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ABSTRACT 

Classification of diabetes is an area of major concern in the field of medical science. Diabetes 

is not a single disease rather a group of health disorders that is hazardous to human health if 

not detected on time. Diabetes can be classified under three classes based on blood glucose 

level(BG): hyperglycemia(BG≥180mg/dL), hypoglycaemia (≤70 mg/dL) and euglycaemia 

(>70 and <180). BG level is detected through (CGM) techniques which generate time-series 

data. Various deep learning approaches like Convolution Neural Network have been 

employed for the classification of diabetes due to their multi-layered architecture and 

efficient feature extraction. However, the learning capacity of CNN model is limited due to 

the multidimensional times series nature of the data. Simply, adding more layers to the model 

makes it more complex and time-consuming and reduces the efficiency of classification. In 

this study, we have tried to overcome these limitations. This research proposes a hybrid 

model of Multiheaded CNN and multilevel SVM(MHCNN-3-SVM). In the proposed model, 

three multiple heads extract the features of each time series independently and the fully 

connected layer is replaced with multilevel SVM which is a powerful classifier. Also, the 

proposed model is tuned with different variants of head size and kernel size for performance 

optimization. UVA/PADOVA dataset of 30 patients (10 adults,10 adolescents,10 children) 

has been used in this study for multilevel classification. The results of the experiment depict 

that the proposed hybrid model obtains the highest accuracy of 99.49% and outperformed the 

state of the art approaches. 

 

Keywords: Convolution Neural Network, Diabetes, Deep Learning, Multi-headed, Support 

VectorMachines.
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1. INTRODUCTION 

Type 2 diabetes is a life-threatening 

condition that happens when the body 

generates insulin but does not use it 

properly. Insulin resistance is the term used 

to describe people who are insulin resistant. 

Insulin is produced by the pancreas, which 

aids glucose entry into body cells and 

maintains appropriate blood sugar levels. 

When the amount of glucose produced isn't 

properly utilized, blood sugar levels 

fluctuate, either too low or too high 

hypoglycemia or hyperglycemia arises as a 

result of this. When T2DM is diagnosed, it is 

common to find that the majority of the 

serious harm to the body has already 

occurred. This is a major scientific concern 

because the disease is a chronic metabolic 

ailment that can only be managed, not cured 

[1]. Diabetes type 2 is not simply a medical 

condition, but it's also a suite of medical 

disorders. Type 2 diabetes is more than just 

a metabolic issue; it's a debilitating disease 

that necessitates glucose and insulin 

management. To do so, you'll need to keep 

track of a series of observations in 

chronological order, such as blood glucose 

levels, electrocardiograms (ECGs), and so 

on. Because of their nonstationary and 

nonlinear characteristics, glucose and insulin 

dynamics are difficult to capture. It also 

varies from one person to the next [2]. 

Therefore, blood glucose forecasting with 

high accuracy plays a vital role in diabetes 

management. This can aid in monitoring the 

correct insulin dose of the patient relieving 

him from mental, social and economic 

pressure. 

In recent times, efforts have been undertaken 

towards the expansion of a deep learning 

model for the detection and forecasting of 

time series data. Several predictive 

algorithms, most of which built on machine 

learning, were created to identify the 

glycemic trends of persons with diabetes 

based on the readings acquired by the CGM 

[3] [4] [5].These algorithms, in particular, 

employ deep learning models such as CNN 

and RNN to recognise the structure of CGM 

and its temporal correlation, and then treat it 

using time series analysis approaches [6] 

[7].In addition, research circulated 

developing hybrid of CNN and LSTM for 

forecasting BG levels [8] [9].The main 

objective around all research for using 

neural networks was featuring longer 

sequences and feature extraction. For which 

CNN was found to be highly competitive 

and even better than LSTM [10] [11]. 

The above review proves that deep learning 

models made a remarkable performance in 

all types of prediction problems. One of the 

most noteworthy work was proposed by 

Kezhi Li et al. [12]who significantly 

performed glucose forecasting by 

introducing a deep learning framework 

named Glunet.It was based on the concept of 

multilayer dilated convolutions and gated 

activations. Their results for short-term (30-

60) minutes forecasting showed 

improvements over existing approaches. A 

different approach was performed by by 

Maxime De Bois et al. [13]  and by Eleni I. 

Georga et al. [14]where they treat the 

machine learning algorithms from two 

different perspectives, one for short term 

prediction of hypoglycemic events and 

another for long term  

 

 

for prediction of hyperglycemic events. 

