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1. Abstract 

In 1990's, studies show that most people preferred information by human resource over 

automated information retrieval systems. Though, the Pew Internet Survey(Fallows 2004) 

found that “ the Internet is a good place to go for getting everyday information”, this survey 

indicates that in the twenty-first century, people prefer and satisfied with information retrieval 

system and world wide web(www). In the today’s world, the chain of digitalizing everything 

exists in every field. Data are growing rapidly in gargantuan amount as they are all the time 

gathered by affordable and numerous information-sensing devices. One such domain of 

interest is where newer datasets are being generated is an Agriculture. From starting point of 

the history of the human race to till date, we, human beings, depend on the agriculture for 

daily nourishment needs including food, milk. In addition, the Industrial Revolution was 

possible because of raw material provided by Agriculture. Nowadays in the Agriculture 

domain, there are various data being collected and stored in computer systems. Concepts of 

Data mining can be applied to Agriculture sector to analyse agriculture data sets. Now the 

question is, can we automate the information retrieval system based on Data Mining in 

Agriculture domain? Machine Learning, which is a field of Data Mining, provide necessary 

techniques to solve the above problem. This research meant to evaluate a concept of the 

classification technique and apply them to agricultural soil data sets to discover meaningful 

relationships which can be used for decision making about quality crop production in massive 

amount. The soil health card data base is consisting of macro and micro nutrients records of 

soil samples taken from farm field and tested in Soil Laboratory. In this research, we have 

concentrated on k-Nearest classification algorithm to classify soil sample instances into 

appropriate fertilizers deficiency category. Although k-Nearest Neighbor classification is 

simple and effective, it has the largest computational and storage requirements. In addition, 

the effectiveness of classification decreases because of uneven distribution of training data. In 

this research, we present a novel Fast k-Nearest Neighbor, Training Set Reduction k-Nearest 

Neighbour and Hybrid k-Nearest Neighbour Classification methods for decreasing the 

requirement of time and space. We have applied our new approaches on Soil health card 

Agriculture data set and our evaluation illustrates that this approach can solve the mentioned 

problems effectively. We have discussed the comparative analysis of methods to identify the 

best method. 
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2. State of the art of the research topic 

Background Study: 

There are many presentations of Data mining approach. Machine learning is one of them and 

widely used. Machine learning is a domain that is focused on developing algorithms that allow 

computers to learn to resolve problems based on past records [1]. Data mining is a science to 

discover knowledge from databases. The database contains a collection of instances (records 

or case). Each instance used by machine learning and data mining algorithms is formatted 

using the same set of fields (features, attributes, inputs, or variables). When the instances 

contain the correct output (class label) then the learning process is called the supervised 

learning [2]. The other Machine learning approach is clustering which works without knowing 

the class label of instances is called unsupervised learning [3]. The focus of this research is on 

classification and clustering for Agricultural Soil health card database. 

 

k-Nearest Neighbors algorithm: 

The k-Nearest Neighbor algorithm (k-NN) is a simple an instance based machine learning 

algorithm [5],[6]. The k-NN finds k closest instances to a predefined instances and 

classification decision is taken by identifying the most frequent class label among the training 

data that have a minimum distance between the query instance and training instances [5]. The 

distance is determined by the distance metric like Euclidean, Cosine, Chebyshev etc [4]. 

 

The k-Nearest Neighbor classification algorithm is a classical well-known method in Machine 

learning [6], [7]. It is a well-established method in the area of pattern recognition and a lot of 

research has been done on k-NN [8],[9],[10]. For example remote sensing [11],[12], image 

processing [13],[14] and so on. Raymer et al. [15] applied k-NN in combination with a genetic 

algorithm on medical data sets for knowledge discovery.  Frigui et al. [16] used a k-NN 

classifier to perform detection of land mines, here they adopted a possibilistic k-NN classifier. 

Yang et al. [9] adopted the local mean based nearest neighbour algorithm to perform the 

discriminant analysis. Li et al. [12] adopted the k-NN classifier to the image classification of 

hyperspectral images. Bosch et al. [8] adopted k-NN classifier for classification of a scene. 

