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Abstract 
The objective of this work is to determine the true owner of a land—public or 
private—in the region of Kumasi (Ghana). For this purpose, we applied dif-
ferent machine learning methods to the ZEF (Center for Development Re-
search) dataset on Land plots in Kumasi. Machine learning is a field in artifi-
cial intelligence that has been applied to many domains successfully in other 
continents. The machine learning algorithms considered are Polynomial Re-
gression, Softmax Regression, Naïve Bayes, Bagging, Neural Network, Deci-
sion Tree, Random Forest, k-Nearest Neighbor and Support Vector Machines. 
In addition, we designed a rule-based convolution algorithm from these afore-
mentioned algorithms, which performs excellently on the given dataset. In 
fact, our proposed model performs better than the cited models on the Kumasi 
dataset. This research is not trivial given the conflicts generated by land own-
ership issues in the sub-Saharan Africa region as a whole and in Ghana par-
ticularly. Therefore, we hope this work will help buyers be more alert in ascer-
taining the true ownership of a land before purchasing it. 
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1. Introduction 

Land disputes and conflicts are a serious issue in Ghana [1] and in West Africa [2] 
as a whole. People are constantly fighting over land because land is a crucial element 
of life; no wonder it is called real estate. Indeed, some use the land for shelter; they 
build houses to live there, while others use the land for agricultural purposes. The 
latter use the land to grow the food that they will consume along with that which 
they will sell to generate funds. Yet, another category uses the land to feed their flocks, 
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which is their daily activity and means of survival. Therefore, the land is a precious 
resource that everyone wants to acquire for their own purpose. Likewise, the gov-
ernment possesses a lot of land and uses it for its own activities. And how many are 
shocked when they receive the visit of caterpillars and bulldozers to destroy their 
beloved houses or farm because the land actually belongs to the government and it 
wants to use it to build a road, a hospital, a school, or anything else. People are 
shocked because they always thought the land belonged to them. They have pur-
chased it from a chief, a family member, a friend or a contractor. They were given 
some papers and now after spending a lot of money not only to acquire but to build 
their houses, office or livelihood on this land. However, the truth was that the land 
always belonged to the state and the sellers had no right to sell it in the first place. 
And these events bring confusion, sorrow, bitterness, conflicts and even death if not 
handled properly. Some people speak of Land capture [3] by the government, but 
the land minister of Ghana Hon. Emmanuel completely dismisses those claims, stat-
ing the land was always public and had always belonged to the government. There-
fore, the buyers were tricked into purchasing state-owned land. As a result, we, as 
machine learning researchers, cannot stay idle with this issue. Indeed, we have pow-
erful tools we can use to help address this issue. 

Henceforth, we decided to use the tools of machine learning in order to discover 
the true owners of a land (i.e., whether it belongs to the government or is available 
for purchase). Indeed, machine learning methods have been applied successfully in 
many other areas including healthcare [4], education [5], finance [6], manufactur-
ing [7], cybersecurity [8] and so on. Then, why not apply it in the land acquisition 
business so that potential buyers are equipped with modern tools to discover the 
true owners of a land before investing so much capital in it? We need to remember 
that there are evil people in this world who prey on the naiveté of people. These 
make innocent people believe they can acquire a land cheaply when the truth is the 
land is not even available for sale in the first place and worst the land belongs to 
the government. So anything we can do to help should be tried. This is the reason 
for our work. 

In this project, we applied different machine learning algorithms to the ZEF da-
taset on land plots in Kumasi (Ghana) [9]. We even designed our own model, which 
is a convolution of some learning algorithms. The result is very. We were able to 
successfully predict (about 90%) the true owners of a land using our algorithm. 
This is an excellent result given that the Kumasi dataset given by ZEF is very lim-
ited in size and attributes. Also, we outperform the other algorithms by a large 
margin. This means that if we apply our algorithm to a bigger land dataset, we may 
reach about 100% successful predictions, given that the larger dataset will improve 
the generalizability and robustness of our algorithm.  