Despite their great results, one of the 

primary issues remains the prediction of 

sudden changes in blood glucose readings 

caused by insufficient feature extraction in 

time series data. Another major challenge is 

in deep learning models is overfitting. 

Simply adding multiple layers to the neural 

network makes the model complicated. 

Another noticeable factor in diabetes data is 

there exists a temporal relationship between 

all samples of different features. Thus to 

capture all features optimization of 

hyperparameters such as kernel size is a 

matter of concern.  
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In this research, a real-time glucose 

forecasting model centered on time series 

algorithms to aid in the prevention of 

diabetic issues is proposed. The proposed 

work is based on a deep learning 

architecture of CNN with multiple kernel 

sizes, multiple convolution layers with 

multiple head sizes. In this study, we are 

performing long and short-term forecasting 

of blood glucose using various deep learning 

models. The dataset used in silico data 

UVA/PADOVA of 15 days for 

30patients.The subjects fall into three 

categories namely adults, adolescents and 

children. 

Blood glucose data is highly nonlinear and 

non-stationary, thus to forecast the data 

multiheaded CNN model is employed for 

feature learning and is compared with 

various deep learning LSTM models [15]. 

The reason behind the selection of LSTM 

and CNN for forecasting is LSTM perform 

sequence to sequence time series forecasting 

and has proven to perform long term trend 

analysis and CNN performs auto feature 

selection, extraction and forecasting all in 

one model [15] [16]. For each sort of 

forecasting problem based on time series 

data, there are enormous LSTM models to 

choose from. In this study, we have 

compared vanilla, layered and bidirectional 

LSTM models of deep learning. LSTM 

models used for forecasting problems of 

blood glucose time series data are well 

suited to discover the long-term 

dependencies in sequential data due to its 

potential of internal memory [10].  

CNN is a sort of deep neural network 

applied for two purposes: feature extraction 

component and classification part. Unlike 

the traditional model, in this model 

independent CNNs are used, which are 

better known as convolution heads, to deal 

with the prediction of blood glucose levels. 

Here, data is addressed individually thus 

avoiding the need for preprocessing of data 

and delivering a more customised 

architecture for each type of observation. 

This architecture is referred to as 

Multiheaded CNN. It is implemented as a 

multiheaded model to capture the 

correlations of blood glucose levels of the 

past and future. The aim of the paper is to 

provide the best suited model forecasting 

model for sequential non-stationary data in 

two forms short term and long term 

forecasting. 

The remainder of this work is laid out as 

follows: Section II provides an introduction 

of the research background, followed by 

sections III and IV, which discuss the 

proposed model and data collection. An 

experiment is included in SectionV. Section 

VI of this study shows the outcomes of our 

studies, and section VII concludes the work 

done and future scope of the research. 

2. Background 

In this section description of various 

predictions techniques is discussed along 

with its merits and limitations. 

2.1 Vanilla LSTM  

The most basic LSTM model used for 

univariate time series data is Vanilla.  It has 

a distinct hidden layer of LSTM units, and 

an output layer for prediction. This is one 

layered architecture originated in 1997 for 

prediction problems and proved to give 

satisfactory performance for small sequence 

prediction problems. Vanilla LSTM gained 

popularity for predicting time series data. 

Later on, researcher Schmidhuber improved 

upon the original LSTM and uses full 

gradient training. Figure 1. shows the 

outlined view of the vanilla LSTM block 

along with the cell structure. It features 

input, forget and output gate. First is the 

input layer followed by recurrent LSTM 

layer which consists of memory units. Next 

is the dense layer followed by LSTM layer 

which is used for predicting output. The 

output of one block is recurrently coupled to 

the input of another block and connects to all 

of the gates. 
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Fig. 1. Structure of Vanilla LSTM 

Vanilla LSTM failed to solve complex tasks 

due to its inability to keep the memory 

content for a long time and suffered from 

gradient vanishing problems as well as 

information morphing issues. 

2.2 Layered LSTM 

The layered LSTM is made up of several 

hidden layers. Each layer is made up of 

multiple memory units known as LSTM 

units. In deep learning models depth of the 

model plays a very crucial role in making 

the model more accurate and fast. Thus, 

layering of LSTM hidden endorsed the 

success of the deep learning models on a 

broad range of demanding forecasting 

problems. It is the architecture comprised of 

multiple layers where each layer 

corresponds to the functioning of layer 

processing in one way or the other and 

passes it further. In this way it works as a 

channel where each layer is performing a 

portion of the job passing it on to the next 

layer till it provides the output. A Multilayer 

Perceptron neural network can also have 

hidden layers added to it to make it more 

complex. Additional hidden's goal is to 

recombine the learnt representations from 

previous layers and produce new 

representations at high abstraction levels. 

