
Petrographic, mineralogical and structural
characterization of Nkout center iron deposit (south
Cameroon) and geological mapping using k-NN
machine learning algorithm
André William BOROH 

University of Ngaoundere
Amadou DIGUIM KEPMANOU 

University of Garoua
Alpha Baster KENFACK FOKEM 

University of Ngaoundere
Adama AMAYA 

University of Ngaoundere
Sylvain KOUAYEP LAWOU 

University of Bertoua
Ismaïla NGOUNOUNO 

University of Ngaoundere

Research Article

Keywords: Geological mapping, machine learning, nearest neighbor algorithm, Nkout iron deposit

Posted Date: October 27th, 2025

DOI: https://doi.org/10.21203/rs.3.rs-7632063/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: No competing interests reported.

https://doi.org/10.21203/rs.3.rs-7632063/v1
https://doi.org/10.21203/rs.3.rs-7632063/v1
https://doi.org/10.21203/rs.3.rs-7632063/v1
https://creativecommons.org/licenses/by/4.0/


1 

 

Petrographic, mineralogical and structural characterization of Nkout 

center iron deposit (south Cameroon) and geological mapping 

using k-NN machine learning algorithm 

Authors 

André William BOROHa, Amadou DIGUIM KEPMANOUa,e*, Alpha Baster 

KENFACK FOKEMa, Adama AMAYAb, Sylvain KOUAYEP LAWOUc,  Ismaïla 

NGOUNOUNOd 

a Department of Mining Geology, School of Geology and Mining Engineering, University of 

Ngaoundere, P.O. Box: 115, Meiganga, Cameroon 

b Department of Geomatic and Geological Mapping, School of Geology and Mining 

Engineering, University of Ngaoundere, P.O. Box: 115, Meiganga, Cameroon 

c Department of earth science and environment, High teacher training college, University of 

Bertoua, P.O. Box: 652, Bertoua, Cameroon 

d Faculty of Sciences, University of Ngaoundéré, Ngaoundéré, Cameroon 

e Faculty of Sciences, University of Garoua, Garoua, Cameroon 

* Corresponding author, email: kepnamoudiguim@yahoo.fr 

 

Abstract 

In the process of exploring potential resources, estimation methods are crucial 

instruments. The identification of lithological layers in the field of geological mapping 

heavily depends on how well the prediction techniques work. In this work, we use 

artificial intelligence specifically, machine learning and its k nearest neighbour 

algorithm to establish a novel paradigm of geological mapping. A petrographic and 

mineralogical characterization of the non-mineralized deposits was done as the initial 

step in this investigation. The presence of plutonic rocks such amphiboles, amphibole 

and biotite granites, amphibole and biotite gneisses, and amphibolite’s was disclosed 

by these formations.  Gneisses and amphibolite, which are all rich in magnetite, are 

the mineralized formations. Banded iron formations, such as coarse banded BIF 

(CMB), hematite magnetite BIF (HMB), and magnetite hematite BIF (MHB), are 

subsequently formed. It was possible to ascertain the type and traits of the various 

structures in the research region thanks to the structural analysis, which was performed 

for ductile and brittle deformation. The superficial layers produced by the logging of the 

boreholes served as the basis for the geological mapping by k-NN. It was feasible to 
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acquire the hyperparameters, in particular on the number of k=3 with the Euclidian 

metric distance, thanks to model optimization. This model, which was used to create 

the final geological map, demonstrated performance with an average confusion matrix 

performance of 86%, a correlation coefficient R² of 91%, and an AUC for the ROC 

curve of 0.99. 

Keywords: Geological mapping, machine learning, nearest neighbor algorithm, Nkout 

iron deposit 

1- Introduction 

The lithological layers of a region can be identified on geological maps, which makes 

it easier to look for minerals. Since the invention of geological mapping, there have 

been two main approaches used by geomaticians: the direct approach, which involves 

conducting field research, and the indirect approach, which uses remote sensing. 

