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Abstract. Different spectrometer methods exist that have been developed over 

time to practical applicable systems. Researchers in different fields try to apply 

these methods to different applications especially in the chemical and biological 

area. One of these methods is RAMAN spectroscopy for protein crystallization 

or Mid-Infrared spectroscopy for biomass identification. For the applications 

are required robust and machine learnable automatic signal interpretation meth-

ods. These methods should take into account that not so much spectrometer data 

about the application are available from scratch and that these data need to be 

learnt while using the spectrometer system. We propose to represent the spec-

trometer signal by a sequence of 0/1 characters obtained from a specific Delta 

Modulator. This prevents us from a particular symbolic description of peaks 

and background. The interpretation of the spectrometer signal is done by 

searching for a similar signal in a constantly increasing data base. The compari-

son between the two sequences is done based on a syntactic similarity measure. 

We describe in this paper how the signal representation is obtained by Delta 

Modulation, the similarity measure for the comparison of the signals and give 

results for searching the data base. 

Keywords: Computational Methods, Delta Modulation, Feature Extraction, In-

cremental Knowledge Acquisition, Spectrometer signal analysis, Similarity-

based Signal Interpretation, Case-Based Reasoning. 

1 INTRODUCTION 

Different spectrometer methods exist that have been developed over time to practi-

cal applicable systems. Researchers in different fields try to apply these methods to 

different applications especially in the chemical and biological area. One of these 

methods is RAMAN spectroscopy for protein crystallization [1], [2] or Mid-Infrared 

spectroscopy for biomass identification [3]. For the applications are required robust 
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and machine learnable automatic signal interpretation methods. These methods should 

take into account the sparse available data for the application and that new data need 

to be acquired while using the spectrometer system. We propose a novel spectrometer 

analysis method based on Delta Modulation and similarity determination. We repre-

sent the spectrometer signal by a sequence of 0/1 characters obtained from a specific 

Delta Modulator. While doing this we preprocess the signal by smoothing at the same 

time. This prevents us from the extraction of a specific symbolic description of peaks 

and background from the basic spectrometer signal based on signal-theoretic methods 

[4]. The interpretation of the spectrometer signal is done by searching for a similar 

signal in a constantly increasing data base. The two 0/1 sequences of the spectrometer 

signal are compared based on a syntactic similarity measure. 

The proposed new method has been tested on RAMAN spectrometer signals for 

screening of bio-molecular interactions but the method can be used for all kinds of 

spectrometer signals. With the aid of Raman spectroscopy, the vibrational spectrum of 

molecules can be examined. Functional groups like amino, carboxyl or hydroxyl 

groups can be identified through characteristic vibrational frequencies. 

In this paper the architecture of the spectrometer-signal analysis system is de-

scribed in Section 2. The calculation of the signal representation obtained by Delta 

Modulation is explained in Section 3 for three different kinds of delta modulation 

methods. Then we describe three different syntactical dissimilarity measures used for 

this study in Section 4. Finally, we give results in Section 5 for the three Delta Modu-

lation methods and select the best one. This method is used for further studying the 

best dissimilarity measure. We show how good these measures can group similar 

spectra. At the end we use a prototype-based classifier to show how good we can 

classify the spectra based on the chosen representation and with the three different 

dissimilarity measures. In Section 6 we give conclusion. 

2 Architecture of the Automated Spectrometer Signal Program 

The architecture of the automatic spectrometer identification system is shown in 

Fig. 1. 

After preprocessing the spectrometer-signal, the signal is coded into a 0/1 sequence 

by the delta modulator. While doing that the signal is step-wise smoothed by a linear 

function. The representation makes it unnecessary to develop special high-level fea-

tures that describe all interesting properties of the spectra. The sequence itself can be 

interpreted in different ways. It can be ask for identity, similarity of the whole se-

quence or for partial identity or similarity. That allows identifying part-spectra, spe-

cial single peaks or peak combinations within spectra. 

This sequence is compared to sequences of reference spectra stored in a memory. 

The name of the spectrum where the coded sequence gives the highest similarity is 



Petra Perner    21 

 

 

given as output to the user. A side effect of the coding is also that the spectra is not 

stored with its real values but instead it is stored as 0/1 sequence. This saves memory 

capacity and makes it possible to implement the method into a special purpose pro-

cessor. 