Originally, Graves, et al. [17] introduced 

Deep LSTMs in numerous applications such 

as voice recognition which became state of 

the art in the area of deep learning. It is one 

of the most reliable methods for anticipating 

time series difficulties. A layered LSTM 

architecture produces a sequence rather than 

a single value output since it is made up of 

numerous LSTM layers. 

 
Fig. 2. Structure of Layered LSTM 

2.3 Bidirectional LSTM 

To improve further accuracy in output 

researchers tried to use the input data in both 

directions rather than one direction. In 

Bidirectional LSTMs input time series data 

is processed in both the forward and 

backward directions [7]. Duplication of the 

first recurrent layer occurs resulting in two 

LSTM units one in the forward direction and 

the other in a backward direction which goes 

side by side. As a result, two layers are 

functioning at the same time, with the first 

layer receiving the input sequence as n input 

and the second layer receiving a reversed 

copy of the input sequence. This approach 

overwhelms the limitations that exist in old 

architectures by providing obtainable input 

information of the past as well as of future 

of a specific time mount in the whole 

sequence. This is a very general requirement 

when using vectorized inputs and were 

developed for speech recognition, but now it 

is the widely accepted approach for lifting 

model performance. 
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Fig. 3. Structure of Bidirectional LSTM 

2.4 Convolution Neural Network(CNN) 

 

CNN is a class of artificial neural network 

for processing data, based on grid-like 

topology. 1-D grid can be thought of as 

time-series data, where samples are taken at 

regular time intervals and an example of 

image data can be taken as 2 D grid of pixels 

[18]. The basic structure of the CNN model 

comprises of convolution layer, pooling 

layer with input data and a fully connected 

network [19]. Convolution networks employ 

a special kind of mathematical operation 

called convolution in place of the general 

matrix in any of the above-mentioned layers. 

During the last decade, CNN is applied 

extensively for image processing 2-D Data 

where it works on multiple hidden layers 

and millions of parameters to recognize 

complex patterns on massive datasets with 

numerous training. But, the problem arises 

when the data is application-specific or 

where data is scarce. 

CNN fuses the property of extracting 

features automatically and classifying it into 

one single learning body and can be trained 

to optimize the features directly from the 

raw input during the training phase. Due to 

its aforementioned properties, it has 

successfully employed to resolve such issues 

[20]. The advantage of using CNNs to 

classify sequences is that they can learn 

directly from raw time series data. It 

eliminates the requirement of engineering 

input features manually. The deep learning 

based model would be able to exploit time 

series sequential data and, in turn shows 

analogous performance to network models 

trained on a dataset with manual features. 

Here are a few baseline reasons to prove that 

CNN could outperform LSTM in accuracy 

and performance both with very fast 

execution time. Firstly, RNN based models 

use primarily sequential processing over a 

period of  time which results in the problem 

of vanishing gradients [3]. To resolve this 

issue LSTM comes with forget gates but 

still, the architecture is more complicated 

and the sequential process is persisting. 

Secondly, RNN is not hardware friendly. 

Running the model on the cloud and for 

training purposes requires a lot of resources 

[21]. Also, RNN and LSTM have memory 

bandwidth problems and on large 

parameters, it becomes impossible to get 

enough external bandwidth for moving 

parameters back and forth. Recently research 

work points out that CNN can achieve what 

LSTM has been used for, which means 

predicting sequences but in a much faster 

and more computationally efficient way. 

Recently, 1D-CNN has achieved a state-of-

art performance in the analysis of time series 

data like in health monitoring, early 

diagnosis and detection areas. 1D- CNN is 

also applied for the analysis of signal data 

over a fixed length period like in audio 

recording and in NLP. The principle of 

simple mathematical convolutions makes it a 

low cost feasible and real-time method for 

analysis of time series data [22]. 

 

2.4.1 Working and structure of 1 D CNN 

 

In Conv1D, kernel slides along one 

dimension, time series data is one such 

example where data requires kernel sliding 

in one direction [11]. 
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 Input layer: It has N k neurons, 

with k indicating the number of 

input time series and N indicating 

the length of each univariate 

series. 