For feature extraction and classification, Xu et al. [10] have performed the k-local hyper plane 
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nearest neighbor classification. In image classification Mensink et al.[13] applied the k-NN 

classifier. Maji [17] applied the k-NN classifier for microarray data classification. To reduce 

the dimensionality in pattern classification. Geng et al. [18] combined the k-NN with 

dimensionality reduction technique. Z. Pan et al. [19] applied k-NN based on mutual 

neighborhood information. Lu. et al. [20] proposed a hybrid feature selection algorithm for 

gene expression data classification. Z. Pan et al.[21] adopted a new k-harmonic nearest 

neighbor classifier for gene data classification. 

 

The simple k-NN classification algorithm is as follows [22]: 

Step 1: Add each sample to the training_list; 

Step 2: For a given unlabeled sample si, select k nearest neighbors of si in training_list; 

Step 3: Return class label for si, which occurs maximum time in top k training_list records. 

 

The advantage of using k-NN: 

 No need to train dataset in the case of additional instances [23]. 

 Simplicity and flexibility in using [23]. 

 Weight can be used in case of significant features [24]. 

 

Accelerating k-NN: 

In Machine learning classification, the k-NN is powerful and widely used nonparametric 

technique for classification. Though it is exhaustive to perform a k-NN search which requires 

a lot of computational resources in case there is large training data set, in this case, k-NN is 

not preferable [25], [26]. Since many decades accelerating the k-NN search is one of the active 

areas of research. 

 

To speed up the k-NN searching is an interesting area of research and it is mainly divided into 

two categories: template condensation and template reorganization [29]. Template 

condensation identifies the redundant patterns in template set and removes it [25], [26], [27]. 

While the restructuring of templates is done in the template reorganization algorithms [30], 

[31], [32], [33]. A lot of work has been done to find a new approach and in one such method, 
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classification performance is not affected while reducing the storage and computation cost 

[22]. 

 

In some method out of total training set, representative samples are selected and remaining 

are deleted to reduce the amount of training sample set. In text categorization research [34], 

the training set is reduces based on the density, here text density is calculated and if it is found 

bigger than the average density then removes some samples to reduce training samples in 

training set. 

 

Some research has extended the features affecting the k-NN performance, the best k value, 

the training sample size, etc. Majumdar and Ward [35] combined the k-NN classifier with the 

random projection technique. Ghosh et al. [36] estimated the optimal value of the k in k-NN.  

Hu et al. [37] applied sample weight learning on the nearest neighbor classifier. Domeniconi 

et al. [30] studied theoretically the large margin nearest neighbor classifiers. Parthasarathy and 

Chatterji [29] explored the way to use k-NN in case sample size is small. Some researchers 

have analyzed the data points relationships to the nearest neighbor relationships, like centers 

of the classes and hyperplane data points. Gao et al. [40] have designed a nearest neighbor 

classifier based on the center called center base nearest neighbor classifier. Li et al. [41] used 

the local probabilistic centers of each class in the classification process. Vincent et al. [42] 

applied the k-local hyperplane NN technique.  

 

In some research work, researchers have explored the efficiency of the k-NN classifier. 

Hernández-Rodríguez et al. [43] has proposed n approximate fast k most similar neighbor 

classifier based on a tree structure and checked the efficiency of the k-NN classifier. Zhang 

and Srihari [44] explored cluster based tree algorithms for the fast KNN classifier. Ghosh et 

al. [45] explored the visualization and aggregation of nearest neighbor classifiers. Some 

research work explored the distance metrics. Derrac et al. [46] proposed a method to improve 

the performance of the k-NN classifier based on cooperative coevolution. Triguero et al. [47] 

adopted the differential evolution to optimize the positioning of the prototypes to address the 

limitations of the nearest neighbor classifier. Weinberger et al. [35] investigated distance 

metric learning to obtain a large margin for the k-NN classifier. 
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3. Definition of the Problem 

To explore the applicability of Machine learning techniques on Agricultural Dataset of Soil 

health card and to propose improved efficient Machine learning algorithm to classify soil 

sample into the categories of the deficiencies of micro and macro nutrients. 

 

4. Objective and Scope of work 

    Objectives: 

 To study and analyze agriculture soil health card database, data mining on soil health 

card database and applicability of machine learning on it. 

 To design the concept to carry out machine learning specifically classification 

algorithm on Soil health card database. 

 To identify the concept to improve time and space complexity of classification 

algorithm to classify soil samples in respective nutrients deficiencies category. 

 To measure the performance of proposed algorithms based on accuracy, precision, 

recall and F1 measure. 

 To design and develop a software prototype to prove the above concept.  

