
 

 

 

  

Abstract—A calibration model was developed for a non-

invasive blood glucose sensor, to determine how the blood 

glucose data measured by this sensor is related to blood glucose 

data measured with laboratory capillary finger sticks and to 

corrupting noise. The variability of calibration models for 

different patients was analyzed as well as the dynamics of the 

non-invasive blood glucose sensor according to reference blood 

glucose measurements and corrupting noise.  

I. INTRODUCTION 

In order to treat Diabetes Mellitus, it is unavoidable to 

measure the blood glucose (BG) concentration regularly. By 

following the changes of the BG concentration, the insulin 

intake, meals and exercises can be planned so as to keep the 

BG concentration stable. To help the patient with this task, 

advisory systems are developed [7], [8].  

The BG concentration can be measured frequently sampled 

every few minutes using Continuous Glucose Measurement 

(CGM) systems or just a few times per day. Mostly, the 

measurements are done using blood samples obtained by a 

finger stick or by a sensor with disposable parts under the 

skin. However, using non-invasive methods to determine the 

BG concentration is more convenient for the patient, since it 

does not require a finger stick.  

Since many years, there are a number of different non-

invasive BG measurement (NIGM) sensors in development 

[1], [2], [3]. A non-invasive BG sensor based on 

spectroscopic measurements was analyzed here. Using 

mathematical modeling, various different parameters can be 

predicted from the spectroscopic data, among those BG 

concentration, the sensor being calibrated individually to 

each patient to decrease variability.  

In this report, a calibration model was determined relating 

reference BG data and corrupting noise to the measurements 

of the NIGM sensor. By doing so, the effect of the reference 

data and the noise on the sensor data could be analyzed. 

Also, the difference in the calibration models for different 

patients gives insight into the variability of the non-invasive 

sensor between different patients. Moreover, using the 

calibration model obtained, the dynamics of the sensor 
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according to the reference BG concentration and corrupting 

noise could be analyzed.    

II. METHODS 

A. Data Acquisition and Blood Glucose Sensors 

The BG data used in this paper was collected from 30 

patients during a 3-day in-hospital period from September 

2008 to June 2009 at the Centre Hospitalier Universitaire de 

Montpellier, associated with a European project (DIAdvisor 

TM, [4]). The data of 23 patients had sufficient data quality to 

be used in this report. The in-hospital measurements allow 

for standardized conditions with known amounts of 

carbohydrates, lipids and proteins at specific times for meal 

intakes.  

BG data were collected with the HemoCue Glucose 

Analyzer (HemoCue) [6] and a NIGM sensor from Ondalys. 

For HemoCue, between 50 and 150 data points were 

collected in the 3 days, while the NIGM sensor could 

measure a BG value every minute. The BG data measured 

by HemoCue were the reference data, to which the NIGM 

data were compared to.  

The NIGM sensor measures spectroscopic data and 

determines three different sets of BG data using three 

different internal models (M1, M2 and M3). The BG 

estimation accuracy was improved by M1 and M2 and the 

robustness to patient variability was improved by M3 [5].  

In order to make the BG data measured by the NIGM sensor 

and the HemoCue sensor comparable, the data of HemoCue 

were interpolated at the time points of the NIGM 

measurements. 

B. The Calibration Model 

To model the NIGM sensor, an ARMAX model [10] with an 

additional constant, the calibration level, added was used: 
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�  (1)   

For the purpose of the calibration model, the input signal 

� of the ARMAX model was chosen as the BG data 

measured by HemoCue. The output data � was the data of 

the NIGM sensor to be analyzed. The noise data � of the 

ARMAX model had to be estimated along with the 

parameters. An additional constant  represented the 

calibration level, which was estimated by extension of the 

regression vector. To simulate the calibration model the 

System Identification Toolbox by MATLAB [11] was used.  

The properties of the transfer functions �
��  and �

��  

can be examined using, for example, a Bode diagram to 

evaluate the dynamics of the NIGM sensor according to 

reference BG measurements and noise. 
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The parameters of the calibration model were estimated 

using Pseudo-Linear Regression [9], consisting of the 

following three steps: 

1. The input data � and output data � were fitted to 

the ARMAX model using high model orders, while 

ignoring the noise term. Least-squares 

Identification was used to calculate the parameters. 

From those parameters, output data could be 

estimated. 

2. The difference between the output data estimated in 

Step 1 and the measured output data �  was the 

noise term to be estimated. If the model orders are 

high, the estimated noise can be assumed to be an 

approximation of a white noise sequence [9]. 

3. The estimated white noise sequence was used 

together with the input data � and the measured 

output data � to estimate the coefficients of the 

ARMAX model with the desired orders, using 

least-squares identification. From this, the 

estimated NIGM data � could be calculated. 