 Convolutional layer: is a foremost 

component of the CNN 

architecture that accomplishes 

feature extraction using a 

convolution operation and an 

activation function. In 

convolution operation an array of 

numbers in form of a matrix is 

passed linearly to the data which 

is known as kernel or filter. At 

each point of the input matrix, an 

element wise product of each 

input data and element of the 

kernel is calculated and added to 

give the output value at the 

corresponding place of the input, 

which is known as a feature map. 

This process is repeatedly applied 

by multiple kernels to generate n 

number of feature maps. Here 

convolution operation is mainly 

defined by two hyper parameters: 

the size of the input data matrix 

and the total of kernels.  

 Pooling layer: Pooling layers 

simplify the information collected 

by the convolutional layer by 

decreasing the feature maps 

dimensions and the count of 

consequent learnable parameters. 

It creates a reduced version of the 

variability obtained by the feature 

map. Although several ways are at 

present to condense the 

information, max-pooling is the 

most common approach, which as 

a value keeps the maximum value 

of those that were in the nxn input 

window and discards all other 

values. 

 Feature layer: Once convolution 

and pooling is done the role of 

feature layer comes where long 

time series sequence is generated 

as feature maps. These feature 

maps represent final form of input 

preparing it for final output. 

 Output layer: Final down 

sampling is accomplished using 

global average pooling before 

being applied to a fully connected 

layer. Here, the feature maps 

generated by feature layer are 

turned into one dimensional array 

of integers connected to one or 

more fully connected layers. 

Finally, the output nodes are 

generated which is of the same 

number as of classes of time 

series data. 

3 Proposed model 

3.1 Multiheaded CNN(MHCNN) 

CNN is generally used for image processing 

and has become a cutting edge in this arena. 

We know in case of image processing 2-D 

convolutions are used where the kernel 

travels in all directions, while times series 

data is one dimensional thus need 1-D 

convolution with a single channel. 

Multiheaded convolution is a one-

dimensional convolution neural network in 

which each input sequence is processed by a 

completely independent convolution referred 

to as convolution heads. Here, the role of 

multiple heads is to extract the features of 

each input sequence independently. As a 

result, for each input sequence, an 

independent feature map is obtained. In this 

model, there are two heads where each head 

undergoes convolutional processes for its 

corresponding input sequences. As a result, 

it generates a feature map for each head 

consist of time series data. This generates a 

sequence of feature maps for each time 

series independently. These sequences are 

then concatenated together because they 

were obtained independently of one another. 

For time-series predictions, deep learning is 
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progressively being employed in the 

healthcare field. The creation of multi-

headed neural network architectures for 

multivariate time-series forecasting is 

gaining popularity in research. This is due to 

the unique topology of multiheaded neural 

network where each input series comprises 

of independent variables can be handled by a 

distinct head. In multi-headed neural 

network topologies, the output of each of 

these heads can be merged before a 

prediction is produced. In this paper, two 

multi-headed ML architectures is used to 

predict patient’s blood glucose on a 

quarterly basis. 

Another important reason to use MHCNN 

is when RNN gradient vanishing is a 

significant issue [20]. In RNN, the weights 

shift and eventually become so little that 

they have no effect on the output. As a 

result, the network's ability to learn from the 

past deteriorates, as does its operational 

competence for analysing extended data 

sequences for predictions [23]. MHCNN is 

used for forecasting problems because it has 

convolution layers for feature extraction and 

pattern recognition, which results in quick 

prediction. 

The MHCNN architecture used in this paper 

has multiple convolutional layers, each 

followed by a pooling layer. Each 

convolutional layer has a headsize of two 

with an independent input sequence and 

filter size of three. To increase the accuracy 

of recognition of blood glucose levels 

recurrent sequential processing of input 

features is done. These input sequences are 

passed through two CNN models 

independently and finally fused to predict 

the output. The suggested method uses two 

CNNs, each with a different configuration. 

One has a kernel size of 3 and the other has 

a kernel size of 5.  

 

 

 
Fig. 4. Structure of MHCNN 

4 Data collection 

For the experiment, UVA/Padova dataset is 

available openly on the web. Also, the 

reading was taken in the time interval of 

seven days, fifteen days and thirty days basis 

of one patient. Blood glucose measurements 

were done four times a day, corresponding 

to the breakfast, lunch, evening snack and 

dinner. CGM sensors measure the level of 

glucose found in the fluid between the cells 

which is known as the interstitial glucose 

level. The CGM sensors tests glucose every 

few minutes. Basal insulin is crucial for 

Table 1. Data values of the proposed model. 
 