    Scope:  

In this section, we shall specify the scope of the research presented in the current work 

as follows, 

 Based on the nature of this research, sub-dataset is abstracted from agricultural Soil 

health card database, which consists of micro and macro nutrients for the individual 

farm of selected district of Gujarat, this data set is preprocessed for applying machine 

learning techniques.  

 Classification algorithm k-Nearest Neighbor is applied on Soil health card data set to 

classify each soil sample into the categories of deficiencies of the nutrients. 

 The primary limitation of k-Nearest Neighbor is that it retains all the training data 

because of that it is prone to high computational cost henceforth this research proposes 

novel k-Nearest Neighbour algorithms like, Fast k-Nearest Neighbor, Training set 

reduction k-Nearest Neighbor and Hybrid k-Nearest Neighbor, which is evaluated 

comparatively. 
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5. Original contribution by the thesis 

This research is distinctive in terms of its application in the Agricultural domain and 

encompassing machine learning technique k-Nearest Neighbor algorithm with its 

improvements. Agricultural database soil health card is used and from this database macro and 

micro nutrients are abstracted for the particular farm for classification purpose. This research 

work is original as there is no such work carried out on Soil Health Card Database in the state 

of Gujarat. Though an effective k-Nearest Neighbor algorithm is proposed for classification, it 

suffers from large storage and computational requirements. In this research, we present a novel 

Fast k-Nearest Neighbor, Training Set Reduction k-Nearest Neighbour and Hybrid k-Nearest 

Neighbour Classification methods for decreasing the requirement of time and space. The 

original contribution is also observed in the research papers listed at the end. 

  

6. Methodology of Research, Results / Comparisons  

    Methodology of Research 

Research methodology encompasses ideas of a systematic representation of the methods 

applied to carry out the study which emphasis on the theoretical illustration of the methods and 

principles related to the knowledge of a branch. 

To solve afore mentioned research problem, the main design research phases applied in this 

work are as follows. 

 Problem awareness 

In Agriculture database of soil health card the scope of Machine learning application is 

to classify the soil samples into categories of deficiencies of nutrients. This step is also 

to identify the lack of a general framework that can be used in the Agricultural domain 

to extract knowledge. 

 Literature review 

This step studies in detail about various Machine learning techniques with its 

applications in various fields. It identifies a k-nearest neighbor classifier for this 

research work as well as considers the selection of dataset that is being extracted from 

Soil health card database. The main purpose of this phase is to generalize research 
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directions of improvements in existing k-nearest neighbor algorithm for aforesaid 

classification task in the area of Agricultural Soil data set classification. 

 Implementation 

The work is implemented in different steps as given below, 

o A collection of data and generation of the data set. 

o Pre-processing of data. 

o Application of classification technique k-Nearest Neighbour. 

o Application of classification technique Fast k-Nearest Neighbour. 

o Application of classification technique training set reduction k-Nearest 

Neighbour. 

o Application of classification technique Hybrid k-Nearest Neighbour. 

 Evaluation 

The purpose of evaluation phase is to check whether the implemented classification 

methods meet the expectations.  Hence comparison is done between classification 

methods in terms of various measures. 

 Conclusion 

It is the final phase of research cycle that covers the impact of the research and 

contributions by researchers. Here, in this work, the scope and applicability of Machine 

learning in an Agricultural data set of Soil health card are evaluated in considerations 

of k-Nearest Neighbor classifiers and it's adaptation for the Agricultural domain. 

 

Proposed work: 

 Collection of data and generation of the data set 

This research work is concentrated on exploring the applicability of Machine learning 

techniques on Agricultural Dataset of Soil health card and to propose improved efficient 

Machine learning algorithm to classify soil sample into the categories of the deficiencies 

of micro and macro nutrients. Hence, Agricultural soil dataset is collected from Soil 

health card database(SHCDB), which is available with Anand Agriculture University. 

SHCDB for Gujarat state is consisting soil health card data of individual farm of all 

districts of Gujarat. Individual districts of Gujarat have their respective database table 

having total 49 different attributes varies from identification of soil sample to soil 
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characteristics of the particular land. This SHCDB is maintained in MSSQL DBMS 

system. For our research purpose, we have been provided SHCDB of six districts 

namely Kutch, Rajkot, Banaskantha, Vadodara, Anand, and Surat. As it is mentioned 

previously, total 49 attributes are there in SHCBD, out of these we are concerned with 

macro and micro nutrients, henceforth four macro and four micro nutrients are 

abstracted from SHCDB of each district and label is assigned to each sample indicating 

deficiencies in it. 

