient, p is the false positive rate (FPR), and N is the total number of seizures. For each
patient, the p-value is determined based on the patient’s average FPR and the number of seizures (n)
successfully predicted by the proposed method. A p-value threshold of less than 0.05 indicates that
the proposed approach outperforms the random predictor with statistical significance. The p-values
for each patient are shown in table 4. For Patient 02 (p = 0.83) and Patient 09 (p = 0.06) the model
does not outperform random prediction at the 0.05 significance level. Predictability depends on
the strength and consistency of the preictal signature, which varies between subjects; the overall
performance therefore reflects an average across patients rather than a per-subject guarantee.

Table 4

Per-patient accuracy and statistical significance against the random predictor. The seizure count reflects events
evaluated after applying the leading-seizure and preictal-availability criteria of section 3.2; it is lower than the
59 leading seizures listed in table 3 because events without a complete preictal window were excluded from
evaluation.

Patient Seizures evaluated Accuracy (%) p-value
01 7 89.81 <0.01
02 3 84.00 0.83
03 5 100.00 0.01
05 5 99.23 <0.01
09 4 82.08 0.06
10 6 91.82 0.01
14 4 100.00 <0.01
18 3 100.00 <0.01
19 2 100.00 <0.01
20 5 51.46 <0.01
21 4 90.20 <0.01
23 5 86.33 <0.01

9
w

Total / mean 89.58 -

Following Bates, Hastie and Tibshirani [4], we use cross-validation for robust evaluation: the data
are split into N folds, with N — 1 folds for training and the remaining fold for validation, repeated N
times so each data point is used for validation exactly once [2]. The proposed model is additionally
tested on 20% of the original data, held out from training, as in Mormann et al. [23].

5. Results and comparative analysis

This section compares DSCNN_Net with state-of-the-art baselines on sensitivity, memory footprint,
inference time, GPU energy and training time. Not every baseline reports every metric, so the set
of comparators varies between figures; in each case we include only those for which the metric is
published.

5.1. Sensitivity

Per-patient sensitivities are reported in table 4; the mean is 89.58%. As figure 7 shows, this sits within
the range spanned by the CNN baselines (81.2-93.48%). DSCNN _Net is below the highest reported
sensitivity (Zhao, Yang and Sawan [43], 93.48%) but is competitive while using approximately 5x
to 20x fewer parameters; the design target is parameter efficiency under similar sensitivity rather
than maximum sensitivity in isolation.
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Truong Khan Ozcan and Zhang Zhao,  Proposed
et al. [33] et al. [16] Erturk [24] et al. [42] Yang and work
Sawan [43]

Sensitivity (%)

Figure 7: Reported sensitivity of state-of-the-art seizure-prediction models on CHB-MIT.

5.2. Memory consumption

DSCNN_Net needs 45.75 KB of weight memory (figure 8), against 611-770 KB for the four full-
precision CNN baselines. Zhao, Yang and Sawan [43] report 256.77 KB without quantisation and
45.22 KB with 16-bit quantisation; quantisation closes the gap on storage but reintroduces extra MAC
operations and dequantisation overhead at inference time. The relevant constraint on a wearable
device is not aggregate storage but memory bandwidth and cache footprint: a smaller weight tensor
needs fewer DRAM fetches per forward pass and therefore reduces both energy per inference and
steady-state battery drain.

900 -
800 -

700 -
600 -
500 -
400 |-
300 |-
200 -
100 -
0 o

Truong Khan Ozcan and Zhang Zhao,  Proposed
et al. [33] et al. [16] Erturk [24] et al. [42] Yang and work
Sawan [43]

Memory required (KBs)

Figure 8: Weight memory of the compared models.
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Table 5
Detailed comparison with the state-of-the-art methods.
Sensitivity . Total Training Inference Memory Energy

Paper (%) Algorithm parameters time (s) time (s) (KB) (6)]
Truong et al. [33] 81.20 CNN 197,010 5.1312 0.001573 769.57 0.0498
Khan et al. [16] 87.80 CNN 186,918 2.5078 0.000431 730.15 0.0136
Ozcan and Erturk [24] 85.70 3D CNN 156,441 2.0021 0.000480 611.10 0.0152
Zhang et al. [42] 92.20 CNN 194,420 1.3897 0.000326 759.45 0.0103
Zhao, Yang and Sawan [43] 93.48 CNN 68,038 - - 45.22 -
DSCNN_Net (this work) go.s5s  DOPWIse o 17930 0000320 4575 0.0101

3D CNN

5.3. Inference time

Inference latency was measured on an NVIDIA T4 GPU as the mean over four runs of 100 random
input tensors per model (figure 9). DSCNN_Net needs 0.000320 s per sample, against 0.000431 s
for Khan et al. [16] and 0.000480 s for Ozcan and Erturk [24].