However, the size of the research region and the dearth of data make it difficult to 

pinpoint precisely where the geological layers indicated on the map are. The use of 

artificial neural networks (ANN) and other machine learning techniques in the field of 

cartography started at the end of the 1990s. In a first study, [1] used ANN to map four 

lithological types from airborne and total magnetic intensity (TMI), Landsat and SPOT 

data. They found out that GRS and Landsat data were the most useful variables to 

discriminate between classes representing lithologic units with the hardest-to-classify 

samples located near lithologic boundaries [1]. In a similar study, [2] used airborne 

geophysical, Landsat TM, SAR and SPOT data to classify four distinct lithologic 

classes (carbonate rocks, metavolcanic gneiss rocks, clastic rocks and granodiorite) 

in high latitude region of North America with help of ANN. Over the past two decades, 

machine learning algorithms have continued to develop, contributing to increasing 

precision in the field of geomatics, particularly through remote sensing [3, 4, 5, 6]    , 

photogrammetry  [7, 8] , geophysical data [9, 10]  , and geochemical data [11, 12]. The 

main motivation for using machine learning (ML) algorithms for data predictions is that 

structured informations (patterns) in high-dimensional data can be identified, exploited, 

and then interpreted. This includes the ability to integrate a large number of disparate 

variables in a meaningful and effective way. ML therefore provides the opportunity to 

formulate interpretations that might not have been obvious using traditional data 

modeling methods [13]. 
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Mining exploration companies collect large amounts of data that are used in the search 

for mineral products or for environmental studies [14]. These data are mostly used for 

estimating mineral resources in the area of investigation, mapping is no longer a 

priority. The objective of this article is to use the method of the nearest neighbors (k-

NN) of data resulting from a drilling campaign in order to make an exact local 

cartography. Its application will be made on the Nkout Center iron deposit located in 

southern Cameroon. This study will be done first of all by the geological, structural and 

mineralogical characterization of the deposit. 

2. Natural setting 

The Nkout sector (Fig. 1) is located in the Dja and Lobo department in southern 

Cameroon. Nkout is located about 7.5 km from Djoum. Access to Nkout Center is via 

the national road N9, the main road which leads to the border between Cameroon and 

Congo Brazzaville. The Nkout area is characterized by mostly ferralitic, lateritic and 

clayey-sandy soils and sometimes hydromorphic in marshy areas. These soils are 

favorable for agriculture and the development of vegetation. Here, climate change is 

felt (heavy rains, soil leaching, prolonged drought) which degrades the soil. Regarding 

geomorphology, southern Cameroon is relatively flat with an average altitude between 

600 and 700 m above sea level [15]. Altitude zones < 600 m are generally located in 

marshy U-shaped valleys which are interconnected in a dense dendritic hydrographic 

network. The terrains are generally asymmetrical with rounded tops and most of them 

are relics of the iron formations [16]. 

The geological location of Nkout belongs bto the Southern domain of the Pan-African 

Fold Belt in Cameroon. The southern domain or Yaounde domain corresponds of the 

Yaounde group [17]. It extends the Congo craton to the Adamawa-Yade domain. This 

domain continues into the Central african Republic, where it is known as the 

Oubanguides [18]. The southern domain has been the subject of several petrographic 

and structural study, including those by [17, 19, 20, 21, 22, 23, 24, 25]. All of these 

studies indicate that this part of the Pan-African Fold Belt consist of basic metamorphic 

rocks; Amphibolite, Amphibole and biotite gneisses, biotite gneisses, garnet-bearing 

gneisses, quartzite and micaschist. The garnet bearing gnesses have been interpreted 

as high-grade metamorphic platform deposits or as sedimentary deposit from margin 

of the Congo craton. The formation of the Yaounde group contain rock corresponding 
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to former evaporitic and/or saline sediments that recrystallized during the Pan=African 

orogeny under granulite facies conditions [22]. 

 

Figure 1: Location of the Nkout area 

   

3. Methodology 

The k-NN method is a statistical prediction technic previously introduced in the 50s [26] 

but neglected for several years only after [27] really developed it mathematically. The 

k-Nearest Neighbors (or k-NN) algorithm is one of the most widely used learning 

algorithms due to its simplicity. It is a lazy, non-parametric learning algorithm. It uses 

data with multiple classes to predict the classification of the new sample point. The k-

NN is nonparametric because it makes no assumptions about the data being studied 

that is the model is distributed from the training data. The principle of the k-NN classifier 

algorithm described in [28] is as follows: the choice of the appropriate distance 

calculation method, the specification of the training data, and the calculation of the 

distances between the d learning and the objective data and the selection of the data 
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closest to the objective data according to the factor k. Several technics can be use to 

calculate the distance between values, but in this article, three main ones will be used: 

 The Minkowski distance [29] is a metric for real-valued vector spaces. It can 

only be computed in a normed vector space, that is, a space where distances can be 

represented as a vector that has a length and lengths cannot be negative. 

𝑑(𝑥, 𝑦) = (∑|𝑥𝑖 − 𝑦𝑖|𝑐𝑛
𝑖=1 )1 𝑐⁄

 

 Manhattan distance [30] is also known as taxi distance or city block distance, it 

is due to the manner in which this distance is calculated. The distance between two 

points is the sum of the absolute differences of their Cartesian coordinates. 