Variable Descriptiona 

Input sequence 50 

Output sequence 10(for 30 min) and 5 (for 15 min) 

No of features 1 

Test size 0.3 

Number of 
Epochs 

200 

Approach 'LayeredLSTM'/Vanilla  
LSTM/Bi-directional    
LSTM,CNN/MHCNN 

No of hidden 
units 

50 

Filter size 64 

Pool size 2 

Kernel size [3,5] 

Activation 'elu' 

Optimizer 'adam' 

Loss 'mse' 

Batch size 256 
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keeping these blood glucose levels under 

control insulin pump glucose readings, as 

well as glucose level trends over time, are 

visible on a built-in device screen. UVA-

PADOVA dataset includes 30 silico subjects 

of three different categories namely adults, 

adolescent and children. Each silico subject 

was represented by its CGM, which was 

extracted in a sequential repetitive pattern as 

an input for the model. Third Level Heading 

5 Experiment 

In this research simulated UVA-PADOVA 

silico dataset is used for training and testing. 

It includes a population of 30 silico subjects 

of three different age groups namely adults 

(>13 years), adolescents (age group 13-18 

years) and children (2-12 years). Data is 

collected to forecast the blood glucose level 

of 5 minutes and 10 minutes  based on 

continuous glucose monitoring done for 15 

minutes and 30 minutes respectively. The 

experiment is conducted into two stages: 

Input stage and Forecasting stage. 

5.1 Input Stage   

The following steps are employed to 

generate the readings of blood glucose on 

variable meals and different calories. 

Steps to start the process of data collection 

(blood glucose levels): 

 Simulation time is accepted in hours for 

360 hrs i.e.15 days. 

 Among two scenarios random and custom, 

a custom scenario is selected. 

 The simulation started for three meals 

covering the amount of calorie intake for 

breakfast, lunch and dinner. 

 The process of the simulation was 

performed for three categories of 

patients namely adolescent, adult and 

child. 

 To collect appropriate blood glucose 

readings CGM sensors of three different 

types were taken: Dexcom, Guardian RT 

and Navigator which measured 

interstitial glucose levels for every few 

minutes. In addition, the Basal Bolus 

controller was used for keeping these 

blood glucose levels under control. 

 Insulin pump glucose of two types cozmo 

and insulet were used to read glucose 

level trends over time and were visible 

on a built-in device screen. 

 Finally, readings were saved in csv format 

to forecast the blood glucose data using 

machine learning algorithms. 

5.2 Forecasting stage 

Once the results are obtained of blood 

glucose levels of patients then it was used to 

forecast the data on different deep learning 

models. The different LSTM deep learning 

models are applied for testing and training 

like Vanilla, Layered and Bidirectional 

along with CNN and Multiheaded 

(multiheaded CNN with varied head size). 

The parameters like filters, pool_size, 

and kernel_size are associated with 

the Convolutional Neural Networks models 

only. Multiheaded CNN model with 

headsize=2 is used in the experiment. The 

models can be used for both types of 

forecasting (short-term and long-

term). Short-term forecasting means 

predicting the blood glucose level for the 

next 15 mins, while the long-term 

forecasting means predicting the blood 

glucose level for the next 30 minutes.In the 

dictionary pf parameters there were two 

variables named 

input_sequence and output_sequence. The 

time interval taken between the two samples 

is 3 minutes. Therefore, if 

the input_sequence is 50 and the output 

sequence is 10, it means 150 minutes (1.5 

hours) of input data is used to forecast the 

next 15 minutes of blood glucose level. 

The performance of each model is evaluated 

in terms of  MSE, RMSE,MAE 

and MAPE.The quality of prediction is also 

evaluated by calculating the R_square 
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value. R 

-square is the coefficient of determination 

that determines the quality of fitness among 

the actual value and the forecasted value. 

It is observed in the experiment performed 

that accuracy achieved in CNN is many 

times faster than LSTM and performance is 

also very high. In case of multiheaded kernel 

size is taken as 3 or 5 or 7. This is because it 

is diabetes data and here temporal 

relationship exists between two instances. 

Thus to capture relationship we are having 

different combination of kernel sizes. If 

three is the kernel size it means three 

instances will be feed at once, thus there are 

very less or no chances of missing features.  