2. Literature Review 
2.1. Machine Learning Algorithms 

In this section, we describe various machine learning algorithms; we focus on 
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those used in this research. Actually, we will try to cover as many algorithms as 
possible. First, we need to know what we mean by machine learning. By machine 
learning, we simply mean learning using the machine, i.e., the computer or more 
precisely computer algorithms. What are we learning? We are learning some model, 
some function, a pattern that allows us to make predictions. Normally, we will be 
presented with a dataset (the bigger the better). And using this dataset, we will 
apply some mathematical formulas to it to discover the gold or the missing ele-
ment. This is indeed good news because the objectives of many have always been 
to exploit the ubiquitous data available, for instance, online (big data), to discover 
things we didn’t know before. This prediction can be in the form of classification, 
where the output is a discrete value or regression where the output is a continuous 
value.  

In this regard, some algorithms that fall under classification are, for instance, 
SVM (Support Vector Machine) [10], ANN (Artificial Neural Network) [11], KNN 
(K-Nearest Neighbor) [12] and some important regression algorithms are for in-
stance Linear Regression [13] logistic and softmax regression algorithms [14]. We 
also have genetic algorithms [15], reinforcement learning algorithms [16]. We must 
not forget Ensemble algorithms like stacking, committee machine algorithms and 
bagging [17].  

In ANN, we try to emulate the biological neural network. We will have the input 
layer the output layer (the prediction) and intermediate (hidden) layers. Each 
layer consists of units that transform the input into the desired output. As for 
SVM, it tries to find key data instances that will be used to make the classification. 
We have a decision boundary and a margin separating both classes. KNN, on the 
other hand, tries to find data instances close to our target element. And using ma-
jority vote on these neighbors, we predict the class of our target data. Regression 
algorithms use the dataset to fit the parameters of the chosen model. Then, they 
use the model (with the found parameters) to make the prediction for the new value. 
The genetic algorithm aims to mimic the biological evolutionary process to pre-
dict the target attribute. Reinforcement learning is a trial-and-error process where 
we learn from our mistakes and repeat the process till we get to the solution. En-
semble learning algorithms try to aggregate the solutions from different algorithms. 
For example, Random Forest aggregates the solution from different decision trees. 
In Baggings, we run different bootstrap datasets and keep a score of each run. Then, 
the solution could be a majority vote.  

Machine learning algorithms can also be categorized with respect to whether 
each data instance has a target value. Then, the algorithms are classified as super-
vised, semisupervised and unsupervised. In supervised machine learning algo-
rithms, the target value of each data instance is provided. Examples of such algo-
rithms include linear or polynomial regression, artificial neural network, and sup-
port vector machine. On the other hand, unsupervised machine learning algo-
rithms work with situations where the target attribute is not provided or is un-
known for each entity of the data set. Examples of unsupervised learning algo-
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rithms include clustering methods and reinforcement learning techniques. Semi-
supervised learning techniques are a trade-off between supervised and unsuper-
vised learning algorithms. With semisupervised problems, some dataset instances 
have their target attribute provided while others do not. Also, the data set may be 
itself sparse, i.e., some predictor values will not be provided or even when pro-
vided they may include errors. For such problems, first a preprocessing stage is 
warranted, where we will try to approximate values for the missing data. Tech-
niques such as collaborative filtering (user or item based) can be used to first infer 
the missing elements [18], then some supervised learning algorithms can be ap-
plied. 

Besides the algorithms already cited, one could add the Rosenblatt Perceptron 
algorithm, the Naïve Bayes, the Bayesian classifier, the Ensemble learning like com-
mittee machine, Bagging.  

2.2. Related Work 

In this section, we describe some similar research work where machine learning 
algorithms were successfully used to detect some hidden features in a given da-
taset.  

In Yaokumah’s paper [8], the authors applied machine learning algorithms to 
the problem of detecting malware over the internet. They used algorithms like 
(Linear Regression) LR, NB (Naïve Bayes), DT (Decision Trees), KNN (K-Nearest 
Neighbor), SVM (Support Vector Machine), NN (Neural Network), RF (Random 
Forest), BG (Bagging) and stacking applied on the Bot-IoT dataset. Surprisingly, 
their model generates a 100% accuracy rate of success.  

Hafsah Habehh and friends [4] describe the application of machine learning 
algorithms in the health system. Indeed, they discover that machine learning al-
lows for the discovery of irregularities in blood samples, bones and organs using 
just medical imaging. They also find that machine learning has helped physicians 
in diagnosing diseases, identifying trends in healthcare and developing disease pre-
diction models. 