𝑑(𝑥, 𝑦) =∑𝑥𝑖 − 𝑦𝑖 ∨𝑛
𝑖=1  

 Euclidean distance is a measurement of the true straight-line distance between 

two points in Euclidean space. It can be used by defining the value of p equal to 2 in 

the Minkowski distance metric. 

𝑑(𝑥, 𝑦) = √∑(𝑥𝑖|−𝑦𝑖)²𝑛
𝑖=1  

The flowchart in Fig. 2, shows the methodology of data processing. 
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Figure 2 : k-NN mapping methodology 

 

4. Results and discussion 

4.1. Petrographic, mineralogical and structural analysis of the study area 

The work carried out in the field as part of this work made it possible to collect 

petrographic and structural data on the various outcrops encountered. The 

petrographic and structural descriptions covered several outcrops and samples. The 

criteria for selecting the sampling locations were based on the petrographic type, the 

geographical position, and its surface condition (degree of alteration). Sampling was 

done on the freshest possible rock outcrops in order to obtain sound samples. When 

this was not possible rock core samples were sampled. Indeed, the outcrops 

encountered were previously refreshed and several representative samples of average 

diameter (Φ=10cm) were sampled from each outcrop. The rock samples collected 

made it possible to make an in-situ macroscopic description. This description focused 

on a visual identification of the characteristics of the rock, namely: its mode of outcrop, 

its petrographic type, its color, its structure, its degree of alteration (thickness of the 

alteration patina), its mineralogical composition (identification of minerals visible to the 

naked eye). The structural study in the field consisted in identifying, describing and 

measuring the attitudes of the different geological structures encountered. 
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4.2. Petrography and Mineralogy 

Despite limited exposure of outcrops in the studied area, different types of rocks such 

as granites, gneisses, amphibolite and cuirasses, associated with BIF and iron 

mineralization were discovered. The following descriptions are primarily based on 

observation and description of rock samples and drilled cores. 

Plutonic rocks in the area consist of amphibole-biotite granite and biotite granite. The 

amphibole and biotite granite outcrops in the study area in the form of a slab (Fig. 3-

a). A sample taken from this rock (Fig. 3-b) shows a greyish and brown color in some 

places, a low thickness (0.5 mm) of the dark brown weathering patina, a massive 

structure. The naked eye mineralogy shows minerals such as quartz, orthoclase, 

amphibole and biotite. 

Two thin sections (AFF03, AFF13) were made in this granite. Microscopic observation 

shows that the amphibole and biotite granite have a grainy texture (Fig. 3-c). It consists 

of amphibole, biotite, quartz, plagioclase, orthoclase, microcline, chlorite and opaque 

minerals. 

Amphibole is a green hornblende in sub-automorphic to xenomorphic crystals of 

variable size (1 to 6 mm). It constitutes about 5% of the volume of the rock. Some 

amphibole crystals contain inclusions of quartz, feldspars and opaque minerals (Fig. 

3-c). Biotite (about 10%) forms dark brown to light brown flakes 2 mm long and 0.3 mm 

wide on average and is commonly associated with amphibole and opaque minerals. 

The biotite is transformed into chlorite in some places (Fig. 3-d). 

Quartz represents 35% of the volume of the rock. It forms sub-automorphic to 

xenomorphic crystals of variable size (0.2 to 1.5 mm). It forms polycrystalline beaches 

with rolling extinction. Quartz is associated with feldspars (plagioclase, orthoclase and 

microcline). Plagioclase forms crystals of 3 mm long on an average. It constitutes 20% 

of the volume of the rock. It is automorphic to sub-automorphic and it is recognized by 

the polysynthetic twins which end in a bevel in the mineral (Fig. 3-c). Alkaline feldspars 

are formed from orthoclase and microcline. Orthoclase (about 10%) forms elongated 

crystals 4 mm long and 2 mm wide on an average. Orthoclase is sometimes perthitic 

and contains inclusions of quartz and opaque minerals. Orthoclase is associated with 

microcline. The microcline (about 10%) forms crystals of the same size as the 
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orthoclase. It is easily recognized by the polysynthetic twin of the pericline which gives 

it a shimmering grid. 

Accessory minerals (about 5%) consist of apatite and opaque minerals. 

 

      

Figure 3: a- Outcrop of amphibole and biotite granite; b- sample; c- Grainy rock texture 
(LPA); d- Transformation of biotite into Chlorite (LPA). 

