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ABSTRACT 
In the current work, the glucose level of human blood was examined within the range of 0-300  mg/dL and the optical absorbencies of 
obtained samples have been recorded in the wavelength  range of 400-1100 nm. It was observed that the absorbance of blood is a function 
of glucose as  well as hematocrit levels of blood. We determined a highly usable and optically transparent  range of spectral absorbance 
for blood glucose level correlation assessment to be between 800-  1000 nm. Then, 3-layer artificial neural network with back-propagation 
algorithm has been  trained with some of experimental data to correlate the glucose level and absorbance spectra.  The validity of trained 
network has also been checked with the train and test data. High validity  of more 90% has been obtained in the case of the train and test 
data for prediction of glucoze level. The results of this work  are of usefulness in the design of new generation of non-invasive glucose 
monitoring systems by   utilizing occlusion method.  
Keywords:  Glucose, Artificial Neural Network, optical spectroscopy, blood. 

1. INTRODUCTION 
 With worldwide spread of diabetes, self-monitoring of 

blood glucose get much attention in health care [1]. Currently the 

standard method (finger pricking) for the determination of 

patient’s blood glucose level is invasive. Finger pricking method 

has some limitations such as the uncomfortableness of patients and 

the price of disposable glucometer sticks. There are many reports 

which introduce non-invasive methods for glucose determination, 

namely reverse iontophoresis [2], polarimetry [3], metabolic heat 

conformation [3], ultrasound [4], thermal emission [3], 

electromagnetic [3], photoacoustic [3], Infra-Red spectroscopy [5-

11], Raman [12], light absorption [13] and impedance 

spectroscopy [14]. In spite of the high volume of conducted 

researches in this area, none of the reported methods has obtained 

enough accuracy to compete with invasive methods. One of the 

promising methods reported for non-invasive and continuous 

glucose monitoring is occlusion spectroscopy method [13]. In this 

method, a device (finger phantom) occludes blood flow in one of 

the fingers and then red/near-infrared (RNIR) light is passed 

through it. After that the amount of the passed light is measured 

with a detector. The intensity of the transmitted light could be 

correlated with the glucose level. With increasing the glucose 

level, the intensity of the transmitted light increases as light 

scattering decreases. In fact, glucose reduces the mismatch of 

refractive index between blood cells and their surrounding media 

which results in the decrease of scattering coefficient, and thus 

light could be transmitted via/with a shorter optical path [13]. For 

a practical measurement, it is necessary to find a relation between 

the intensity of transmitted light and glucose level. In order to be 

able to predict glucose level, OrSense Ltd. [13] utilized multiple 

(typically 10) wavelengths of light sources to obtain enough data. 

With the application of multiple light sources, the unwanted 

interferences caused by other blood parameters could be 

eliminated. Still the accuracy of occlusion method is not enough to 

replace the standard method of glucose monitoring [3] and current 

researches are tackling this issue. 

To correlate optical spectroscopy data with glucose level, it is 

necessary to apply a sophisticated algorithm which is capable of 

avoiding over fit and false correlations. On the other hand, 

artificial neural network (ANN) is an efficient tool to learn and 

predict sophisticated relationship of various experimental 

parameters [15,16]. The first step of an ANN utilization involves 

designing the network, then selecting the initial weights and 

biases, and finally using the best algorithm to change those during 

the learning process to find the best ones in order to produce 

desirable outputs from the input pattern [17]. Feed forward ANN 

with back-propagation training algorithm is one of the most 

established ANN algorithms for prediction purpose [17]. In this 

method, in every interval, current weights and biases are utilized 

for the computation of output from the input pattern and in the 

second step weights and biases are altered with a backward 

algorithm to justify the current output to the desired one.  

 There are many algorithms available for ANN training, 

such as gradient descent, conjugate gradient descent, quasi-

Newton method, gradient descent with momentum, resilient back-

propagation, variable learning rate back-propagation and 

Levenberg-Marquardt method. In all of these algorithms, an error 

function (usually sum square error (SSE) or mean square error 

(MSE)) is selected and then, the error function is minimized by 

changing the weights and biases step by step and numerically [16]. 