As for Zara [5], they study the use of machine learning in education. They find 
out that machine learning can be used to predict students’ performance, grade stu-
dents fairly, organize content effectively and suggest a learning path for students’ 
future careers. 

Likewise, Bryan Kelly and colleagues [6] study the impact of machine learning 
in the financial markets. They discovered that machine learning is paramount in 
predicting product prices and market trends.  

In [7], Vimanyu Chopra discusses the impact of machine learning algorithms 
in manufacturing processes and industrial production. He discovers that machine 
learning can indeed help in the manufacturing process especially in predictive 
maintenance, process optimization, quality control and scheduling of resources. 

Also in the domain of land management and classification, machine learning 
methods were applied successfully. In their work [19], the authors were able to use 
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deep learning and other machine learning algorithms to effectively and efficiently 
classify lands. They succeeded despite the multiple challenges with respect to the 
vegetation, the land cover and hilly areas. 

Finally, Junye Wang and colleagues provided an excellent survey of machine 
learning in modelling land-use and land cover-change (LULCC) in their seminal 
work [20].  

3. Methodology 

For this work, we apply machine learning tools to the task of predicting the true 
ownership of a land in Kumasi (Ghana) using the ZEF dataset. In the first phase 
of our work, we had to select a dataset on land in Ghana. This was the most diffi-
cult because such specific datasets are lacking. However, we discovered the ZEF 
research dataset on land plots in Kumasi (ZEF dataset). In the second phase of our 
study, we did some feature selection and feature extraction in order to put the da-
taset in a good condition so we could apply our machine learning algorithms. Fi-
nally, we selected the most prominent ML (Machine Learning) algorithms to con-
duct our study and designed a rule-based convolution algorithm, which performed 
better than the other algorithms.  

3.1. ZEF Kumasi Dataset 

The dataset we used is from ZEF (Zentrum für Entwicklungsforschung), meaning 
center for Development Research of the University of Bonn in Germany. ZEF con-
ducted various research in Africa especially in Ghana. Therefore, as part of their 
work they published the given dataset [9]. The dataset is about land plots in Ku-
masi. It has 465 rows and seven columns or attributes. The dataset is highly sparse. 
As a result, we needed to do some preprocessing work to identify the features of 
interest. The preprocessing consisted of identifying and selecting the attributes 
that were not too sparse and were of interest to our target attribute, i.e., determin-
ing whether a land belongs to the government or not. The attributes of the dataset 
are Submetro, Ownership, Urban zone, #Trees, LandUse, Plot_area, ID, and plot. 
The submetro shows the submetro of Kumasi where the land exists. Its values 
consist of “Asawasi”, “Asukwa”, “Bantama”, “Kwadaso”, “Menhyia”, “Nhyiaeso”, 
“Oforikro”, “Oforikrom”, “Suame”, “Subin” and “Tafo”. Though the submetro is 
important when considering the price of the land, we judged it as not important 
in determining the ownership of the land. The ownership attribute tells whether 
the land belongs to the government, private or mixed, i.e., co-shared between the 
government and a private entity. These qualitative attributes were turned into 
quantitative values by assigning them discrete values. Thus, government land was 
assigned 1 and private 0. We considered that co-shared land belonged to the gov-
ernment; so all mixed attributes were given a value of 1 for public or state land. 
Urban zone means where the land is located, whether inside the city or in a sub-
urb. A value of “Core” means inside the city and a value of “Periurban” means 
suburban land. Similar to the “Ownership” attribute, we also assigned discrete 
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values to this attribute. Henceforth, “Core” received 1 and “Periurban” 2. The 
“#tree” attribute tells how many trees are present, so it addresses the vegetation of 
the land. We did not consider “#tree” attribute relevant in determining land own-
ership, because it is highly sparse and the variance between values is too high. 
“Landuse” attribute deals with whether the land is already in use and what it is 
used for. The values go from 1 to 5. “Plot area” gives the size of the land. Finally, 
the ID and plot number are used for land addressing or localization. Out of these 
attributes, only the urban zone, #trees, land use and area were used as features to 
determine the land ownership. The dataset is divided into two parts: one fourth 
(117 entries) is used as the test set and three fourths (348 entries) is used as the 
training set.  