If the ARMAX model is estimated well, the estimated output 

data � concurs with the measured data � and thus the 

obtained model  describes the NIGM sensor.     

C. Model Validation  

The BG data measured by the NIGM sensor and the 

reference BG data from HemoCue were divided into two 

data sets. The first half of the data were used as 

identification data to determine the parameters of the 

calibration model. The second half were used as validation 

data [9] to verify the determined model by calculating the  

output of the model using the input data of the verification 

data and comparing this to the output data of the verification 

data. For the verification data the noise had to be determined 

as well. To do so, the Steps 1 and 2 of the pseudo-linear 

regression described above were repeated with the validation 

data. Instead of Step 3 however, the ARMAX model 

determined with the identification data was used to estimate 

the BG data for the validation data, using the newly 

calculated noise.  

To evaluate the performance of the obtained model, the 

average absolute relative error, further called error, was 

used:  
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 (2)   

To determine the variation of a parameter, the variance was 

used [12]. 

III. RESULTS 

For a sample patient, the ARMAX model determined by 

pseudo-linear regression [9] as described in the previous 

section was:  
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(3)  

The BG data estimated with this model is shown in Fig. 1 

together with the noise estimated during the Pseudo-Linear 

Regression and the BG data measured by the NIGM sensor 

for identification and verification data. The estimated data 

recaptured the measured data in this case with an error of 

Figure 1: BG data measured by the NIGM sensor (sensor data), 

estimated with the calibration model (3) (estimated sensor data) and the 

noise 
 estimated during Pseudo-Linear Regression (estimated noise) 

for a sample patient for identification and validation data. 

 for the identification data and  for the validation 

data. 

A calibration model was determined for all 23 patients and 

all combinations of the model orders ,  and  from 1 

to 8. For each of those models, the error between the 

estimated BG data and the data measured by the NIGM 

sensor was calculated according to Eq. (2), both for the 

identification and the validation data. There was a model 

order combination for each one of the 23 patients, that had 

an error which was smaller than for all other model order 

combinations. This was the minimal error for a patient. To 

decide which error is smallest for each patient, the validation 

data was used, resulting in a smaller error for the validation 

data than for the identification data in general. The minimal 

errors for all patients were collected in a data set. The 

minimum, maximum, average value and variance of this 

data set of minimal errors are shown in Table I for the 

NIGM sensor internal models M1, M2 and M3. The smallest 

error was achieved by the internal sensor model M2, both 

M1 and M3 had a larger error.  

The minimum, maximum and average values of the model 

orders leading to the minimal error for each patient among 

all patients are shown in Table II together with the variance 

for the model orders over all patients.  

TABLE I 
ERRORS [%] 

M Max Min Avg Var 

  Ident  Val Ident Val Ident Val Ident Val 
1 12.49 5.37 1.40 1.360 5.14 2.46 22.16 2.66 
2 8.43 3.79 1.58 0.81 4.09 1.70 9.24 1.33 
3 12.08 3.89 3.88 1.30 7.83 2.11 8.32 1.24 
Maximum (Max), minimum (Min),  average values (Avg) and 

variance (Var) of the minimal errors between the estimated data 

and the measured NIGM data of the calibration models over all 23 

patients. 

 



 

 

 

The model orders of M1 and M2 varied significantly 

between the minimum number 1 and the maximum number 

8, whereas the model orders for M3 varied much less. The 

variance of  for M1 and M2 was  and , though it 

was ,  and  for ,  and  of M1 

respectively. The order  had a small variance compared to 

 and . 

The Bode diagram of the transfer functions �
��  and 

�
��  according to Eq. (1) for the calibration models 

giving the minimal error between estimated and measured 

NIGM data for each patient are shown in Fig. 2 and Fig. 3   

respectively for M1. The Bode diagram for M2 and M3 

looked similar. The magnitude diagram of the Bode diagram 

for �
��  shows that the reference BG data � were 

damped over the whole frequency range and occasionally 

even slightly amplified for high frequencies. The noise 

spectrum �
��  showed that the noise � was mostly 

amplified for low frequencies and slightly damped for higher 

frequencies. Furthermore, the cross-over frequency seemed 

to be similar for all the patients, while the gain seemed to 

vary.   

 
Figure 2: Bode diagram of the transfer functions �

��  from the 

reference BG value to  the measured output for the calibration models 

estimated for all 23 patients using the NIGM sensors with M1. 

Figure 4 shows the Clarke-Error Grid [13] of the BG data 

measured by the NIGM sensor in comparison to the BG data 

measured by HemoCue. It can be seen, that for the point 

accuracy, the data points are spread mostly in regions A and 

B, while they are widely spread over all regions for the rate 

accuracy. For the point accuracy, there were 55.9% of the 

data in region A and 43.23% in region B, while for the rate 

 
Figure 3: Noise Spectrum, estimated for all 23 patients using the NIGM 

sensors with M1.  

accuracy only 8% of the data were in region A and 12% in 

region B. This can be related to the amplification of high-

frequency components in Fig. 2. Due to high-frequency 

components in the NIGM measurements, the rate  of BG 

change determined by the NIGM sensor did not follow the 

rate of BG change measured by the reference result 

providing HemoCue sensor.  

