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Abstract – Any recognition task, where the classes are 

given by quality rules or standards, needs the use of 

supervised machine learning. This paper discusses the 

ways of improvement the performance of methods of 

spectral analysis and supervised machine learning by 

classifying the construction and demolition waste 

(CDW). The first investigations in visible (VIS) and 

infrared (IR) spectrum have shown, that we can 

achieve a high recognition rate (98.3%). Therefore, 

investigations were done for analysing, which methods 

are useful for improvement classification performance 

of C&D aggregates. 

 I. INTRODUCTION 

Construction industry is one of the most valued sector of 

economy in many countries and as many other industries 

it produces a big amount of waste. In Germany, the 

construction and demolition waste (CDW) is one of the 

biggest waste flow with the amount of around 53 million 

tons per year. The majority of CDW is used in road 

building and groundwork, while only a small part is 

recycled into construction materials because of the high 

heterogeneity of CDW and the mineral admixtures [1]. The 

application of automatic sensor sorting can solve this 

problem. This approach is successful in the areas of mining 

and recycling in Europe and it will become more important 

in following years, due to increase of waste flow. 

The aim is to develop an optical solution for 

determination of building material classes in CDW by 

using methods of image processing, spectral analysis and 

machine learning. 

 II. STATE OF THE ART 

At this time, there existing only devices and methods for 

selected materials of minerals, ceramics, CDW and waste, 

for example sorting of calcite and magnesite, limestone 

and quartz, different crude salts, gravel with different iron 

content, etc. The given devices using optical and magnetic 

sensors, NIR- und x-ray sensors in sorting systems with 

the main focus on high output and not on precision of the 

analysis. Examples of optical sorting devices for selected 

materials can be found for example in [2], [3], [4], [5]. 

The focus of our research is to develop a CDW analysis 

method with an optimised supervised machine learning 

routine to getting high recognition rates for all CDW 

classes. Our first investigation in space-resolved colour 

images (see [6], [7]) has shown that we have to use other 

added spectral information to solve the recognition task in 

a satisfactory manner. Further investigation in VIS and IR 

spectrum [8] have shown that high recognition rates (more 

than 98%) can be achieved by using only spectral 

information.  

Despite this results, we need to improve the recognition 

rate of some classes to solve this problem in satisfactory 

manner. Therefore, some investigations of different 

classifiers, feature selection and extraction methods were 

done. 

 III. EXPERIMENTAL BASE OF EVALUATION 

The investigations were done on new, not used 

building materials. They were crushed to obtain 

homogenous samples. The particle size varies from 8 to 16 

mm. Reflectance spectrums were recorded by the IR 

spectrometer Polytec PSS 2120 (InGaAs detector and 

spectral range from 1100 to 2100 nm). Our dataset consists 

of around 1100 spectrums for 9 material classes 

(lightweight concrete, concrete, aerated concrete, sand-

lime brick, dense and porous brick, gypsum, asphalt and 

granite) with 500 wavelengths (step size – 2 nm).  

Supervised machine learning classifiers were used in 

our classification routine. We have chosen two different 

classifiers – Random Forest and Support Vector Machine 

(with polynomial kernel) for our investigations. We used 

an implementation from machine learning library “Caret” 

for programming language R [9]. Both classifiers have 

shown proved stability and high performance in our 

previous investigations [7, 8] and in many other 

classification tasks [10] too. Furthermore these two 

classifiers are well studied [11, 12] and have solid 

implementations in different programming languages [13, 

14, 15]. Besides, Random Forest has few parameters to 

tune: the number of trees and the number of random 
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features in tree. The number of trees has to be set large 

(500 in our case) to reach a plateau with a minimal 

classification error [11]. The number of random features 

was set to 2 because of necessity to work with the small 

number of features in some cases (for example, by the 

small number of principal components). Support Vector 

Machines have implementations based on different kernels 

(linear, gaussian, polynomial etc.). Polynomial kernel is 

more computationally intensive but delivered more stable 

results in our investigations without necessity of changing 

chosen parameters. For polynomial kernel were chosen the 

following parameters: cost – 1, degree – 2, scale – 0.1. It 

is important to notice that chosen parameters staying 

constant during our investigations. It was done to 

investigate versatility and synergy of classifiers and 

feature selection methods. 

There are plenty methods for feature 

selection/extraction. We have chosen well studied and less 

depended on dataset feature selection methods from 

diversity of methods: with transformation of feature space 

– Principle Component Analysis (PCA) [16] and Linear 

Discriminant Analysis (LDA) [17, 18, 19], without 

transformation of feature space (filter methods) – 

Information Gain and Chi-Square ranking [20, 21, 22]. 

One wrapper-method, Correlation Feature Subset 

Selection (CFS), which is independent of classifier, was 

also chosen for investigations. In contrast to Information 

Gain (entropy) and Chi-Square ranking (probabilistic 

distance), this method is using correlation as evaluation 

metric [20]. 

We split our dataset in two parts – training set (60% of 

data) and test set (rest 40%) for a correct evaluation of 

classifier performances and to prevent bias. Feature 

selection methods were applied first on the training set and 

then, without recomputation, on the test set. The classifiers 

were trained on the training set using 10-fold cross-

validation. After trainings phase, they were tested on the 

test set. 

 IV. EVALUATION AND RESULTS 

This section is focussed on the comparison of different 

feature selection/extraction methods in matters of 

classifier-specific suitability. 

The performance of Random Forest and Support 

Vector Machine (SVM) classifiers were investigated on 

the pre-process with different feature selection methods 

data (see Fig. 1). 