3.2. Our Convoluted Rule-Based Algorithm 

Our convoluted rule-based algorithm is like the traditional majority vote [11], but 
with some subtleties. In the traditional majority vote method, we apply various 
machine learning algorithms to our dataset and take the majority or the popular 
vote of the algorithms as the prediction. In a similar fashion, we first apply ma-
chine learning algorithms and then from their predictions we compute our own 
prediction. The algorithms considered are KNN, Logistic Regression, Naïve Baye, 
Neural Network, Linear Regression and SVM. These algorithms in particular were 
selected for our project because they performed very well in the work of our col-
leagues from the University of Ghana Yao Kumah and others [8] on the BOT-IOT 
dataset. Their algorithm was even able to achieve 100% accuracy. Thus, we hoped 
that by using the algorithms they used in their work, we would be able to reach a 
higher accuracy rate. From the training, we realize that Naïve-Bayes is less efficient 
than Logistic Regression has the same predictions, so we focused just on Logistic 
regression in our convoluted algorithm. Likewise, only high-performing algo-
rithms were included in our rule-based algorithm (as can be attested in the results 
section). 

From the training set, we realize that whenever SVM predicts 0, KNN predicts 
1, Logistic Regression 1, Neural Network/ Random Forest 0 and Linear regression 
0, the actual prediction is 0 (private). Also, whenever SVM predicts 0, KNN pre-
dicts 1, Logistic Regression 1, Neural Network 0 and Linear regression 1, the actual 
prediction is 1 (public). Again, whenever SVM predicts 1, KNN predicts 1, Lo-
gistic Regression 1, Neural Network 1 and Linear regression 1, the actual predic-
tion is 1 (public). Furthermore, whenever SVM predicts 0, KNN predicts 0, Lo-
gistic Regression 1, Neural Network 0 and Linear regression 1, the actual predic-
tion is 0 (private). Finally, whenever SVM predicts 0, KNN predicts 0, Logistic 
Regression 1, Neural Network 1 and Linear regression 1, the actual prediction is 
1 (public).  

The algorithm can be stated as: 
    if ((SVM==0) and (KNN==1) and (Logistic==1) and (Neural Network==0) 
and (LinearRegression==0)), then 
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        MyOwn=0 
  else if ((SVM==0) and (KNN==1) and (Logistic==1) and (Neural Network==0) 
and (LinearRegression==1)), then 
        MyOwn=1 
  else if ((SVM==1) and (KNN==1) and (Logistic==1) and (Neural Network==1) 
and (LinearRegression==1)), then 
        MyOwn=1 
  else if ((SVM==0) and (KNN==0) and (Logistic==1) and (Neural Network==0) 
and (LinearRegression==1)), then 
        MyOwn=0 
  else if ((SVM==0) and (KNN==0) and (Logistic==1) and (Neural Network==1) 
and (LinearRegression==1)), then 
        MyOwn=1 

In the preceding pseudocode MyOwn denotes my convolution algorithm, SVM 
is the SVM prediction, KNN stands for the KNN prediction, Logistic stands for 
the Logistic Regression prediction and Neural Network for the Neural Network 
prediction and finally Linear Regression prediction. Random forest yields the same 
prediction as Neural Network, so we did not add it. 

3.3. Performance Metrics  

Before describing our results, it is expedient to first describe the performance met-
rics used. Indeed, we used metrics like TP rate (recall), precision, accuracy, F-meas-
ure and MCC.  

TP rate is also called recall; it is described as the proportion of positive data 
instances that are correctly classified. It is given by TPR=TP/(TP+FN), where TPR 
stands for True Positive Rate, TP for number of True Positive instances and FN 
for number of False Negative instances.  

Precision measures the strength of a positive prediction; it is given by the ratio 
of the number of true positives to the total number of positive predictions.  

Precision = True Positives / (True Positives + False Positives).  
Accuracy reveals how often the algorithm makes a correct prediction. It is given 

by the ratio of the number of correct predictions to the total number of predictions 
or  

( ) ( )Accuracy TP TN TP TN FP FN= + + + + . 

F-measure combines both precision and recall in a single metric; it is given as  

( ) ( )F1 2 precision recall precision recall= ∗ ∗ + . 