 

The amphibole and biotite gneiss does not outcrop in the area; therefore, the 

macroscopic observation was made a rock core sample (Fig. 4-a). This sample has a 

white color, an absence of weathering patina, a massive structure. The strong white 

color of the sample is justified by the presence of large quantities of leucocratic 

minerals (quartz and feldspar). In addition to these minerals, we also note the presence 

of biotite macroscopically observable with the naked eye. 

Two thin sections were made in the biotite granite: sections AFF01, AFF11. At the thin 

section scale, the biotite granite has a grainy texture (Fig. 4-b). It is made up of minerals 

2 cm 0 15 cm 0 

(a) (b) 

2 cm 0 15 cm 0 
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of biotite, quartz, plagioclase, orthoclase, microcline, chlorite and opaque minerals. 

Biotite (about 20%) appears in light brown flakes (Fig. 4-c) of variable size from 0.8 to 

1.5 mm long. It has cleavages thickened by the concentration of opaque minerals and 

often contains quartz inclusions. Quartz represents 35% of the volume of the rock. It 

forms sub-automorphic to xenomorphic crystals of variable size (0.2 to 3 mm). It forms 

polycrystalline beaches with rolling extinction. Quartz is associated with feldspars 

(plagioclase, orthoclase and microcline). Plagioclase (20%) forms crystals 1 mm long 

on an average. Plagioclase crystals are sub-automorphic. It is associated with the other 

feldspars in the rock. Alkali feldspar consists of orthoclase and microcline. Orthoclase 

(15%) forms crystals of almost the same size as plagioclase crystals. It is sub-

automorphic and is associated with opaque minerals. The microcline (8%) is 

recognized by its double intersecting twins which gives it a tissue appearance (Fig. 4-

d). Chlorite (5%) forms at the expense of biotite and is also associated with plagioclase 

and opaque minerals in the rock. Opaque minerals (2%) are the only accessory 

minerals in the rock. Opaque minerals are found in inclusion in certain crystals of 

plagioclase and also associated with this mineral in the rock. 

 

   

Figure 4: a- sample of a biotite granite core; b- grainy texture (LPA); c- Biotite flakes 
(LPNA); d- Cluster of microcline crystals (LPA). 

a 

1 cm 0 

a 
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Metamorphic rocks are the most abundant in our study area. They outcrop in places in 

blocks and slabs. These metamorphic rocks consist of biotite gneiss, amphibole and 

biotite gneiss, banded amphibolite and non-banded amphibolite. 

The amphibole and biotite gneiss does not outcrop in the area due to the importance 

of the soil cover. So, the macroscopic observation of this rock was made on a core 

sample (Fig. 5-a). It presents a predominantly dark color with some mineral plans of 

white color. No weathering patina is observed. It has a foliated structure with alternating 

light and dark bed. The mineralogy to the eye presences of minerals such as quartz, 

amphibole and biotite. The AFF07 section was made from this gneiss. Under the 

microscope, the rock has a grano-nematoblastic texture (Fig. 5-b) and is made up of 

amphibole, biotite, plagioclase, orthoclase, quartz, chlorite and opaque minerals. 

Amphibole (20%) is a green hornblende of variable size from 0.2 to 1.5 mm long. It is 

associated with biotite which underlines the schistosity of the rock (Fig. 5-b and 5-c). 

Biotite (10%) forms dark brown sheets associated with amphibole. It is transformed in 

places into chlorite with concentration of opaque minerals in the cleavages. 

Plagioclase and orthoclase (30%) form the two feldspars of the rock (Fig. 5-d). 

Plagioclase crystals have an average size of about 1.5 mm long. It contains sub-

microscopic inclusions which give a cloudy appearance to the rock. Orthoclase of 

identical size to plagioclase is associated with the latter and with quartz in the rock. 

The quartz (about 30%) forms polycrystalline beaches with rolling extinction and 1.5 

mm long ribbons parallel to the schistosity of the rock (Fig. 5-d). It is associated with 

plagioclase in quartzofeldspathic beds. Opaque minerals and   chlorite (about 10%) 

form the accessory minerals of the rock. 
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Figure 5: a- Sample of an amphibole and biotite gneiss core; b- Grano-nematoblastic 
textute (LPA); c- Grano-nematoblastic textute (LPNA); d- Alkaline Quartz Feldspar 
(LPA). 