Firstly, the performance of classifiers was evaluated on 

the dataset with full feature subset. Random forest 

classifier achieved the total recognition rate of 87.1%, 

SVM – 97.4%. This difference may be explained by the 

fact that SVM kernel transforms original feature space, 

where classes can be linear inseparable, into high 

dimensional space, where classes can be linear separable. 

Random forest lacks in this feature. 

Filter selection methods like Chi Square Ranking and 

Information Gain show no or little improvement in 

comparison to using full feature subset, but they can be 

used for reducing the number of features, which leads to 

reducing the number of recorded wavelengths and 

requirements to spectrometer. The number of features can 

be reduced from 500 to 160 without any loss of 

performance. The total recognition rate of 97.4% was 

achieved by using SVM classifier on feature subset after 

applying InfoGain-Filter and 97.9% after applying Chi-

Square Ranking filter. Random forest has shown a 

reduction of the recognition rate of 0.5 – 0.7% by reducing 

the number of features from 500 to 160 by filter feature 

selection methods. Further reducing the number of features 

to 20 leads to significant decreasing of the recognition rate 

by using SVM classifier -14.1%. The loss by using 

Random forest classifier is more than twice smaller (4.5 – 

6%) in comparison to performance on the full feature 

subset. 

 
Another possibility to reduce feature subset without 

transformation of feature space is using wrapper methods. 

Correlation feature subset selection reduced our feature 

subset to 14 features. Random forest shows a little 

degradation of performance by using this set – 0.3% (total 

recognition rate of 86.8%) in comparison to full feature 

subset. SVM classifier has a bigger drop of performance – 

13.3% and a total recognition rate of 86.1%. It has also 

 

Fig. 1. Comparison of different feature selection methods 
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another drawback – the complexity of model is raising 

(340 support vectors against 160 for full feature set). 

Methods with a transformation of feature space show 

an increase of total recognition rates for both classifiers. 

We used principal component analysis as pre-processing 

step in our previous investigation in combination with 

random forest classifier and it has shown the high 

recognition rate of 98.3% by applying on feature subset, 

which consists of 10 principle components [8]. SVM 

classifier shows small improvement in the case of 10 

principle components in comparison to applying on the full 

feature subset – 97.6% against 97.4%. PCA provides a 

feature space transformation, which SVM already has. In 

our case, it does not make the classification model easier: 

SVM model for a full feature subset consists of around 160 

support vectors and the model for a feature subset of 10 

principle components - around 180 support vectors. But 

PCA as a pre-processing step has a big impact on 

performance of random forest classifier: it improves the 

total recognition rate by 12% and makes random forest 

competitive against SVM. Further reducing the number of 

principal components leads to degradation of classifiers 

performance. The first three principle components provide 

too little information for a satisfactory performance of 

classifiers. Random forest achieved the total recognition 

rate of 85.9% and SVM of 83.8%. It is worth to notice that 

SVM shows poor performance on small feature subsets – 

low dimensionality of data eliminates advantages of SVM 

with kernel (transformation of feature space).  

An alternative for PCA is Linear Discriminant 

Analysis, which, on the contrary, uses class-specific 

information. While PCA tries to retain most of variability 

in dataset, LDA tries to retain most of interclass variance 

that can lead to an improvement of classification 

performance by using less number of features. Applying 

LDA on our dataset produced 8 linear discriminants (9 

classes minus 1). Fig. 2 shows results of this analysis in 

form of projection on different linear discriminants (the 

percentage in brackets is an information value of current 

linear discriminant).  

 

Fig. 2. Visualization of results of linear discriminant analysis on NIR-spectrum dataset of CDW 
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Despite the fact that class-specific clusters are 

overlapped by the first three linear discriminants like by 

using the first three principle components [7], there 

existing combinations of linear discriminants, which show 

a good separation of all classes in our dataset. The first and 

second linear discriminants show the following 

autonomous clusters – granite and gypsum; second and 

seventh - dense and porous brick; third and eighth – sand-

lime brick and aerated concrete; fifth and eighth – concrete 

and lightweight concrete. 

Using LDA as a pre-processing step shows a good 

synergy with both classifiers and results in the total 

recognition rate of 98.8% by using Random Forest as 

classifier. SVM classifier achieved even better results with 

99.8%. 

 V. CONCLUSIONS 

The best results were achieved by using Linear 

Discriminant Analysis as a pre-processing step. Classifiers 

Random Forest and SVM with polynomial kernel show 

high performance in combination with this feature 

selection method of 98.8% and 99.8%. These results 

exceeded the previous best results with PCA (98.3% by 

using Random Forest). One disadvantage of this approach 

is the necessity of recording complete spectrums with full 

resolution, i.e., all 500 wavelengths. 

Filter selection methods like Chi Square Ranking or 

Information Gain can be used for reducing the number of 

features from 500 to 160 in subset without any loss of 

performance in comparison to the full feature subset. It 

leads to decreasing the number of recorded wavelengths 

and, as a result, it decreases requirements to 

spectrometers/cameras. 

The wrapper method, Correlation Feature Subset 

Selection, shows a weaker performance and should not be 

used for further investigations on spectrums of CDW. 

Classifiers due to their nature have shown different 

behaviour in our investigations:  

 Random Forest classifier has shown good synergy 

effects with feature selection methods, which 

transform original feature space (principal 

component analysis, linear discriminant analysis). 

 SVM with polynomial kernel has shown best 

synergy effects with filter selection methods. It can 

be used in scenario with a detector, which consists 

a relatively small array of cells. Also SVM has 

shown exceptional performance in combination 

with Linear Discriminant Analysis. 
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