The Mattthews Correlation Coefficient (MCC) evaluates the performance of a 
binary classifier as in our case. It is given by 

( ) ( ) ( ) ( ) ( )( )MCC TP TN FP FN sqrt TP FP TP FN TN FP TN FN= ∗ − ∗ + ∗ + ∗ + ∗ + . 

3.4. Experimental Setup 

The computer and software we used for this study are described in this section. 
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The system (laptop) manufacturer is Lenovo, the system model is 20TD00HASP, 
the system type is x64-based PC and the system name is DESKTOP-IR1UGN4. As 
for the operating system, it is from Microsoft Corporation, the name is Microsoft 
Windows 10 Pro and the version is 10.0.19045 Build 19045. Also, the software we 
used to implement the machine learning algorithms is Anaconda Navigator 2.6.5 
with Jupyter Notebook.  

4. Results and Discussion 

The table below (Table 1) shows the results of applying the ML algorithms onto 
the ZEF dataset using metrics described in the performance metrics section. From 
the table, we can clearly see that our convoluted rule-based algorithm “MyOwn” 
outperforms all the other algorithms with almost 90% accuracy. Our algorithm is 
followed by logistic regression and KNN, which have an accuracy of about 84%. 
Then, we have SVM and neural network with an accuracy of almost 83%. Further-
more, decision trees and Naïve Bayes are the weakest with 67% of accuracy. Finally, 
Random Forest and linear regression have an acceptable performance with almost 
69% accuracy.  
 
Table 1. Results of different machine learning algorithms on the ZEF dataset. 

Algorithms Recall Precision Accuracy F-measure MCC 

Decision-Tree 0.658 0.774 0.667 0.711 0.329 

KNN 0.849 0.886 0.838 0.867 0.66 

Logistic Regression 0.849 0.886 0.838 0.867 0.66 

Naive Baye 0.658 0.774 0.667 0.711 0.329 

Neural Network 0.836 0.884 0.829 0.859 0.644 

Random Forest 0.739 0.9 0.786 0.812 0.585 

Linear Regression 0.739 0.9 0.786 0.812 0.585 

SVM 0.836 0.884 0.829 0.859 0.644 

MyOwn 0.89 0.942 0.897 0.915 0.787 

 
We can clearly see that our convoluted rule-based algorithm (MyOwn) outper-

forms the other algorithms on the ZEF dataset. We think that the higher perfor-
mance of our algorithm is due to the fact that it learns from the shortcomings of 
the other algorithms. Therefore, wherever any of them gets it wrong, our algo-
rithms do not consider its prediction, but rather focus on those that get it right. 
Naïve Bayes performs poorly because it makes a strong assumption about the in-
dependence of the attributes, while here the attributes chosen are correlated. De-
cision tree also does not perform very well because we considered a single test order 
for the attributes, which is not optimal. On the other hand, when multiple trees 
are combined, we get a better result. Therefore, random forest combining multiple 
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trees is more successful than the single decision tree. Logistic regression performs 
better than linear regression because logistic regression provides a probabilistic 
prediction, while linear regression is more rigid in its evaluation. We know that 
soft thresholds perform better than hard ones. As for KNN, its good performance 
is due to the fact that it considers immediate neighbors (K=5) of our target data 
in its prediction in a majority voting scheme. An odd number of neighbors, 5, was 
chosen to ensure a majority in the voting. As for neural network, its good perfor-
mance is due to the choice of the sigmoid activation function for the hidden layer 
units. Finally, SVM, in the same manner, performs well because of the judicious 
choice of the SVC (support vector classification) and C parameters of the SVM 
function. Indeed, we selected the linear for SVC and 1.0 for C after multiple trials 
with other parameters. 

5. Conclusion 

In this work, we applied machine learning algorithms to the problem of predicting 
the ownership of a land in Kumasi (Ghana), whether it belongs to the government 
or private sector. In addition, we developed a rule-based convolution algorithm. 
This problem is a serious problem in West Africa. Results show that our algorithm 
performs better than the algorithms considered. However, accuracy could be sub-
stantially improved if we had a bigger dataset than the limited ZEF dataset used. 
In fact, a larger dataset could improve model robustness and generalizability, which 
will greatly improve accuracy. And this will be the object of our next work. To 
conclude, we would like to encourage researchers to apply the machine learning 
tools to real problems faced by the community as we did for the good of our be-
loved continent. 
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