 

Biotite gneiss outcrops in the form of large blocks on the sides of a hill (Fig. 6-a) in the 

center of the study area. The outcrops of this rock show several fracture planes, signs 

of a brittle deformation phase. A sample of this rock (Fig. 6-b) shows a white to greyish 

coloration, a thin brown weathering patina, a more or less foliated structure marked by 

alternating light and dark beds. Macroscopically the mineralogy of the rock is made up 

of quartz, feldspar, and biotite. 

1.2 cm 0 

a 
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      Figure 6: sample of biotite gneiss (a-Outcrop; b-sample) 

 

Banded amphibolite did not outcrop in the study area, hence the macroscopic 

description from a rock core. It has a greyish to blackish color. The banding is 

underlined by beds of quartzofeldspathic material in the rock. Consequently, the rock 

to rock has a foliated structure (Fig. 7-a). The naked eye mineralogy shows minerals 

such as: amphibole, quartz and feldspars. 

The thin sections (AFF02, AFF08, and AFF12) were made in this rock. Under the 

microscope, the rock has a granonematoblastic to nematoblastic texture (Fig. 7-b). The 

rock is composed of amphibole, biotite, plagioclase, quartz, chlorite and opaque 

minerals. 

Amphibole (50%) is a green hornblende (Fig. 7-c) of variable size which reaches 2 mm 

in length in some places. It is often corroded by quartz. The amphibole contains 

inclusions of zircon and opaque minerals. Biotite (10%) forms very fine light to dark 

brown sheets associated with amphibole. It turns into chlorite in some places. 

Plagioclase constitutes 25% of the volume of the rock. Plagioclase is xenomorphic and 

forms crystals of variable size from 0.5 to 2 mm long. Plagioclase crystals are often 

affected by fracturing. Plagioclase contains submicroscopic inclusions and opaque 

minerals. Quartz (15%) forms crystals associated with plagioclase. In places, it 

appears in polycrystalline ribbons which are parallel to the schistosity of the rock (Fig. 

2 cm 0 50 cm 0 
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7-c). Accessory minerals (10%) consist of opaque minerals. These opaque minerals 

are often found as inclusions in amphibole. 

  

             

Figure 7: a- Sample of a banded amphibolite gneiss core; b- Grano-nematoblastic 
texture (LPA); c- Green Amphibole (Green Hornblende: Hbv) (LPA). 

 

Non-banded amphibolite outcrops in the form of a slab near a stream (Fig. 8-a). These 

outcrops are more or less altered with water circulation. Nevertheless, a fresh sample 

could be sampled (Fig. 8-b). This sample has a dark coloration with a white color 

intrusion, a brown color weathering patina, a massive structure. The naked eye 

mineralogy of this rock shows a high concentration of amphibole. 

Two thin sections (AFF04 and AFF09) were made in this rock. Under the microscope, 

the rock has a granoblastic texture with a nematogranoblastic tendency (Fig. 8-c). It 

consists of amphibole, biotite, plagioclase, zircon and opaque minerals. Amphibole 

(70%) is the most abundant mineral in the rock. It is a green hornblende (sub-

automorphic to xenomorphic) (Fig. 8-d) of variable size from 1 to 4 mm long and 0.5 to 

1.5 cm 0 

a 
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4 mm wide. Amphibole transforms into epidote at the edges of the mineral. The 

amphibole contains inclusions of quartz, zircon and opaque minerals (Fig. 8-d). Biotite 

(5%) forms dark brown sheets (Fig. 8-d) with a dimension of about 1 mm long on 

average. It is associated with amphibole in the rock. Plagioclase (15%) forms 

elongated crystals averaging 2 mm in length. It contains sub-microscopic inclusions of 

opaque minerals. The quartz (10%) forms range of variable size from 0.5 to 3 mm. It 

is sub-automorphic to xenomorphic and shows a rolling extinction. Quartz is associated 

with plagioclase and forms the quartzofeldspathic bed of the rock (Fig. 8-e). Accessory 

minerals (5%) consist of zircon and opaque minerals. Zircon is found as an inclusion 

in amphibole. 

The magnetite-rich gneisses represent a melanocratic gneiss facies enriched in 

magnetite. Their black color is characteristic of the presence of iron oxides in the rock. 

They have a foliated structure. These gneisses show an alternation of light bands of 

quartz and dark bands with a predominance of iron oxides such as magnetite. The 

presence of magnetite in these rocks was tested using a magnet (Fig. 9). 

             

                  

 Figure 8: a- Outcrop of unbanded amphibolite; b- Rock sample; c- Granoblastic 
texture (LPA); d-Amphibole crystal with inclusion of quartz (LPNA); e- Quartzo-
felspathic association (LPA). 

