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Abstract- this study is about the intelligent odor-profile classification of ammonia in fertilizer by using electronic nose (E- 
nose) couple with Case Based Reasoning (CBR). Excessive of ammonia concentration will gives a bad impact to environment 
especially the marine life in water. Thus, controlling and supervising the concentration of ammonia is crucial in order to 
maintain environment quality. However, the availability of instrument that can directly detect the presence of ammonia in 
without the sample be treated is limited. Hence, this study used E- nose to produce unique profile of an ammonia odor then the 
features be further analyzed by using intelligent classification cased-based reasoning technique. The percentage accuracy of 
using CBR in classifying ammonia odor approach 100%. 
 
Index Terms- Ammonia, Classification, Cased-Based Reasoning, E-Nose.  
  
I. INTRODUCTION 
 
The environment pollution caused by ammonia has 
evolved into a widespread issue which is greatly 
concern throughout the world. Ammonia can be 
extremely toxic and dangerous to a varied range of 
living being. For humans, the highest threat is from 
inhalation of ammonia vapor, with causing irritation 
and corrosive damage to skin, eyes and respiratory 
tracts [1]. At very high concentration level, inhalation 
of ammonia gas can be fatal that lead to convulsions, 
coma and death. Furthermore, when ammonia is 
dissolved in water causes bad impact to water 
environment especially the marine life in water. The 
effect of ammonia releases into the atmosphere leads 
to acid rain and become a cause of nitrous oxide 
greenhouse gas productions [2]. Ammonia is 
dangerous toxicity to the environment which is clearly 
obvious and widespread [3]. In addition, ammonia is 
usually used for making of nitrogenous fertilizer such 
as ammonium sulphate, ammonium nitrate and urea.  
Urea  is made from ammonia and carbon dioxide and 
one of  the nitrogenous  fertilizers  that have  received 
wider attention  in  agriculture,  because  of  its  ability  
task for supply nitrogen for growth and increase crop 
yield [4]. However, the continuous use of urea 
fertilizers for enhanced soil fertility and crop 
efficiency frequently effects in unexpected 
environmental pollution, including over-fertilizing, 
ammonia volatilization and leaching of ammonia 
nitrate from agricultural soil into ground water [5],[6].  
Thus, it is needed an instrument that can monitor the 
level of ammonia concentration following the standard 
threshold value permitted by environmental act. In the 
recent decades, Electronic nose has been one of the 
major interesting research subjects due to capability in 
measurement various odors. An electronic nose is the 
intelligent instrument that classifies the chemical 
odors mimicking a human [7]. Application of E-Nose 
has been practicing since in the mid-80s [8]. The first 

prototype of E-Nose is developed by Dodd and 
Persaud from the Institute of Olfactory Research at 
Warwick University and high-tech companies are now 
selling commercial versions of the ‘Warwick 
Nose’[9].Ammonia is colorless but have a unique 
pungent odor which mean the only way to detect 
ammonia is to test the odor of ammonia in effluents.  
However, the biological nose is not suitable choice for 
such detection of hazardous odor, while perform these 
tasks human will be exposed to infections, fatigue, 
exposure to hazardous, subjectivity and effects on the 
brains [10].The detection of odors and gases using 
electronic nose has been applied to many industrial 
applications throughout the world such as in 
hazardous chemical [11],[12], environmental 
monitoring [13],medical [14], ,and food product 
[15] ,[16].Besides that, the electronic noses have the 
ability easily re-trained and perform sensory-base 
analyses such as for odor or aroma and taste rapidly 
and in a cost-efficient manner [17]. Nowadays, 
electronic nose invention technologies have 
successfully developed through advances in sensor 
design, material improvements, software innovations 
and progress in microcontroller design and systems 
integration [18]. Electronic Nose is designed to detect 
and generate unique profile among complex odors 
using an odor sensor array. This odor then will be 
analyzed using pattern classification methods [19]. 
There are a few techniques that can be used to classify 
the sample data such as Support Vector Machine 
(SVM) [10], Discriminant Factor Analysis [20], and 
Artifial Neural Network [34], K-nearest neighbor 
(KNN) [21] and Case-Based reasoning (CBR) [22]. 
The intelligent system that implemented in this project 
to compare the concentration level of ammonia 
samples is Case-Based Reasoning (CBR) method. 
CBR can be defined as the act of solving a problem 
based on the past similar problems. CBR is a reasoning 
methodology that exploits similar experienced 
solutions, in the form of past cases, to solve new 
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problems [23], [24]. CBR involves four step which are 
retrieve, reuse, revise and retain. Retrieve the solution 
of the most similar case from the case base to solve a 
new problem. Reuse the solution and information in 
that case to solve the new case problem. Revise the 
solution that get from the retrieval case and mapping 
with the target problem to fit the new situation. If the 
solution is work well with the new situation, the result 
is retain as a new case in case base [25], [26]. 
 