 

Table. 1 Soil health card data set  

Different soil fertilizer treatments based on deficiency 

• Macro soil nutrients parameters 

• Potassium (K) <=150 ppm, then soil needs potassium fertilizer treatment. 

• Sulfur (S) <= 20 ppm, then soil needs sulfur fertilizer treatment. 

• Magnesium (Mg) <= 2 ppm, then soil needs treatment. 

• Phosphorus (P) <= 20 ppm, then soil needs phosphorus treatment. 

 

• Micro soil nutrients parameters 

• Iron (Fe): if the content of Fe <=10 ppm than soil requires Ferrous Sulfate. 

• Manganese (Mn): if content of Mn <=10 ppm than soil requires Manganese  

       Sulfate. 

• Zinc (Zn): if the content of Zn <=1 ppm than soil requires than Zinc Sulfate. 

• Copper (Cu): if the content of Cu <= 0.4 ppm than soil requires Copper Sulfate. 
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 Application of classification technique k-Nearest Neighbor 

We have first applied k-Nearest Neighbor algorithm on data set of district Kutch, which 

is having 14000 samples of soil parameters from SHCDB and calculated accuracy, 

precision, recall, F1 measures and classification time in milliseconds. 

 

Algorithm 1: k-Nearest Neighbour (k-NN) Classifier  

Input: A set of Agriculture records R = {R1, R2. . . Rn}, where n is the total number 

of Agriculture records, training record set D. 

Procedure: 

Step 1: Divide the record data into one training set and test set as 50-50 split. 

Step 2: For each test record, calculate similarity with each training record. 

Step 3: Sort the training records in the descending order of the maximum cosine 

similarity and select the top k training records. 

Step 4: Assign a class to test record which occurs maximum times in the top k 

training records. 

Step 5: Construct a confusion matrix. 

Step 6: Calculate performance measures from the confusion matrix. 

 

Sr. 

No k Accuracy Precision 

Recall 

F1 

measure 

Classification 

Time in 

millisecond 

1 31 
90.21 76.28 55.03 63.93 5766 

2 33 
88.85 92.22 67.92 78.23 5779 

3 35 
90.41 85.94 55.88 67.72 5777 

4 37 
90 88.28 60.97 72.13 5746 

Table 2. Results of k-NN classifier  

Results of k Nearest Neighbor classifier applied on agricultural soil data set SHCDB are 

shown in table 2. For different values of k accuracy, precision, recall, F1 measure and 

classification time is measured. 
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 Application of classification technique Fast k-Nearest(F-kNN) Neighbor 

The primary limitation of the simple k-NN algorithm is it needs to retain all the training 

data and prone to high computational cost. In order to reduce the computation cost of 

mentioned simple k-NN, we proposed and designed a fast k-Nearest Neighbor 

algorithm. The fast k-NN (F-kNN) classifier first finds k clusters by employing k-Means 

clustering algorithm. The class label of each cluster is the class whose maximum number 

of records are present in that particular cluster [48]. For each test data, we have 

calculated similarity with each cluster and assigned a class based on k-NN approach. 

The fast k Nearest Neighbor algorithm is described as below. 

Algorithm 2: Fast k-Nearest Neighbour algorithm (F-kNN) 

Input: A set of Agriculture records R = {R1, R2…Rn}, where n is the total number of   

            agricultur records, training record set D. 

Procedure: 

Step 1: Divide the record data into one training set and test set as 50-50 split. 

Step 2: Construct k clusters using kMeans clustering algorithm (validate k value 

for kMeans clustering by Elbow method or Silhouette method) and assign a class 

label to each cluster based on maximum occurrences of a particular class in that 

cluster 

Step 3: For each test record, calculate similarity with each cluster’s centroid. 

Step 4: Sort the clusters in the descending order of the maximum cosine similarity 

and select the top k clusters. 

Step 5: Assign a class to test record whose summation of similarity is maximum in 

the top k clusters. 

Step 6: Construct a confusion matrix. 

Step 7: Calculate performance measures from the confusion matrix. 