 
Figure 5: Diagrammatic view of the 

experiment conducted for forecasting BG 

using different models of LSTM, CNN and 

MHCNN 

5.3 Performance evaluation 

   Mean Squared Error (MSE) reflects the 

average of the squared difference 

between the original and projected 

values. It calculates the residuals' 

variance in the dataset. 

𝑀𝑆𝐸 =
1

𝑁
∑ ( 𝑦𝑖 − 𝑦^  )2𝑛

𝑖=1   (1) 

Where 𝑦^ is the predicted value  

 Root Mean Squared Error(RMSE) is 

equal to the square root of the Mean 

Squared Error. It calculates the residuals' 

standard deviation. 

𝑅𝑀𝑆𝐸 = √𝑀𝑆𝐸  =

√
1

𝑁
∑ ( 𝑦𝑖 − 𝑦^  )2𝑛

𝑖=1            (2)   

 

 The Mean absolute error (MAE) reflects 

the average absolute difference between 

the dataset's actual and predicted values. 

It calculates the average of the dataset's 

residuals. 

 
1

𝑁
∑ |𝑛

𝑖=0 𝑦𝑖 − 𝑦^|  

 (3) 

 

 The Mean Absolute Percentage Error 

(MAPE) is the average of the absolute 

difference between the actual and 

predicted values in the dataset. It gives 

average of the percentage errors. 

𝑀 =
1

𝑁
∑ |𝑛

𝑡=1
𝐴𝑡−𝐹𝑡

𝐴𝑡
|                              

(4) 

 

Where M =MAPE, N = Total number of 

times summation done, At=Actual value, 

Ft=Forecast value 

 

 R squared error, is the ratio of the change 

in the prediction of dependent variable 

from the independent variable(s). 

 

         𝑅
2  
  =

𝑆𝑆𝑅

𝑆𝑆𝑇
  = Σ 

(𝑦^−𝑦  )2

( 𝑦𝑖−𝑦 )2                                                       

(5)                      

                              

Where SSR= sum of squares of residuals 

and SST = total sum of squares. 

 

6 Results and Discussion 

In this section, we evaluate the performance 

of the proposed MHCNN model for 

forecasting blood glucose levels on 

UVA/PADOVA silico dataset. The 15 days 

of data is taken which comprises of three 

categories of instances (10 adults,10 

adolescents and 10 children). The entire data 

is divided into two parts 70% for testing and 
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30% for training. The performance of the 

model could be analyzed from two 

perspectives. Firstly, based on error rate and 

secondly on the execution time. Five types 

of errors RMSE, MSE, MAE, MAPE, 

Square error are examined. The results of the 

experiment are presented in six tables. The 

first three tables show performance 

measures for predicting 15 min of data and 

the next three tables shows 30 min of 

forecasting. All the models were trained for 

200 epochs with optimizer ADAM with a 

kernel size of 3 and 5. Moreover, to avoid 

dropping of features during convolution 

operations, the recursive sequential pattern 

extraction is applied.  

Tables 2,3 and 4 depicts the performance of 

the model for short term forecasting of blood 

glucose levels (15 min) in the case of adults, 

adolescents and children respectively. Here 

the length of the input sequence is taken as 

50 and the length of the output sequence is 5. 

The time interval of BGM is three minutes. 

If we compare the error rate of MHCNN 

with LSTM models (Vanilla, Layered and 

Bidirectional) and CNN, results depicts that 

the proposed model is outperforming in all 

three cases. More specifically the value of 

errors exhibited in case of adults are: MSE 

5.14±2.85, RMSE = 2.26±2.55, MAE 

=1.76±2.37, MAPE =1.25±2.38 and 

R_Square =0.99±0.14. Similarly, the value 

of error is found to be least for the MHCNN 

model in the case of adolescents as well as 

for the child. When we look at the execution 

time of all the models it is pertinent that the 

MHCNN model is significantly many times 

faster than all other models. 

 

 

Table 2. Performance measure of Adults class of UVA/PADOVA sample dataset. 

For Ph=15 min (Input sequence =50 and output sequence =5) 

Ph=15min     Adults 

 

Approach MSE RMSE MAE MAPE R_squ

are 

ExecutionTi

me 

 

LayeredLST

M 

 

573.52±2

.35 

23.95±2

.02 

7.51±2

.89 

5.23±2

.98 

0.92±1

.33 

46m14s 

Vanilla 

LSTM 

329.42±2

.56 

18.15±2

.78 

6.57±2

.23 

4.23±2

.10 

0.98±1

.23 

39m19s 

Bi-

Directional 

LSTM 

118.96±2

.23 

10.90±3

.32 

9.89±2

.27 

7.43±2

.15 

0.91±1

.34 

40m10s 

CNN 

Headsize=1 

11.83±2.