On a Raspberry Pi 4 (Ubuntu), the per-sample latency for DSCNN_Net rises to 0.226102 s. This is
two to three orders of magnitude slower than the T4 measurement but is the more realistic figure for
the wearable deployment scenario, and remains well below the 5-minute SPH used in this work.

1073
1.8

1.6

1.4

1.2

1,

0.8
0.6

Inference time (sec)

0.4}

0 I I I I I
Truong Khan Ozcan and Zhang Proposed
et al. [33] etal. [16] Erturk [24] et al. [42] work

Figure 9: Mean per-sample inference time on the T4 GPU.

5.4. Power consumption

Per-inference GPU energy was measured on an NVIDIA T4 (Google Colab) using nvidia-smi,
integrating power over the inference window for each model. Results are reported in table 5.
These figures reflect only GPU-die power and exclude on-board memory traffic across the GPU’s
memory hierarchy, which can be a substantial fraction of the total system energy budget on modern
accelerators [37].

Because GPU-die power is a partial picture, parameter count remains the more robust proxy for
inference energy on memory-bound hardware (section 3.8). DSCNN_Net uses an order of magnitude
fewer parameters than the four full-precision CNN baselines (figure 10), which is what drives the
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lower measured energy per inference in table 5.

To corroborate the GPU measurement on real edge hardware, inference power was also measured
on a Raspberry Pi 4 (Ubuntu) using a KWS-V20 USB tester. The device drew approximately 5.15-
5.16V at 0.65-0.67 A during inference, giving an average power P = V-1 ~ 3.4 W. With the measured
0.226102 s per inference, this gives E = P - t &~ 0.77 J per prediction — a sustainable energy budget
for a battery-powered wearable.

-10°
251

Total parameters

0.5}

0 I I I I I I
Truong Khan Ozcan and Zhang Zhao,  Proposed
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Figure 10: Total parameter counts of the compared models.

5.5. Training time

A shorter training cycle matters in settings that require frequent retraining, such as patient-specific
re-personalisation. For each model we trained over 100 epochs on 100 random input segments and
recorded the mean per-epoch time; results are in figure 11. DSCNN_Net trains in 1.7230 s/epoch,
against 2.5078 s for Khan et al. [16] and 2.0021 s for Ozcan and Erturk [24].

5.6. Comprehensive comparative analysis

Table 5 consolidates the per-metric comparisons of the preceding subsections. DSCNN_Net is
comparable in sensitivity to the four full-precision CNN baselines, while using approximately one
order of magnitude fewer parameters and around 13 x less weight memory. Inference latency, training
time and GPU energy per inference are all lower than or comparable to the baselines, so the parameter
saving does not come at the cost of throughput.

6. Limitations

This work is evaluated only on the CHB-MIT corpus, so generalisation across acquisition devices,
channel montages and clinical populations is not yet established. Energy efficiency is reported
from GPU power telemetry and a single Raspberry Pi 4 measurement; deployment on a dedicated
low-power inference accelerator may show a different power profile. Predictive performance varies
between patients — for Patient 02 and Patient 09 the model does not statistically outperform the
random predictor — and the headline sensitivity is therefore a mean over subjects rather than a
per-subject guarantee.

184


https://doi.org/10.55056/jec.1172

Journal of Edge Computing, 2026, Vol. 5, Iss. 1, pp. 173-188 10.55056/jec.1172

Training time per epoch (s)
w
I

2 |
1 |
0 I I I I I
Truong Khan Ozcan and Zhang Proposed
et al. [33] et al. [16]  Erturk [24] et al. [42] work

Figure 11: Mean training time per epoch on the T4 GPU.

The current results do not include an ablation: the individual contributions of MFCC preprocessing,
depthwise separable convolution and the dense head have not been isolated. Future work will add
per-component ablations, evaluate quantisation as a second axis of memory and energy reduction,
and validate the model on additional EEG corpora and on dedicated edge accelerators.

7. Conclusion

DSCNN_Net is a depthwise separable 3D CNN for seizure prediction from scalp EEG. On CHB-MIT
it reaches 89.58% mean sensitivity with 11,714 parameters — roughly one tenth of the parameters
of comparable CNN baselines at similar sensitivity — and uses 45.75 KB of weight memory. GPU
energy per inference is the lowest among the compared models, and the Raspberry Pi 4 deployment
confirms that the architecture is small enough to run on commodity edge hardware within the
chosen 5-minute prediction horizon. The result supports the broader argument that, in this regime,
parameter efficiency is at least as actionable as raw accuracy for moving seizure-prediction systems
out of the laboratory and onto wearables.
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