In above algorithm in step 2, we have applied clustering validation techniques because 

for cluster analysis there is always a question of how to evaluate the goodness of 

clusters [49]. For kMeans clustering, it is desirable to perform clustering with optimum 

k value to avoid finding patterns in noise and to compare it with other clustering 

algorithms. In this research work we considered two methods of cluster validation, the 

first method computes the sum of square of error (SSE) [50], [51] as below, 
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𝑆𝑆𝐸 =  ∑ ∑ 𝑑𝑖𝑠𝑡(𝑥, 𝑐𝑖)
2

𝑥∈𝑐𝑖

𝐾

𝑖=1

 

The SSE is defined as the sum of the squared distance between each member of the 

cluster and its centroid. It checks measures cohesion [52], means how closely related 

are objects in a cluster. 

The second method of cluster validation is to compute silhouette value [53] as below, 

Calculate a = average distance of i to the points in its cluster, 

                   Calculate b = min (average distance of i to points in another cluster) 

𝑠(𝑖) =
𝑏(𝑖) − 𝑎(𝑖)

max {𝑎(𝑖), 𝑏(𝑖)}
 

It is interpretation and validation of consistency within cluster data, means it combines 

ideas of both cohesion and separation [54]. Cluster separation measure how distinct or 

well separated a cluster is from other clusters. Silhouette value is typically between 0 

and 1 and the closer one is better. 

Sr. 

No 

k 

Accuracy Precision 

Recall 

F1 

measure 

Classification 

Time in 

millisecond 

kMeans 

(Applying 

SSE) 

1 
31 88.64 88.57 94.91 91.64 199 141 

2 
33 87.92 87.96 94.91 89.51 191 131 

3 
35 88.85 88.79 94.91 91.75 217 131 

4 
37 88.78 88.72 92.91 90.77 233 181 

Table 3. Results of Fast k-NN classifier, optimum kMeans by SSE 

Results of Fast k Nearest Neighbor classifier applied on agricultural soil data set SHCDB is 

shown in table 3 and table 4. For different values of k accuracy, precision, recall, F1 measure 

and classification time is measured. Here, the optimum value of k in kMeans is decided by 

the value of SSE and silhouette value respectively in table 3 and table 4. 

Sr. 

No 

k 

Accuracy Precision 

Recall 

F1 measure 

Classification Time 

in millisecond 

kMeans (Applying 

Silhouette value) 

1 
31 88.71 88.65 90.91 89.77 240 201 

2 
33 89.78 89.72 93.92 91.77 255 201 

3 
35 90.35 90.29 92.92 91.58 248 191 

4 
37 89.28 89.22 92.92 91.03 240 191 

Table 4. Results of Fast k-NN classifier, optimum kMeans by silhouette value 
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 Application of classification technique Training set reduction k-Nearest Neighbor 

In Fast k-NN, the computational cost is significantly reduced compared to k-NN but 

still it is retaining all the training instances in each cluster and having high storage 

requirement. We have proposed and designed Training set reduction k-NN(TSR-kNN) 

algorithm so that it reduces training set significantly and have the advantage of low 

computational and storage cost. 

 

 

Figure 1. Training set reduction k-NN [56] 

Fig 1. Illustration of Classification using Training Set Reduction k-NN algorithm. In 

this approach in the first phase, a training set is converted into a set of training vectors 

[55]. The training vectors are given as an input into Training set reduction algorithm 

and the algorithm’s output is the reduced training set. In the second phase the reduced 

training set is employed by the classifier to classify a new test instance. We have applied 

shrink (subtractive) algorithm [56] to reduce the training set. 

Algorithm 3: Training set reduction k-NN (TRS-kNN) 

Phase I: Shrink (subtractive) algorithm, 

Input: A set of training instances T = {T1, T2,… Tn } where n is the total number  

            of Agriculture records, training record set D. 

Step 1: Assign all the training documents into S 

Step 2: Select randomly an instance P from S 

Step 3: Classify the instance P using remaining instances from S. 

Step 4: Remove the instance P if it is correctly classified. 
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Phase II: 

Input: A set of Agriculture records R = {R1, R2. . . Rn}, where n is the total number of   

     agriculture records reduced training record set D. 

Procedure: 

Step 1: Divide the record data into one training set and test set as 50-50 split. 

Step 2: Construct k clusters using kMeans clustering algorithm (validate k value 

for kMeans clustering by Elbow method or Silhouette method) and assign a class 

label to each cluster based on maximum occurrences of a particular class in that 

cluster 

Step 3: Sort the training records in the descending order of the maximum cosine 

similarity and select the top k training records. 