19 

3.44±2.

15 

3.05±2

.35 

2.15±2

.39 

0.98±0

.98 

5m26s 

MHCNN 

Headsize=2 

5.14±2.8

5 

2.26±2.

55 

1.76±2

.37 

1.25±2

.38 

0.99±0

.14 

4m19s 
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Table 3.Performance measure of Adolescent class of UVA/PADOVAsample dataset. 

For Ph=15 min (Input sequence =50 and output sequence =5) 

Ph=15min     Adolescents 

Approach MSE RMSE MAE MAPE R_squa

re 

Time 

LayeredLSTM 

 

792.42±2.

35 

28.15±2.

45 

8.51±2.

87 

6.23±2.

12 

0.92±1.

98 

29m6

7s 

Vanilla LSTM 535.42±2.

98 

23.15±2.

78 

6.57±2.

23 

4.23±2.

10 

0.98±1.

09 

34m1

1s 

Bi-Directional 

LSTM 

240.56±2.

35 

15.51±3.

32 

8.77±2.

27 

6.56±2.

15 

0.93±1.

28 

30m1

8s 

CNN 

Headsize=1 

19.73±2.7

9 

4.44±2.1

5 

6.05±2.

78 

4.15±2.

31 

0.98±1.

17 

5m2s 

MHCNN 

Headsize=2 

11.76±2.8

3 

3.43±2.5

8 

2.74±2.

49 

1.78±2.

38 

0.91±0.

19 

4m2s 

 

Table 4. Performance measure of Child class of UVA/PADOVA sample dataset. 

For Ph=15 min (Input sequence =50 and output sequence =5) 

Ph=15min     Child 

Approach MSE RMSE MAE MAPE R_squa

re 

Time 

LayeredLSTM 

 

473.06±2.

89 

21.75±2.

67 

11.23±2.

79 

5.23±2.

98 

0.92±1.

33 

32m2

4s 

Vanilla LSTM 329.42±2.

98 

18.15±2.

78 

6.57±2.2

3 

4.23±2.

10 

0.98±1.

09 

27m1

8s 

Bi-Directional 

LSTM 

166.66±2.

35 

12.91±3.

32 

8.37±2.2

1 

4.39±2.

15 

0.93±1.

28 

29m1

3s 

CNN 

Headsize=1 

10.83±2.3

4 

3.14±2.1

5 

3.75±2.1

5 

2.15±2.

69 

0.98±1.

11 

4m56

s 

MHCNN 

Headsize=2 

8.35±2.56 2.89±2.2

3 

1.46±2.3

8 

1.55±2.

18 

0.95±0.

34 

4m8s 

Tables 5,6 and 7 present the error rate for 

long term forecasting (30 min of prediction). 

The length of the input sequence remains the 

same as 50 while the output sequence is 

taken as 10. In other words, 150 min of data 

is predicting the BG level of the next 30min. 

From these tables, it can be seen that the 

proposed model produced lower prediction 

error values for all three subjects as 

compared to the results predicted by the 

LSTM  

models. The MSE difference in the adults 

using the MHCNN method was only 3.87 

while the value of MSE in the case of CNN 

was 5.03 followed by Bidirectional LSTM 

as 15.91 then Vanilla LSTM with 22.5 and 

layered LSTM with 39.5. In addition, 

execution time was also 3m48s in the case of 

MHCNN which was gradually increased 

many times in other models. This proves that 

the MHCNN demonstrates better predictions 

shown by the lesser RMSE values and faster 

execution time. 
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Table 5. Performance measure of Adult class of UVA/PADOVA sample dataset. 

For Ph=30 min (Input sequence =50 and output sequence =10) 

Ph=30min     Adult 

Approach MSE RMSE MAE MAPE R_squar

e 

Tim

e 

LayeredLST

M 

 

1562.06±2

.19 

39.53±2

.19 

27.51±2

.19 

15.23±2

.19 

0.82±2.1

9 

1hr1

4m 

Vanilla 

LSTM 

507.15±2.

19 

22.52±2

.19 

9.55±2.

19 

8.16±2.

19 

0.99±0.5

9 

1hr2

3m 

Bi-Directional 

LSTM 

238.57±2.

19 

15.91±2

.19 

10.97±2

.19 

6.69±2.