 
Figure 4: Clarke-Error Grid for an example patient with the 

internal NIGM sensor model M1. 

IV. DISCUSSION 

For the NIGM sensor with the sensors internal models M1, 

M2 and M3, a calibration model in form of an ARMAX 

model was developed. The BG data measured by HemoCue 

provided reference BG measurements (being the input) and 

the estimated BG data were supposed to recapture the 

measured NIGM sensor data (being the output). The 

estimated BG data and noise together with the NIGM 

measurements are shown in Fig. 1, while the Clarke error 

Grid in Fig. 4 compares the NIGM measurements to the 

HemoCue measurements.   

By varying the model orders, the optimal calibration model 

giving the minimal error between the estimated and the 

measured data were determined for every patient. When 

taking the average of the minimal errors over all patients, the 

TABLE II 
MODEL ORDERS FOR MINIMAL ERROR 

M Max Min 

 na nb nc na nb nc 
1 8 8 1 2 1 1 
2 8 8 2 1 2 1 
3 7 4 2 5 1 1 

M Avg Var 

 na nb nc na nb nc 
1 6.04 6.39 1 7.59 6.34 0 
2 5.74 6.04 1.70 9.02 6.50 0.22 
3 5.70 2.35 1.04 0.77 0.87 0.04 

Maximum (Max), minimum (Min),  average values (Avg) and variance 

(Var) of the model orders ,  and  for the calibration models of 

all 23 patients. 



 

 

 

NIGM sensor internal model M2 had the smallest error. 

Both M1 and M3 had significantly larger errors.  

The model orders of the optimal calibration models varied 

significantly among the patients for the internal sensor 

models M1 and M2, but less for M3. From this it seemed the 

model order for the calibration model depended strongly on 

the patient for M1 and M2. With the internal sensor model 

M3 however, the model orders of the calibration model 

seemed to be more robust with respect to the different 

patients. This supported the fact, that the internal sensor 

model M3 was designed to improve robustness, while M1 

and M2 were designed to improve the accuracy of the BG 

measurements.   

Analyzing the Bode diagram of the transfer functions from 

the reference BG data to the estimated blood-glucose data of 

the calibration model, it showed that in most cases low 

frequency content was damped, while high frequency 

content was slightly amplified. In case of the transfer 

function from the corrupting noise to the estimated output 

data, the noise was mostly amplified at low frequencies, 

while it was slightly damped at high frequencies.  

High-frequency components and amplified noise of the 

NIGM measurements might have led to a poor performance 

of the NIGM sensor with regards to the rate of BG change. 

Especially the effect of the high-frequency components can 

be seen in the Clarke Error Grid in Fig. 4. Concerning the 

point accuracy  of the data were in the clinically 

accurate region A and in the region B of benign errors, while 

for the accuracy of the BG rate of change only  were in 

regions A and B, which could result from high-frequency 

components in the NIGM signal. 

According to [14], the HemoCue BG sensor had  of the 

data within  of BG measurements of the Yellow 

Springs Instrument (YSI) glucose oxidase analyzer, and 

therefore HemoCue was claimed to be interchangeable with 

YSI. However, these small inaccuracies could have been one 

possible source for the noise. As HemoCue in this work was 

used as a reference for the Ondalys sensor, no further error 

analysis of HemoCue was made.  

Because of noise amplification and occasionally high 

amplification of the high-frequency content of the reference 

BG data compared to the low-frequency content leading to 

poor BG rate performance, the NIGM sensor was not 

expected to be available in industry presently.  

V. CONCLUSION 

For the non-invasive blood glucose (NIGM) sensor by 

Ondalys calibration models were determined for data 

measured with 23 different patients. The NIGM sensor used 

two models internally to improve accuracy of blood glucose 

measurements and a third one to improve robustness. The 

calibration models related the NIGM measurements to 

reference blood glucose measurement, provided by the 

HemoCue Glucose Analyzer [6], and to corrupting noise. 

The variation in the model orders of the calibration models 

leading to a minimal estimation error for each patient 

supported the robustness improvements of the third internal 

sensor model in comparison to better measurement accuracy 

of the second model.  

Furthermore, the NIGM sensor damped the reference blood 

glucose measurement over the whole frequency range and 

occasionally even damped low-frequency content more than 

high-frequency content. The corrupting noise was amplified 

for low frequencies and slightly damped for high 

frequencies.  
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