Step 4: Assign a class to test record which occurs maximum times in the top k 

training records. 

Step 5: Construct a confusion matrix. 

Step 6: Calculate performance measures from the confusion matrix. 

 

Sr. 

No 
k Accuracy Precision Recall F1 measure 

Classification 

Time in 

millisecond 

Reduced 

training set 

1 
31 89.71 81.81 52.01 63.59 1021 3005 

2 
33 90.21 86.27 68.03 76.07 1017 2855 

3 
35 90.5 84.73 59.59 69.97 1039 2970 

4 
37 89 79.69 53.16 63.78 1343 3040 

 

Table 5. Results of Training set reduction k-NN classifier 

 

Results of Training set reduction k Nearest Neighbor classifier applied on agricultural soil 

data set SHCDB are shown in table 5. For different values of k accuracy, precision, recall, 

F1 measure and classification time is measured. Here, the reduced training set is remaining 

samples out of whole training set after performing Shrink (subtractive) algorithm on it. 
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 Application of classification technique Training set reduction Fast k-Nearest 

Neighbor(TSR-FkNN) 

This method is a hybrid method, where we have combined features of both fast k-NN 

and training set reduction.  

 

 

Fig 2. An overview of hybrid machine learning technique TSR-FkNN. 

Figure 2 provided an overview of a hybrid approach of the previous two. In hybrid 

method, the training set reduction techniques are applied on training set feature vector 

and the technique reduces training set. The reduced training set is given as an input to 

clustering algorithm and a set of clusters are given as an input to Machine Learning 

Algorithm and classifier model is learned. The classifier model assigns a class to a new 

test instance. 

Algorithm 4: Training set reduction fast k nearest neighbor  

Phase I: 

Input: A set of training instances T = {T1, T2,… Tn} where n is the total number  

            of Agriculture records, training record set D. 

Step 1: Assign all the training documents into S 

Step 2: Select randomly an instance P from S 

Step 3: Classify the instance P using remaining instances from S. 

Step 4: Remove the instance P if it is correctly classified. 

Phase II: 

Input: A set of Agriculture records R = {R1, R2 , . . . , Rn } where n is the total number   

          of Agriculture  records, reduced training record set D. 
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Procedure: 

.      Step 1: Divide the record data into one training set and test set as 50-50 split. 

Step 2: Construct k clusters using kMeans clustering algorithm (validate k value 

for kMeans clustering by Elbow method or Silhouette method) and assign a class 

label to each cluster based on maximum occurrences of a particular class in that 

cluster 

Step 3: For each test record, calculate similarity with each cluster’s centroid. 

Step 4: Sort the clusters in the descending order of the maximum cosine similarity 

and select the top k clusters. 

Step 5: Assign a class to test record whose summation of similarity is maximum in 

the top k clusters. 

Step 6: Construct a confusion matrix. 

Step 7: Calculate performance measures from the confusion matrix. 

Sr. 

No 

k Accuracy Precision Recall F1 measure Classification 

Time in 

millisecond 

kMeans 

(applying SSE) 

after training 

set reduction 

1 31 88.92 87.86 93.91 90.79 248 141 

2 33 90.42 89.36 91.92 90.62 143 61 

3 35 90.85 89.79 94.92 92.28 180 71 

4 37 88.85 87.79 92.91 90.28 217 111 

Table 6. Results of Training set reduction fast k-NN classifier 

Results of Training set reduction Fast k Nearest Neighbor classifier applied on agricultural soil 

data set SHCDB is shown in table 6 and table 7 in which for different values of k accuracy, 

precision, recall, F1 measure and classification time is measured. Here, the optimum value of 

k in kMeans is decided by the value of SSE and silhouette value respectively in table 6 and 

table 7.                                   

Sr. 

No 

k Accuracy Precision Recall F1 measure Classification 

Time in 

millisecond 

kMeans (applying 

Silhouette) after 

training set reduction 

1 31 92.64 92.57 93.91 93.24 261 131 

2 33 92.14 95.07 92.91 93.98 219 151 

3 35 93.85 95.79 93.92 94.84 192 131 

4 37 91.85 94.79 92.91 93.84 217 141 

                            Table 7. Results of Training set reduction fast k-NN classifier 
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Comparisons of results:  

In this section comparisons between different proposed classification techniques is carried out in 

terms of performance measures and time of classification in milliseconds. 