Among the aforementioned algorithms, Levenberg-Marquardt 

method is one of the most efficient and fastest algorithms of ANN 

training. In this method, the approximated Hessian matrix (second 

derivative) and Jacobean matrix are utilized to adjust the weights 

and biases (equation 1). 
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 Here J is the Jacobean matrix containing the first 

derivatives of the network errors with respect to the weights and 

biases of ANN, X denotes weight or bias, g represents the gradient 

of the performance function, e is error (true output-network 

output), I holds for Identity Matrix, JT is the transposed matrix of 

J, H denotes the Hessian matrix and the µ adopts a scalar value 

between 0 and 1 [16]. 

 Due to the high learning potential of ANN for learning of 

the complex function, it usually make highly complex and 

unsmooth functions fit to the output data which in turn leads in 

overfitting problem. In over-fitted ANN, the error of training set is 

driven to a very small value but it becomes large when new data 

(test data) is given to the network [16]. 

 One of the efficient ways to avoid over-fitting is to use lots 

of training data [16] which unfortunately increases the time and 

cost of experiments. Other possibilities for the avoidance of 

network generalization and over fit, are Model selection, Jittering, 

Early stopping, Weight decay, Bayesian learning [18], and 

Combining networks. In this work, a combination of Bayesian 

learning and Early-Stopping was used to avoid over-fitting 

problem. Bayesian learning resembles to Levenberg-Marquardt 

method and differs only in error function (equation 2) which 

contains new term consisting of the mean of the sum of squares of 

the network weights and biases [16].  

EFBR=MSE+ (1-)MSE  (2) 

 In above equation, EFBR is the error function of Bayesian 

learning algorithm,  denotes a parameter known as performance 

ratio which is calculated from weight and biases by statistical 

techniques, and MSE represents mean square error. By using this 

error function, smaller weights and biases have been obtained 

during the training which in turn led into smoother responses with 

lower over fit. 

 It is clear that by the application of optical spectrum 

consisting of a large number of data instead of an only limited 

number of light sources; the accuracy of occlusion spectroscopy 

method could be considerably heightened. Considering the 

development of mini-spectrophotometers, it can be predicted that 

these spectrophotometers will be available with a relatively lower 

price in future. Therefore it would be possible to use mini-

spectrophotometers in upcoming non-invasive glucometers. Here, 

the optical spectra of blood samples with different glucose levels 

were recorded. Then the reliable part of the spectrum with high 

reliability and transparency was determined and selected to be 

correlated with the glucose level of the blood sample. Next 

applying artificial neural network, a relation between glucose level 

and optical absorbance has been obtained in the reliable part of the 

recorded spectra.  

 

2. EXPERIMENTAL SECTION 
 The experiments were divided into several parts as follows: 

Data recording, neural network modeling, and testing of the 

obtained ANN model. For the first part, we examined the effects 

of glucose level and absorbance correlation. Then, the obtained 

data has been utilized to train the ANN in the second part. The 

trained ANN could be utilized to relate the glucose level with the 

optical spectra of blood. Finally, the trained ANN model has been 

checked and verified by applying the test data. 

2.1. Data recording. 

 A blood packet of type B+ (the most common blood type in 

Iran [19]) was obtained from Iran blood bank center and its initial 

glucose and hematocrit levels were determined. As the optical 

transparency of the obtained blood samples was very high, it was 

diluted with distillated water 10 times so that the initial hematocrit 

level of 40% has been decreased to 4%. The initial glucose level 

was also determined by standard glucometer (Bionime) with 

disposable glucometer sticks of Rightest GS300. In the next step, 

various amounts of glucose (product of Merck Co., Germany) 

were added to the diluted blood samples to prepare various 

samples with different levels of glucose. The optical absorbencies 

of the prepared samples were recorded by PG80+ instrument in 

the wavelength range of 400-1100 nm. Table 1 shows the glucose 

level of the prepared samples.  
Table 1. Glucose level of prepared samples 

Sample glycemia Glucose Level 
(mg/dl) 