II. METHODOLOGY  
 
A. Ammonia Sampling and Preparation 
The samples of urea fertilizer is measured and diluted 
into specific concentration by using dilution formula. 
Ammonia samples are made with five different 
amounts of urea fertilizer with a fixed amount of 
distilled water. The amounts of fertilizer used are 2.5, 
5, 7.5, 10 and 12.5g. These amount then is diluted in 
1L distilled water. Once the sample was perfectly 
dissolved in distilled water, 10 ml of the samples is 
taken and filled into 5 closed vials. After each vial was 
filled approximately 10ml of solution and tightly 
closed to ensure the sample odor trapped, the samples 
of ammonia in fertilizer then is tested. Before the 
concentration samples was insert in E-nose, the 
samples concentration were validated using chemical 
laboratory standard method on the market known as 
spectrometer to make sure the diluted ammonia 
concentration follow the standard range stated by 
department of environment  (DOE) . For each fertilizer 
weight, ten readings are taken from the 
spectrophotometer and the mean value is calculated.  
 
These experiment will start from the lowest to the 
highest weight of fertilizer.  The mean values of 
ammonia concentration in urea fertilizer were 
calculated. The mean result for 2.5, 5, 7.5 g will be 
group of low concentration of ammonia in fertilizer, 
while 10 and 12.5 g will be group as high ammonia 
concentration in fertilizer. This grouping is based on 
standard range stated by department of environment 
(DOE). 
 
After the sample is tested with spectrophotometer, the 
confirmed concentration of high and low ppm of 
ammonia in urea fertilizer were tested using e-nose. 
The detection system of electronic nose is an array of 
sensor which will respond to the ammonia sample 
differently and form some odor-profile pattern which 
will further help intelligent classification to recognize 
the ammonia concentration result. The odor sensor 
array in e-nose system consist of 4 sensors metal oxide 
semi-conductor gas sensors. When the sample was 
located inside the e-nose, sensor was activated and 
sense the odors of ammonia concentration. These 
sensor measurement produces a unique odor pattern of 
ammonia.  Therefore, these pattern is used as an odor 
mark that have been used for odor profile 
identification and classification. 

B. Data analysis 
After completing the raw data samples generated from 
the e-nose, the pre-processing technique was applied. 
Pre- processing phase is preparation of data before 
proceeds to the next steps. The raw data usually 
contain one data point that is outlying from the rest of 
data and this data point is deviant. Raw data 
pre-processing need to be carried out to eliminate this 
data point in order to ensure accuracy of the data. The 
outlier value are filtered out in order to avoid the errors 
which may occur during processing and disrupts the 
exactness of results.  
 
Then, the raw data will be through the normalization 
technique which the technique is adjusting the values 
measured on different scales and increase the accuracy 
of the measures performance of the classification 
technique. Normalization is applied to all data and 
produces a specific statistical graph profile in range 0 
to 1 and to obtain the odor-profiles graph of ammonia 
in urea fertilizer. Then, the boxplot technique was 
applied to summarize and visualize the set data in a 
graph. Boxplot is one of a statistical technique to 
identify the odor-profile of ammonia pattern that 
hidden in the group of data set.  
 
From the boxplot graph will show the different pattern 
of ammonia concentration.After plotting boxplot 
graph, the mean of normalized data sample also were 
obtained. These mean of normalized data set then were 
used as features case in CBR classification technique 
If the data have significant different pattern of low and 
high concentration of ammonia then the data was 
proceeded with CBR. The CBR technique consists of 
similarity function calculation, voting table and 
statistical analysis. By using CBR technique, one case 
will be stored data and another case will be current 
data, the same steps was repeated until all cases was 
compared with the first case.  
 