When there is no similar sequence in the data base the input spectrum is stored into 

the data base after it has been coded by the delta modulator. The spectrum is labeled 

manually after it has been checked by other method what the spectrum is about.  

 

Fig. 1. Architecture of the Spectrum Interpretation System. 

This data collection is necessary since the appearance of the spectra for different 

proteins is not known yet. 

 

The pre-processing of the RAMAN spectra is in this special case a baseline correc-

tion [5], a Fourier transformation to eliminate the influence of the special system de-

vice and its parts [6], and the calculation of the difference between the spectrum of 

the buffer and the liquid in the buffer. 

3 Representation of the Spectra by Deltamodulation 

The delta modulator compares the actual signal value 𝑠(𝑖) with an estimated signal 

value 𝑟(𝑖)) of the coder. The difference 𝑒(𝑖) between these two signals is coded by 

only one bit. It mainly represents if the signal was increased or decreased by a certain 

constant. Three different methods exist to estimate actual signal value: Linear Delta 

Modulation (LDM) [7], Constant Factor Delta Modulation (CFDM) [8], and Continu-

ously Variable Slope Delta Modulator (CVSD) [9], [10], [11]. 
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3.1 Linear Delta Modulation 

In case of the Linear Delta Modulation, the difference 𝑒(𝑖) between the actual 

signal value 𝑠(𝑖) and the estimated signal value 𝑟(𝑖) at sampling point i is calculated,  

see Fig. 2: 

𝑒(𝑖) = 𝑠(𝑖) − 𝑟(𝑖) (1) 

If the difference is positive then the code D is equal “1” and D is equal “0” if the 

difference is negative. This binary signal 𝐷𝑛  is stored in the memory. At the same 

time the magnitude of the signal to be expected at the next sampling point i is 

estimated from it. The corresponding rule is: 

𝑠(𝑖) > 𝑟(𝑖). 𝐷𝑛 = 0. 𝑟 = 𝑟(𝑖 − 1) + ∆𝑢  (2) 

𝑠(𝑖) ≤ 𝑟(𝑖). 𝐷𝑛 = 1. 𝑟 = 𝑟(𝑖 − 1) − ∆𝑢  (3) 

 

  

Fig. 2. Linear Delta Modulator. 

The incremental size ∆𝑢 is a constant value which has to be selected in function of 

the standard-deviation 𝛿∆ of the first-order difference signal:  ∆(𝑖) = 𝑠(𝑖) − 𝑠(𝑖 − 1).  

On the reproduction side (which is not necessary here since we do not want to 

reconstruct the signal) an inversely functioning decoder then generates the original 

curve by means of the binary signal stored in the memory. This approximated signal 

is 𝑠´(𝑖). The difference between the original signal 𝑠(𝑖)and the approximated signal 

𝑠´(𝑖)is the approximation error휀(𝑖) = 𝑠(𝑖) − 𝑠´(𝑖), see Fig. 3. 

When process dynamics change, the linear delta modulator is not adjusted 

optimally anymore and the reconstruction error is increasing strongly. The adaptive 

delta modulators compensate this disadvantage. They dispose of a function block 

which takes over the control of the incremental size ∆𝑢 in accordance with process 

dynamics. In the literature different adaptive delta modulators are known, two of 

which are presented in the following section. 
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Fig. 3. Diagram with Input Signal, approximated Signal, and Binary Coded Signal. 

3.2 Constant Factor Delta Modulation 

The instantaneous-value compander, also called “Constant Factor Delta 

Modulator” (CFDM), changes its increment size at each sampling point. 

An adaptation-logic decides based on the input signal sequence 〈𝐷𝑛 , 𝐷𝑛−1〉  by 

which factor k the preceding increment size has to be multiplied: 

∆𝑢𝑖 = ∆𝑢𝑖−1 ∗ 𝑘  (4) 

 

with 𝐷𝑛 = 𝐷𝑛−1 then 𝑘 = 𝑃 and 𝐷𝑛 ≠ 𝐷𝑛−1 then 𝑘 = 𝑄. 

 

It needs to be 𝑃 ∗ 𝑄 = 1, in order to observe the stability condition. For speech 

signals are the values 𝑃 = 1.5 and 𝑄 = 0.66 known from the literature that have also 

been shown good performance in case of the application presented in this paper. 