Glucose Level 
(mmol/l) 

1 Hypoglycemia  3.2 0.16 

2 Hypoglycemia  6.3 0.32 

Sample glycemia Glucose Level 
(mg/dl) 

Glucose Level 
(mmol/l) 

3 Hypoglycemia  11.8 0.60 

4 Hypoglycemia  16.7 0.84 

5 Hypoglycemia  26.8 1.35 (*) 

6 Hypoglycemia  34.8 1.76 

7 Hypoglycemia  42.2 2.13 

8 Hypoglycemia  59.1 2.98 

9 Normal  71.2 3.59 

10 Normal  85.7 4.32 (*) 

11 Normal  100 5.05 

12 Hyperglycemia  124 6.26 

13 Hyperglycemia  151 7.62 

14 Hyperglycemia  185 9.34 

15 Hyperglycemia  211 10.65 (*) 

16 Hyperglycemia  248 12.51 

17 Hyperglycemia  270 13.62 

18 Hyperglycemia  298 15.04 

2.2. Neural network modeling. 

 The data was gathered in order to acquire sufficient input 

data to train, validate and test the ANN. Three-layered feed 

forward ANN was employed for the training and 3, 20 and 1 

neuron(s) were utilized in the first, hidden and output layers, 

respectively. The input pattern consists of glucose level as well as 

wavelength and the output data consisted of absorbance (Fig. 1). 
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Tan-sigmoid (tansig) function (equation 3) was selected as the 

transfer function of the first and hidden layers, while a linear 

function was selected for the output layer transfer function. The 

ANN modeling was conducted using the Matlab software. 

 (3) 

 Before the training, validating and testing the designed 

ANN, all of the input data was preprocessed and converted into 

values in the range of 0 to 1 to improve the generalization of the 

network. In order to inhibit the over-fitting problem, Bayesian 

regularization training method combined with early stopping was 

applied therein.  

2.3. Testing the obtained ANN model. 

 The spectra with the glucose levels of 26.8, 85.7 and 211 

mg/dL were utilized as the test data to assess the integrity of the 

trained network in different glucose levels (low, medium and high 

levels). 

 
Figure 1. Neural Network topology. 

3. RESULTS SECTION 
 The recorded absorbencies of the prepared samples with 

different amounts of glucose have been depicted in Fig. 2. The 

results clearly showed that absorbance has been decreased by 

increasing glucose level. These results are in agreement with the 

aforementioned mechanism in which the glucose reduces the 

refractive index of the mismatch of blood cells and their 

surrounding media and thus reduces scattering. The peaks 

observed in the wavelength range of 400-650 nm are mainly 

related to the absorbance of red blood cells (hemoglobin). The 

changes of absorbance with glucose level are higher in the 

wavelength ranges of 700 to 1000 nm. The absorbance decreased 

as the wavelength increased in this range. Fig. 3 also shows that 

with the decrease of the hematocrit level from 4% to 2%, the 

absorbance of blood has also been decreased. This figure also 

shows that in different levels of hematocrit (2%) the absorbance is 

still a function of glucose level, but that the influence of glucose 

level on absorbance spectra was weakened as the changes were 

very small when the glucose level changed from 100 mg/dl to 294 

mg/dl. 

 
Figure 2. Optical absorbance spectra of blood samples with different 

amounts of glucose. 

 
Figure 3. Effect of hematocrit (HCT) level on the optical absorbance 

spectra of blood. 

 

 Figure 4 shows the prediction of the absorbance spectra of 

glucose level of 26.9 mg/dL with the trained ANN when the whole 

spectra of the samples within the range of 400-1100 nm were 

utilized for the ANN training. Although the predicted and 

recorded spectra are almost fitted together, some differences could 

be especially seen in the wavelength range of 400-650 nm. These 

small differences are enough to deteriorate the accuracy of 

prediction and increase the uncertainty of predicted values.  

 
Figure 4. Prediction of whole absorbance spectra of blood sample with 

glucose level of 26.9 mg/dl by the trained ANN (Differences of prediction 

and recorded spectra have also be shown in this figure). 