This results are performed on computer with intel i5 processor and 4GB Ram, the software 

IDE is NeatBeans 8.2. Depends on hardware some of the results may vary. The observed 

results are on average of multiple run. 

Accuracy comparison:  

 Value 

k for 

k-NN 

k Nearest 

Neighbor 

Fast k-NN Training set 

reduction k-NN 

Hybrid method 

Sr. 

No 

k k-NN F-kNN ( 

applying SSE) 

F-kNN 

(applying 

silhouette) 

TRS-kNN TSR- FkNN 

(applying SSE) 

TSR- FkNN 

(applying 

silhouette) 

1 31 90.21 88.64 88.71 88.21 88.92 92.64 

2 33 88.85 87.92 89.78 89.71 90.42 92.14 

3 35 90.41 88.85 90.35 89.57 90.85 93.85 

4 37 90 88.78 89.28 89.07 88.85 91.85 

Table 8. Comparison of Accuracy for all k-NN classifiers  

In table 8, the accuracy of different k-NN classifiers is compared. Williams et al. [57] adopted 

accuracy as a measure to compare five machine learning algorithms and high accuracy algorithm 

is preferred. In our research work it is found that proposed TSR-FkNN(applying silhouette) 

classifier have the highest accuracy and all other classifiers also have accuracy less than accuracy 

of  TSR-FkNN(applying silhouette). 

Precision comparison: 

 Value 

k for 

k-NN 

k Nearest 

Neighbor 

Fast k-NN Training set 

reduction k-NN 

Hybrid method 

Sr. 

No 

k k-NN F-kNN ( 

applying SSE) 

F-kNN 

(applying 

silhouette) 

TRS-kNN TSR- FkNN 

(applying SSE) 

TSR- FkNN 

(applying 

silhouette) 

1 31 76.28 88.57 88.65 81.81 87.86 92.57 

2 33 92.22 87.96 89.72 86.27 89.36 95.07 

3 35 85.94 88.79 90.29 84.73 89.79 95.79 

4 37 88.28 88.72 89.22 79.69 87.79 94.79 

Table 9. Comparison of precision for all k-NN classifiers  

In table 9, the precision of different k-NN classifiers is compared, Vafeiadis, Thanasis, et al [59] 

have applied machine learning algorithms on customer churn data set and proposed precision as 
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one of the comparison measure for machine learning algorithms. In our research it is found that 

TSR-FkNN(applying silhouette) is having highest precision than all other algorithms 

Recall comparison: 

 Value 

k for 

k-NN 

k Nearest 

Neighbor 

Fast k-NN Training set 

reduction k-NN 

Hybrid method 

Sr. 

No 

k k-NN F-kNN ( 

applying SSE) 

F-kNN 

(applying 

silhouette) 

TRS-kNN TSR- FkNN 

(applying SSE) 

TSR- FkNN 

(applying 

silhouette) 

1 31 55.03 90.91 88.91 52.01 93.91 93.91 

2 33 67.92 91.91 91.92 68.03 91.92 92.91 

3 35 55.88 91.91 90.92 59.59 92.91 93.92 

4 37 60.97 90.91 90.92 53.16 92.91 92.91 

Table 10. Comparison of recall for all k-NN classifiers  

In table 10, recall of different k-NN classifiers is compared, Patel, Jigar, et al [60] have proposed 

recall as one of the measure for comparing machine learning classifiers in share price prediction. 

In our research it is found that recall of TSR-FkNN(applying silhouette) classifier is highest, and 

all other classifiers have a value of recall less than TSR-FkNN(applying silhouette). 

F1 measure comparison:  

 Value 

k for 

k-NN 

k Nearest 

Neighbor 

Fast k-NN Training set 

reduction k-NN 

Hybrid method 

Sr. 

No 

k k-NN F-kNN ( 

applying SSE) 

F-kNN 

(applying 

silhouette) 

TRS-kNN TSR- FkNN 

(applying SSE) 

TSR- FkNN 

(applying 

silhouette) 

1 31 63.93 90.68 88.77 63.59 90.79 93.24 

2 33 78.23 90.36 90.80 76.07 90.62 93.98 

3 35 67.72 90.8 90.60 69.97 92.28 94.84 

4 37 72.13 89.8 90.06 63.78 90.28 93.84 

Table 11. Comparison of recall for all k-NN classifiers  

In table 11, F1 measure of different k-NN classifiers is compared. Kanj, Sawsan, et al [61] has 

adopted F1 as measure for comparing editing training data machine algorithms. In our research it 

is found that F1 measure of TSR-FkNN(applying silhouette) classifier is highest and all other 

classifiers have a value of F1 measure less than TSR-FkNN(applying silhouette). 
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Training set comparison: 

In table 12, training instances of different k-NN classifiers are compared. Witten, Ian H., et al.[62] 

have dedicated chapter on Reduction Techniques for Instance-Based Learning Algorithms. Here, 

training set reduction machine learning algorithms are compared. 