(a) 
(b) 

25 cm 0 4 cm 0 



15 

 

 

Figure 9: samples of magnetite gneiss. 

These rocks generally have a very dark appearance and a black color, indicating the 

presence of iron oxides. They have a massive structure. These rocks are very rich in 

iron oxide and amphibole, and very little biotite. The dominant mineral here is 

magnetite, and sometimes hematite when weathered; because the alteration of 

magnetite by oxidation at the level of the fractures produces hematite. Magnetite 

amphibolites has a metallic appearance that refers to the more or less high content of 

iron (magnetite) they contain (Fig. 10). On cores, these amphibolites show sharp 

contacts with BIFs and gneisses. 

 

Figure 10: sample of amphibolite with magnetite 

 

These are formations enriched in magnetite, characterized by alternating light bands 

of quartz and dark bands of ferric oxides. Sedimentation seems to be the main mode 

of emplacement of BIFs in the study area, although subsequently affected by tectonic 

phenomena. These rocks outcrop on almost all the hills of the massif in the study area. 

On trenches, BIFs can reach up to 12 m in height (Fig. 11a). However, weathering 

favors the emplacement of magnetite-rich rocky saprolites, as well as the 

transformation of magnetite into hematite.  

magnet 0 5 cm 

3 cm 0 
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On the surface, the rocks of the study area have undergone several phases of 

deformation, namely: ductile deformation and brittle deformation. Most of the 

deformations encountered in the area consist of foliations (Fig. 9, 11 and 12-a) and 

schistosities (Fig. 12-b). 

 

Figure 11: banded iron formations: weathering a-BIF observed on a trench; b, c-BIF 
with banded structure 
 

 

      

Figure 12: foliation planes of schistosity (a- foliation planes in BIF; b- schistosity planes 
in banded amphibolites) 

 
1 cm 0 

8 cm 0 35 cm 0 

b a 

c 

0 3 cm 0 6 cm 
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Foliations, marked by alternating light and dark beds, have been observed in gneisses, 

banded amphibolites and banded iron formations. In the BIF, they are more 

accentuated, characterized by alternating dark bands of magnetite and light bands of 

quartz. In the gneiss, they are millimetric, characterized by a stacking of very tight thin 

planes with thicknesses between 0.3 and 1.5 mm (Fig. 9). The measurement of the 

attitudes of the foliation planes in the different formations encountered made it possible 

to obtain a major direction N150E (Fig. 13-a) with dip values between 10° and 64°. The 

density of concentration of the poles of the foliation planes (Fig. 13-b) makes it possible 

to highlight 2 main families of foliations with orientations between N45E and N60E for 

the first family, and N150E and N165E for the second family. These two families 

correspond to the strong concentration of the poles of the planes (Fig. 13-b). 

     

Figure 13: rosette and stereogram of the foliation planes (a-race of direction; b-
stereogram showing the concentration density of the poles of the planes) 

 

Marked by a stack of several planes of the rock thus giving it a stack of several sheets 

capable of individualizing and debiting from each other as shown in Figure 12-b. The 

measurement of the attitudes of the foliation planes in the different formations 

encountered made it possible to obtain a major direction N150E (Fig. 14-a) with dip 

values between 5° and 35°. The concentration density of the poles of the schistosity 

planes (Fig. 14-b) makes it possible to highlight a single family of schistosity with 

orientations between N105E and N150E. 

a b 
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Figure 14: rosette and stereogram of the schistosity planes (a-directional rosette; b-
stereogram showing the concentration density of the poles of the planes). 

The brittle deformation in the study area is essentially marked by the presence of 

fractures. These are materialized by the dry diaclase or joints observed in practically 

all the formations (gneiss, amphibolite and BIF). These structures induce a 

fragmentation of the rocks into blocks of variable geometric shapes (cubic, square, 

lozenge-shaped) and of centimetric dimensions (Fig. 15). They are posterior to the put 

on place of ductile deformations. The measurement of the directions of 94 fracture 

planes made it possible to establish the direction rosette of the study area as shown in 

Fig. 16. Thus, from this rosette, it can be concluded that the fracture planes are mainly 

oriented following the direction N110E. 

 

Figure 15: Joints on an amphibolite outcrop 

b 

0 
50 cm 

a 
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Figure 16: Fracture plane direction rosette 

 

4.3. Geological mapping by K-NN (Data preparation) 

The principle of data extraction consists in selecting the first layers of each borehole 

by excluding the lateritic domain of the zone defined by [31] . This method will therefore 

make it possible to have the real lithological cover of the zone at a reduced spacing, 

that is to say corresponding to the mesh used for the drillings, ie 50m x 50m. As 

indicated in the histogram of Fig. 17, the majority element is BIF with an estimated 

percentage of 72% and it is divided into three main types: Coarse banded BIF (CMB 

8%), Haematite Magnetie BIF (HMB 48%) and Magnetite Haematite BIF (MHB 8%). 