 In the next step, to increase the accuracy of the prediction 

and also to similarize the spectra with normal occlusion 
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spectroscopy tests, a limited part of the absorbance spectra has 

been selected. Two criteria were considered for the selection. 

Firstly, the absorbance of blood should not be high to let enough 

light pass through it, and second the reliability and repeatability of 

spectra should be sufficiently high. Fig. 5 shows the repeated 

record of the spectra for one of the samples. The differences of 

this absorbance are also showed in this figure. It is observed that 

the differences are too small in the range of 800-1000 nm. 

Therefore, the wavelength range of 800-1000 nm is suitable for an 

occlusion spectroscopy test. The recorded spectra of the training 

sample in this range have been utilized to train the ANN.  

 
Figure 5. a) Two absorbance spectra related to one sample and their 

differences b) the magnification of the differences of two recorded 

spectra. 

  

 Fig. 6 shows the reduction of the performance function 

during the ANN learning. As figure demonstrates, the training was 

stopped in the iteration of 1020. Here we deliberately stopped the 

further training to inhibit over fitting (early stopping is one of the 

efficient methods to inhibit over-fitting)  

 
Figure 6. Reduction of performance function vs. learning iteration 

(epoch). 

 

 Fig. 7a shows the prediction of absorbance spectra in the 

wavelength range of 800-1000 nm for the sample containing 34.8 

mg/dl of glucose. The differences of the prediction and recorded 

spectra are shown in this figure as well as Fig. 7b. It can be seen 

that differences are negligible (<0.01) in the investigated 

wavelength range and that the differences are not a function of 

wavelength. This result indicates highly accurate prediction of 

ANN in case of train data. 

 
Figure 7. a) Recorded and prediction absorbance spectra of blood sample 

with glucose level of 34.8 mg/dl by the trained ANN in the wavelength 

range of 800-1000 nm b) Magnified difference curve of prediction and 

experimentally recorded spectra. 

 

 To find glucose level of test sample with the designed 

topology of ANN, the absorbance is predicted for different 

glucose levels and the sum of the squared error (SSE) of the 

differences of prediction and experimental spectrum (for test 

sample) is calculated for all glucose levels. The glucose level 

associated with the minimum of SSE will be the predicted glucose 

value for test sample. As mentioned in table 1, the samples with 

the glucose levels of 26.8, 85.7 and 211 mg/dL were utilized as the 

test data. Fig. 8 shows the SSE for different glucose levels during 

the prediction by the described algorithm. It exhibits that the SSE 

was minimized at the glucose levels of 25, 83, 227 mg/dL for test 

samples which are very close to their actual values of 26.8, 85.7 

and 211 mg/dL, respectively (accuracy of more than 90%). 

 
Figure 8. Minimization of SSE to find glucose levels of test samples with 

actual glucose values of 26.8, 85.7 and 211 mg/dL. 

 

 The current work is an introduction for future researches 

and many other parameters could be added as the input or output 

parameters of ANN in order to increase the accuracy and 

functionalities of ANN prediction. For example, hematocrit level 

as well as the color of skin, blood type and a calibration 

coefficient (which is the characteristic of each person and is 

determined by comparison of initial prediction of this method with 

the standard method) could be added as input parameters. The 

topology of ANN can also be modified to predict the oxygen 

saturation of blood. 
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4. CONCLUSIONS 
 In sum, the results of the optical spectroscopy of the blood 

samples showed that the glucose and hematocrit levels of blood 

affect the absorbance of blood samples. Strictly speaking, with 

increasing the glucose level, the absorbance decreased while with 

increasing the hematocrit level, the absorbance increased. The 

highly reliable part of the optical spectra of blood sample with the 

desired transparency has also been found to be in the range of 800-

1000 nm. Then with the application of a three layer artificial 

network which was trained by a Bayesian regularization 

algorithm, the glucose levels of blood were correlated with the 

absorbance spectra of the blood samples. The trained ANN could 

predict the glucose level of the test sample with accuracy of more 

than 90%.  
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