3.3 Continuously Variable Slope Delta Modulator CVSDM 

The syllable compander, also called Continuously Variable Slope Delta Modulator 

(CVSDM), pursues, in contrast to the instantaneous-value compander, the tendency of 

the signal. Only when the same state has been recorded three times in a coincidence-

register 〈𝐷𝑛 = 𝐷𝑛−1 = 𝐷𝑛−2〉, the syllable compander increases its increment size. It 

is therefore more inert than the instantaneous-value compander. The rule for syllable 

companding is: 

3 bit coincidence  𝑘 = 1; ∆𝑢𝑖 = ∆𝑢𝑖−1 + 1 (5) 

no coincidence  𝑘 = 0; ∆𝑢𝑖 = ∆𝑢𝑖−1 − 1 until ∆𝑢𝑖=0 (6) 
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As ∆𝑢 must not become zero, a minimum increment size 𝑢𝑚𝑖𝑛 larger than 1 needs to 

be added. As standard value 𝑢𝑚𝑖𝑛 can be assumed as  𝑢𝑚𝑖𝑛 = √𝛿∆.  

4 Similarity Determination Between Two SPECTRA 

The spectra are represented by 0/1 sequences. To compare different spectra we 

need a distance measure that can work on such kind of representation. Different 

measures are known from text comparison and DNA sequence analysis. We choose 

for this work the Hamming distance 12, the Levenshtein distance 13 and the 

Levenshtein-Damerau distance 14. 

4.1 Hamming Distance 

The representation of a spectrum A and spectrum B is illustrated in Table 1. We as-

sume that all spectra have the same length n and that the peaks are stable at their posi-

tion (wavelength) in the spectra.  

Then we have to compare two sequences A and B. The distance d between these 

two binary representations is the number of bits in which the two vectors are different. 

Table 1. Representation of two Spectra, Sampling Points, and XOR connection. 

 

That is the well-known Hamming Distance: 

𝑑(𝐴, 𝐵) = ‖𝐴 − 𝐵‖ = ∑ |𝐴𝑖 − 𝐵𝑖|
𝑛
𝑖=1   (7) 

 

4.2 Levenshtein Distance 

Let 𝑑𝐿(𝐴, 𝐵) = 𝐷𝑚,𝑛/𝑛 be the Levenshtein-Distance between the two 0/1 sequence 

A and B with 𝑚 = |𝐴|  and 𝑛 = |𝐵| . The Levenshtein distance is defined as the 

minimum number of modifications needed to transform the sequence A into B. The 

allowed operations are substitutions, insertions, and deletions. The dissimilarity in 

𝐷0,0should be  𝐷0,0 = 0. Then the dissimilarity is calculated as follows: 

Spectrum A 1 0 0 0 1 1 0 0 0 …

Spectrum B 1 1 1 0 1 1 0 0 0 …

Sampling 

Points i 1 2 3 4 5 6 7 8 9 …

A XOR B 1 0 0 1 1 1 1 1 1 …
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𝐷𝑖,0 = 𝑖, 1 ≤ 𝑖 ≤ 𝑚

𝐷𝑜,𝑗 = 𝑗, 1 ≤ 𝑗 ≤ 𝑛
  

 

𝐷𝑖,𝑗 = min

{
 
 

 
 𝐷𝑖−1,𝑗−1 +0 𝑖𝑓 𝐴𝑖 = 𝐵𝑗

𝐷𝑖−1,𝑗−1 +1 𝑆𝑢𝑏𝑠𝑡𝑖𝑡𝑢𝑡𝑖𝑜𝑛

𝐷𝑖,𝑗−1 +1 𝐼𝑛𝑠𝑒𝑟𝑡𝑖𝑜𝑛

𝐷𝑖−1,𝑗 +1 𝐷𝑒𝑙𝑒𝑡𝑖𝑜𝑛

 

𝑓𝑜𝑟 1 ≤ 𝑖 ≤ 𝑚, 1 ≤ 𝑗 ≤ 𝑛. 