The other elements are the majority, these are metasediments (MS 21%) and gneiss 

(Gn and Gnbq 12%) or minority, it is the case of amphibolites (Amp 2%), quartz veins 

(QB 1%) and shales (Sc 1%). 

The distribution of lithologies over the 195 holes is shown in Fig. 18. The grid designed 

for the prediction of lithological types at unknown points has the characteristics of 100m 

long and 100m wide for a total of 31 rows and 20 columns equivalent to 620 estimation 

points. 

An ordinal numerical encoding was carried out for each lithological category in 

alphabetical order from 0 to 8, ie 0 for amphibolite and 8 for schist. The type of machine 

learning chosen is classification to the detriment of regression in order to avoid poor 

interpolation between neighboring values of distant codes. 
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Figure 17: All lithologic data used 

 

Figure 18: Spatial distribution of lithological types 

 

4.4. Model development and validation 

The first step in creating a machine learning model is choosing the parameter k. This 

choice is decisive especially in the case of classification because the performance of 

the classifier depends on the optimal choice of the number of neighbors k which is 

different from one data sample to another [32]. Moreover, when the value of k is very 

small (for example k=1), the result provides a low percentage of validation out of the 

data used for the modeling this due to the fact that the model takes into account only 

very little information when of learning therefore not requiring data structuring [33]. 
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To develop the prediction model, we used the Classification Learner Toolbox module 

of Matlab [34]. The determination of the parameter k was done by optimization: 30 

random values of neighbors were tested in order to find the optimal value (Fig. 19). 

According to Figure 19 the value of k is optimal for the values 3, 5, 6 as well as in the 

interval [8-15] but the choice was put on the value k=3. This choice is justified by the 

low number of certain amphibolite, schist and quartz vein lithological types, the choice 

cannot however be made at k=1 to satisfy the last two types given the reason given in 

the previous paragraph. 

 

Figure 19: Finding the optimal k-NN model 

 

After this step, the basic model was applied to the training data set using the three 

types of metric distances: Minkowski, Manhattan and Euclid. Three validation methods 

were applied to certify the reliability of the three models designed. First, we calculated 

the score of each model in order to determine the correlation coefficient between the 

true values and the predicted values. The Manhattan distance provides a performance 

r²= 86% while the Euclidean distance gives r²=91% and the Minkowski distance 

r²=89%. 

Then, a test using confusion matrices [35, 36] was performed for each metric distance 

measurement: 
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For Manhattan, three major classes of validation are to be raised. In the first, we note 

an elimination of the minority elements (Amp, Gnbq, QB and Sc) resulting in an 

absence of values on the diagonal between the true values and the predicted values. 

The intermediate class consisting of gneiss and coarsed BIF present an average 

validation of 67% and 52% respectively, the Gn being poorly estimated by the HMB 

and the CMB while the coarsed BIF is being replaced by mainly by the gneiss at 33 % 

and by amphibolites. The best predicted layers are progressively the 92% hematite 

BIF, the 93% metesediments and the 100% magnetite BIF. 

For the Euclid distance, the validation of the Gnbq is null with a complete error. The 

CMB is average at 60% but largely substituted in the prediction by gneiss and 

amphibolites. Interaction which is confirmed with gneiss validated at 82%, the rest 

being predicted in favor of CMB. As with the previous case, the minority elements 

(Amp, Gnbq, QB and Sc) are absent and substituted while the MHB, HMB and MS 

provide good scores with a perfect score for the MHB. 

The Markowski metric distance also eliminates the prediction of minority lithologies. 

The hematite BIFs are well estimated at 100%, we also note the poor Gbq score as in 

the Euclidean metric as well as the interactions in the prediction between the CMB and 

the Gn. 

Another validation was done using the ROC curve and its AUC zone. This is a graph 

that represents a par model by tracking the curve of its sensitivity versus the 

complement to 1 of its specificity [37, 38]. On this curve, the best threshold, ie that of 

the optimal model, is the one that maximizes both specificity and sensitivity. For the 

three metrics: 

• The Manhattan ROC curve has zero sensitivity with a specificity of 75%, which 

gives it an AUC of 99%. This makes it the least reliable of the three models. 