All the cases were compared in order to obtain 
similarity function, weight similarity, voting cases and 
performance accuracy. The weight similarity between 
the cases is in range 0 to 1 where 0 stated as not 
identical and 1 stated as perfectly identical. Based on 
the voting case results, the performance percentage 
was calculated. 
 
III. RESULTS 
 
The data gathered have been undergopre-processing 
technique which is the outlier value was filtered out in 
order to avoid the errors which may occur during 
classification and disrupts the exactness of results.  
After pre-processing technique, the raw data samples 
go through normalization technique resulted the 
odor-profile of ammonia in fertilizer for high and low 
concentration.  
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Fig.1. A sample of Normalized Data for Low Concentration of 

Ammonia. 
 

 
Fig. 2. A Sample of Normalized Data for High Concentration of 

Ammonia. 
 

 
Fig. 3. The Combination of Mean of Normalized Data for High 

and Low Concentration of Ammonia. 
 
Figure 1 and Figure 2 shows a  profile of normalized 
data for High and low concentration of ammonia while 
figure 3 show the combination of mean of normalized 
data for two different concentration. The lines shows 
the number of data taken and the Y-axis shows the 
value of resistance for each data meanwhile the X-axis 
shows the number of sensor Array. There are 4 sensors 
which are Sensor 1, Sensor 2, Sensor 3, and Sensor 4. 
Based on the figures above, both graphs show the data 
collected from the sensor 1, 3 and 4 have noticeable 
differences in patterns and values meanwhile data 
collected for sensor 2 is the same. The graph for low 
concentration of ammonia for sensor 1, 3 and 4 is 
higher than the resistance value of High concentration 
of ammonia. These graphs shows low and high 
concentration of ammonia has dissimilar features and 
profile. After normalization technique was applied, 
these features were improved by using boxplot. 
Boxplot is used to summarize and visualize the set 
data in a graph. 

 
Fig.5. Mean of Normalized Data Samples from LowAmmonia 

concentration. 
 

 
Fig.5. Mean of Normalized Data Samples from Low Ammonia 

Concentration. 
 
Figure 4 and Figure 5 shows box plot for high and low 
concentration of ammonia. Box plot consists of 
median, the approximate quartiles, and the lowest and 
highest data point. Based on the figures 4 and 5, the 
median for each dataset is indicated by the red centre 
line, the lower and upper quartiles are the edges of the 
blue line, which is known as the inter-quartile range 
(IQR). The maximum and minimum values are 
indicated by the end of the black line and known as a 
whisker. In figure 4 and 5, the four boxplots have 
nearly identical median values. Both figure shows the 
notches in the boxplot are not overlapped, it is 
concluded that the median of the four sensors is 
significantly different. It is because notches display 
the variability of the median between sensors. The 
mean sample data sets then was calculated. Based on 
the mean results, the ammonia concentration increased 
as the mass of urea fertilizer increased. The value of 
means were proceeding to the case-based reasoning 
technique (CBR). 
After similarity function, weight similarity, voting 
case percentages are obtained, the calculation of 
performance data is applied, to calculate accuracy, 
sensitivity and specificity of data. Accuracy 
percentage, specificity and sensitivity are used as used 
as statistical approaches of the performance of 
ammonia in high and low level concentration. The 
specificity is the number of true negative results 
divided by the sum of false positive and true negative 
results. While, sensitivity is the number of true 
positive results divided by the sum of true positive 
false negative result.  
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TABLE 1: CLASSIFIER PERFORMANCE OF AMMONIA 
CONCENTRATION IN FERTILIZER 

 
 
Table 1 shows the classifier performance of ammonia 
concentration in fertilizer for the whole data sets. The 
performance measures using specificity and sensitivity 
are 100% respectively. The accuracy performance of 
ammonia CBR approach 100%. 
 
CONCLUSION 
 
The results shows that there are differentiation 
between high and low concentration of ammonia 
samples based on E-nose output sensor measurement. 
This project also presents the reliability of CBR 
classification technique in classify the features and 
odor profiles of ammonia in fertilizer. The analysis 
and result show the differences between high and low 
concentration of ammonia in term of odor profile 
graph pattern. These odor profile result then have been 
analyzed by using intelligent classification technique 
CBR which has rate of success 100%.  
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