 

(8) 

4.3 Damerau-Levenshtein-Distance 

Let 𝐷𝐷𝐿(𝐴, 𝐵) = 𝐷𝑚,𝑛/𝑛 be the Damerau-Levenshtein-distance between the two 

0/1 sequences A and B with 𝑚 = |𝐴|and  𝑛 = |𝐵|. The Damerau-Levenshtein distance 

is defined as the minimum number of modifications needed to transform the sequence 

A into B. Besides substitution, insertion, and deletion of a single character are allowed 

exchange of two adjacent single characters. The dissimilarity in 𝐷0,0should be  𝐷0,0 =

0. Then the dissimilarity is calculated as follow: 

 

𝐷𝑖,0 = 𝑖, 1 ≤ 𝑖 ≤ 𝑚

𝐷0,𝑗 = 𝑗, 1 ≤ 𝑗 ≤ 𝑚
 

𝐷𝑖,𝑗 = min

{
 
 

 
 𝐷𝑖−1,𝑗−1+0 𝑖𝑓 𝐴𝑖 = 𝐵𝑗

      𝐷𝑖−1,𝑗−1  +1 𝑆𝑢𝑏𝑠𝑡𝑖𝑡𝑢𝑡𝑖𝑜𝑛
𝐷𝑖,𝑗−1                   +1 𝐼𝑛𝑠𝑒𝑟𝑡𝑖𝑜𝑛

𝐷𝑖−1,𝑗        +1 𝐷𝑒𝑙𝑒𝑡𝑖𝑜𝑛

 

(9) 

𝑓𝑜𝑟 (1 ≤ 𝑖 ≤ 2,1 ≤ 𝑗 ≤ 𝑛) 𝑜𝑟 (1 ≤ 𝑖 ≤ 𝑚, 1 ≤ 𝑗 ≤ 2) 

𝐷𝑖,𝑗 = min

{
  
 

  
 
𝐷𝑖−1,𝑗−1   +0 𝑖𝑓 𝐴𝑖 = 𝐵𝑗
𝐷𝑖−1.𝑗−1    +1 𝑆𝑢𝑏𝑠𝑡𝑖𝑡𝑢𝑡𝑖𝑜𝑛

𝐷𝑖,𝑗−1   +1 𝐼𝑛𝑠𝑒𝑟𝑡𝑖𝑜𝑛

𝐷𝑖−1,𝑗   +1 𝐷𝑒𝑙𝑒𝑡𝑖𝑜𝑛

𝐷𝑖−2.𝑗−2 +𝑐 𝐸𝑥𝑐ℎ𝑎𝑛𝑔𝑒 𝑖𝑓

𝐴𝑖 = 𝐵𝑗−1𝑎𝑛𝑑 𝐴𝑖−1 = 𝐵𝑗

 (10) 
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𝑓𝑜𝑟  3 ≤ 𝑖 ≤ 𝑚, 3 ≤ 𝑗 ≤ 𝑛. 

5 Evaluation and Results 

We have a data set of 30 different spectrometer signals. Each of the spectrometer 

signals have been preprocessed according to the methods described in Section II, and 

afterwards processed and coded based on the delta modulation (see Sect. III). The 

final outcome is a 0/1 sequence. The achieved results for the representation are 

presented in Section V.A. 

We calculated the pairwise distances between the thirty signals based on three 

distance measures: Hamming distance, Levenshtein distance, and the Damerau-

Levenshtein distance. 

We used the single-linkage clustering method to evaluate the goodness of the 

measures in Section V.B. 

5.1 Representation of the Spectrometer Signal by Delta-Modulation 

The representation of the real signal by the approximated signal of the delta 

modulator is exemplary shown in Fig. 4 for Linear Delta Modulation and in Fig. 5 for 

Constant Factor Delta Modulation. The binary coded signal for both methods is 

shown in Table 2. It can be seen that the coded signal is different depending on the 

used delta modulation method. Table 3 shows the mean and maximum approximation 

error between the input signal and the approximated signal by the delta modulator. As 

expected the CFMD method shows the best result. The mean error is 1.677 

increments and the maximum error is 16.04 increments. In the recent settings the 

CVSDM gave the worst results. It is left for further work to improve this method.  

 

Fig. 4. Representation of Benzoic acid using LDM. 
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Fig. 5. Representation of Benzoic acid using CFDM. 

Table 2. Binary Representation of the Spectrum of Benzoic acid. 

 

Table 3. Mean and Maximum Approximation Error between Input Signal and approx. Signal. 

 

 

In this study, we chose the CFMD method for the representation of the 

spectrometer signal. 