19 

0.83±0.3

9 

56m

10s 

CNN 

Headsize=1 

25.31±2.1

9 

5.03±2.

19 

 

2.89±2.19 

1.92±2.

19 

0.98±0.4

5 

4m2

6s 

MHCNN 

Headsize=2 

15.00±2.1

2 

3.87±2.

19 

2.35±2.

19 

1.65±2.

19 

0.9893±0

.19 

3m4

8s 

 

 

Table VI. Performance measure of Adolescent class of UVA/PADOVA sample dataset. 

For Ph=30 min (Input sequence =50 and output sequence =10) 

Ph=30min     Adolescent 

Approach MSE RMSE MAE MAPE R_squa

re 

Time 

LayeredLSTM 

 

683.82±2.

68 

26.15±2.

78 

11.12±2.

34  

9.86±2.

19 

0.96±1.

19 

1hr2

4m 

Vanilla LSTM 240.87±3.

23 

15.52±2.

19 

9.58±2.7

8 

7.98±2.

23 

0.99±1.

12 

1hr1

3m 

Bi-Directional 

LSTM 

166.66±2.

56 

12.91±2.

19 

10.17±2.

89 

6.62±1.

23 

0.93±1.

26 

56m4

0s 

CNN 

Headsize=1 

121.66±2.

49 

11.03±2.

19 

 

2.89±2.39 

1.92±1.

45 

0.98±0.

19 

 

4m27

s 

MHCNN 

Headsize=2 

59.14±2.1

9 

7.69±2.1

2 

2.53±2.1

0 

1.35±1.

67 

0.99±0.

15 

3m44

s 

Table VII. Performance measure of Child class of UVA/PADOVA sample dataset. 

For Ph=30 min (Input sequence =50 and output sequence =10) 

 

Ph=30min    Child 

Approach MSE RMSE MAE MAPE R_squa

re 

Time 

LayeredLSTM               

 

270.60±2.

19 

16.45±2.

19 

9.82 

±2.67 

8.86±2.

19 

0.96±2.

19 

1hr2

9m 

Vanilla LSTM 156.25±2.

19 

12.50±2.

19 

9.55±3.

45 

6.16±2.

89 

0.99±2.

19 

1hr1

3m 

Bi-Directional 

LSTM 

253.12±2.

10 

15.91±2.

19 

9.37±2.

67 

4.79±2.

23 

0.99±2.

02 

1hr1

0m 
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CNN 

Headsize=1 

81.54±1.7

9 

9.03±2.1

9 

 

2.29±2.19 

2.92±2.

34 

0.98±1.

34 

4m1

6s 

MHCNN 

Headsize=2 

31.36±2.1

9 

5.60±2.1

9 

3.09±2.

19 

3.06±2.

19 

0.99±0.

89 

4m2

4s 

 

Also, if we observe the performances of the 

model for short term and long term 

forecasting for all three cases, it shows that 

the performance is highest either in the case 

of children or adults and performance is 

minimum in the case of adolescents. This is 

because the glucose level of adolescents has 

high variability factors such as unstable food 

intake, mood swinging, irregular exercises 

etc. which makes it difficult to regularize.  

Examining the results of all tables it is also 

noted that all the models tested in this work 

achieved noticeably improved performance 

for all the age groups as compared to other 

models. Furthermore, unlike previous work 

done, the proposed model predicts the blood 

glucose level with high accuracy and in less 

time making it a promising model for time 

series forecasting problems.  

7 Conclusion 

MHCNN is developed as a valuable solution 

for prediction of blood glucose level. A 

multi-headed 1D CNN is followed by a 

multilayered structure, with the CNN 

capturing the characteristics or patterns of 

the multi-dimensional time series. The 

improved CNN can process previous 

sequential data and predict the blood glucose 

level. Using that time series data, the 

proposed model performs pattern formation 

for each diabetes subject. The pattern 

obtained exhibits into a trained deep neural 

network which could be used wearable 

devices in future. In the silico dataset for 

short and long term forecasting of blood 

glucose levels, the suggested MHCNN 

approach outperformed the existing neural 

networks. It significantly proved that 

MHCNN is better in terms of accuracy and 

execution time as compared to LSTM 

models. 

Future improvements could be addressed 

regarding the optimization of hyper 

parameters such as kernel size, head sizes, 

pooling layers with more combinations. The 

model could be improved concerning the 

different meals intake in various conditions. 

It would be interesting to gather data from 

patients for more days. In addition, the 

model could be implemented on smartphone 

devices and wearable sensors. 
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