In our research TSR-FkNN( applying SSE) has lowest training instances when value of k is 33 and 

35 respectively, All other classifiers have higher training instances while k-NN has highest training 

instances. Here, training instances of all classifiers other than k-NN are reduced by applying novel 

techniques designed for this research. 

 Value 

k for 

k-NN 

k Nearest 

Neighbor 

Fast k-NN Training set 

reduction k-NN 

Hybrid method 

Sr. 

No 

k k-NN F-kNN ( 

applying SSE) 

F-kNN 

(applying 

silhouette) 

TRS-kNN TSR- FkNN 

(applying 

SSE) 

TSR- FkNN 

(applying 

silhouette) 

1 31 7000 141 201 3005 141 131 

2 33 7000 131 201 2855 61 151 

3 35 7000 131 191 2970 71 131 

4 37 7000 181 191 3040 111 141 

Table 12. Comparison of training instances for all k-NN classifiers  

Classification time comparison:  

 Value 

k for 

 k-NN 

k Nearest 

Neighbor 

Fast k-NN Training set 

reduction k-NN 

Hybrid method 

Sr. 

No 

k k-NN F-kNN ( 

applying 

SSE) 

F-kNN 

(applying 

silhouette) 

TRS-kNN TSR- FkNN 

(applying SSE) 

TSR- FkNN 

(applying 

silhouette) 

1 31 5766 199 240 1021 248 261 

2 33 5779 191 255 1017 143 219 

3 35 5777 217 248 1039 180 192 

4 37 5746 233 240 1343 217 217 

Table 13. Comparison of classification time for all k-NN classifiers  

In table 13, comparison of all classifier is done in terms of classification time in millisecond. 

Williams et al. [57] applied method of comparing time of five classifiers. Bost, Raphael, et al. [58] 

applied machine learning algorithm on encrypted data set and compared algorithm based on 

execution time. In our research it is observed that TSR-FkNN (applying SSE) is having lowest 

classification time when value of k is 33 and 35 respectively. 
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6. Conclusion  

 

• Storage reduction: 

• Storage requirement in k-NN is very high in comparison to other algorithms.  

• For TSR- FkNN (applying SSE) storage requirement is lowest when value of k is 

33 and 35 respectively followed by F-kNN and TSR-FkNN(applying silhouette). 

Hence, in terms of storage TSR-FkNN and F-kNN are efficient.  

• Execution time: 

• Execution time is highest in kNN followed by TSR-kNN as they store more number 

of instances for training purpose.  

• Execution time is lowest in TSR-FkNN(applying SSE) followed by F-kNN as they 

store less number of training instances. 

• Generalization accuracy, precision, recall and F1 measure: 

• Generalize accuracy of TSR-FkNN(applying silhouette) is highest compared to 

other algorithms hence in terms of accuracy TSR-FkNN(applying silhouette) is 

recommended . 

• The precision of TSR-FkNN(applying silhouette) is highest compared to other 

algorithms hence in terms of accuracy TSR-FkNN(applying silhouette) is 

recommended . 

• Recall and F1 measure of TSR-FkNN(applying silhouette) is highest compared to 

other algorithms hence in terms of accuracy TSR-FkNN(applying silhouette) is 

recommended . 

 

In terms of Time, Space and Accuracy comparisons. The proposed novel hybrid algorithm 

TSR-FkNN(applying silhouette) is the best algorithm hence it can be recommended for 

classifying soil samples in respective nutrients deficiencies category. 
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7. Achievements with respect to objectives  

 We have successfully applied machine learning classifier k-NN on agriculture soil 

health card data set to classify soil samples into a particular class of nutrients deficiency. 

 The design of novel approaches of k-NN classifier F-kNN, TSR-kNN and TSR-FkNN 

is carried out successfully. 

 Noticeable performance improvements are observed in proposed work in terms of time 

and space complexity. 
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