5.2 Results for Similarity Between Two Spectra 

It has been shown in Section 5. A that the CFDM delta modulator gives the best 

result for calculating the 0/1 sequence of the signal. The dendrogram for the different 

similarity measures between the thirty different spectra are shown in Fig. 6-8. The 

Hamming distance shows the highest differences in similarity but does not represent 

the similar groups well (see Fig. 6). The similarity measure will be sensitive to small 

changes in the spectra that might be caused by noise. Much better are represented 

Name of 

Compander Sequence of Spectrum

LDM … 1 0 0 1 0 1 0 0 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1 1 0 1 0 1 0 1 0 1 0 1 0 0 1 …

CFDM … 0 1 0 0 1 0 0 1 0 0 1 0 0 1 0 1 0 0 1 0 1 0 1 1 0 0 1 1 1 1 0 1 1 1 0 1 1 1 0 0 …

Substance

mean ε max ε mean ε max ε

Acetone 1,74955958 4,642862 0,45178963 5,275991

Ascorbic acid 2,19114882 13,715031 1,06728145 10,356945

Benzamide 1,7514159 4,282954 0,40339027 2,977274

Benzoic acid 16,8602393 147,708368 4,78830105 45,56784

.

Name of Delta Modulator

Linear Delta Modulator CFDM

mean 5,6380909 42,5873038 1,6776906 16,045
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similar groups in case of the Levenshtein (Fig. 7) and Damerau-Levenshtein 

similarity (Fig. 8). Both dendrograms show similarity in the group structure. They 

only slightly differ in the representation of the large group at the top of the 

dendrogram but in general the group structure is preserved.   

               

5.3 Accuracy of the Classification 

We enlarged the data base by ten samples from the same spectrum. The final data 

base consists of three hundred samples. Our prototype-based classifier 

PROTOCLASS [15] was used for classification where 299 samples were the proto-

types and one sample was classified against the 299 samples by searching for the 

three nearest neighbors. Crossvalidation was used for calculating the error rate. The 

results are show in Table 4. 

 

Fig. 6. Dendrogram using Hamming 

Distance using CFDM  

 

Fig. 7. Dendrogram using Le-

venshtein Distance using CFDM 
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Table 4. Accuracy of prototype-based classifier for the different similarity measures. 

 

 

The best results we have got for the Damerau-Levenshtein distance followed by the 

Levenshtein distance. The worst result we have got for the Hamming distance. 

 

 

Fig. 8. Dendrogram using Damerau-Levenshtein Distance using CFDM. 

Distance Measure Accuracy in %

Hamming 85,2

Levenshtein 90,5

Damerau-Levenshtein 91,2
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6 Conclusion 

The representation of the spectra by a 0/1 sequence is a good representation for a 

spectrometer signal. While coding the signal in a 0/1 sequence it also smoothing the 

signal by a step-wise linear function. To keep the approximation error between the 

original signal and the coded signal small an adaptive delta modulator has to be se-

lected. In the experiment above we used the CFDM delta modulation method instead 

of the linear delta modulator. A better method than this might be the continuously 

variable slope delta modulator. To construct such a modulator for this kind of signals 

is left for further work. 

Three different similarity measures have been used: Hamming distance, Le-

venshtein distance, and the Damerau- Levenshtein distance. While the Hamming 

distance is very fast and simple to calculated, the latter two distances seem to repre-

sent the similar groups of spectra´s very well. However, these two distance measures 

are more computationally expensive as the Hamming distance. The advantage of the 

Levenshtein and the Damerau-Levenshtein distance is that this distance can compare 

strings with different number of bits and since these measures can delete and substi-

tute bits small differences in the sequence caused by noise or the behavior of the delta 

modulation can be eliminated. Finally, we tested the methods with our prototype-

based classifier. We obtained good classification results for the Damerau-Levenshtein 

distance and the Levenshtein distance. The worst result we obtained for the Hamming 

distance. 

In general we can say that the proposed novel method is a good method to repre-

sent spectrometer signals and that the similarity-based classification works very well. 

The proposed method allows us to extend our database of spectrometer signals very 

easily in the timely sequence the spectrometer signals occur and at the same time 

immediately to use the new acquired spectra for classification in daily work without 

going into a heavy update of the system parameters and functions. 

We have tested it on data from RAMAN spectroscopy. However the method is not 

only applicable to RAMAN spectra. The method can be used for other spectra as well. 
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