• Then, the Euclidean ROC curve has a classifier closer to the angle with zero 

sensitivity and specificity at 0.94 as well as an AUC of 99% making it the best 

model. 

• The model linked to the Minkowski distance has the second-best model given 

its ROC curve which presents the sensitivity-specificity pair equivalent to that of 

the Euclidean distance but rather with a lower AUC at 98%. 
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Table 1: Model performance comparison 

   ROC CURVE 

 R² Confusion 

mean 

performance 

TPR FPR AUC 

Manhattan 0.86 80.80% 0.75 0 0.99 

Euclidean 0.91 86.20% 0.94 0 0.99 

Minkowski 0.89 85.40% 0.94 0 0.98 

 

Table 1 provides a summary of the cross-validation operations performed on the three 

different models. The average performance of the confusion matrix is obtained by 

arithmetic mean of the performance of the five estimated lithological layers (CMB, Gn, 

HMB, MHB and MS) while the false positive rate (FPR) corresponds to the score of the 

sensitivity and the true positive rate (TPR) to that of the specificity. 

In this table, Euclidian metric offers the best performance for the three cross-validation 

techniques. The Manhattan distance shows the second-best model and differs from 

the Manhattan metric on all validation tools used. It is therefore in our interest for the 

rest of this work to opt for the Euclidean distance prediction model for the mapping of 

the lithology in the Nkout Center iron deposit. 
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Figure 20: Validation by confusion matrices 
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Figure 21: Validation by ROC curves 

 

4.5. Geological mapping using 3-NN 

The optimal model chosen being that of 3-NN by use of the metric distance of Euclid, 

the next step is that of the estimation of the points of the grid in order to have the 

corresponding lithology. The use of the prediction function provided the estimates 

distributed in Fig. 22. The triangle points represent the training data while the round 

ones are the estimated elements of the grid. 

The first observation concerns the absence of certain minority elements on the 

estimated grid, these are Gnbq, QB and Sc. As for the amphibolites, they are found 

scattered predicted to the south of the mapped zone. Hematite BIFs are the most 

abundant elements with a percentage of 51.29 % and are mainly found in the center 

of the map, followed by Gneiss Gn, with a rate of 18.23 %. They are abundant in the 

southeast of the study area. The metasediments have a rate of 12 % and are located 

further north. Digitizing the grid gives the local geological map of the Nkout Center area 

(Fig. 23). 
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Figure 22: Estimated grid according to lithology (in triangle the base samples, in circles 

the predicted samples) 

 

Like the lithology estimation grid, the geological map shows a large distribution of 

hematite BIF occupying 2.848 km² over the total area of the study area. Gneisses and 

metasediments are extended over an area of 1,581 Km2 and 1,324 km² respectively. 

This map, which determined the probability of the locations of the different lithological 

types used as input data to produce it, is validated in the field. It thus shows consistency 

with field data. 

The visual validation of this map involves comparing it with a geological map previously 

drawn up in the study area. To do this, we compare the geological map drawn up by 

[39] with the map drawn up using the k-nearest neighbor method. This validation leads 

us to make the following observations: 

- the geological map by [39] shows six lithological formations, including two 

pyroxene gneiss facies, the first to the north-east and the second to the south-

east, and a broad cover of biotite gneiss to the north and south-west; the Nkout 

Mountains are mainly composed of magnetized garnet micaschist, BIF and a 

hematite cap at the end; 
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-  unlike the map in Fig. 23-a, the geological map of Nkout-Centre produced in 

this study highlights 06 formations (amphibolite, metasediments, gneiss, 

magnetite BIF, hematite BIF, coarse-grained BIF);  

- the geological map drawn up by k-NN has a larger scale and shows much more 

detail in terms of the distribution of formations and the differentiation of 

mineralized formations (magnetite-rich BIF, hematite-rich BIF, coarse-grained 

BIF); 

- according to the map by [39], the spatial distribution of the BIFs is limited to the 

layout of the hills, contrary to the data from the borehole logs used to produce 

the geological map for this study. This map (Fig. 23-b) shows a wider spatial 

distribution of mineralized formations that does not follow the layout of the hills; 

- although their distribution is small, k-NN mapping adds two lithological 

formations at Nkout center, namely amphibolite and metasediments. Their 

appearance is rather interesting because they were detected by the boreholes; 

it is assumed that they did not outcrop at the surface. 

 

Figure 23: Geological map produced by k-NN 
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Conclusion 

The Nkout iron deposit is located in granite, gneiss, and amphibolite-rich terrains of 

plutonic and metamorphic origin. Granular structures are typical of granites, but 

heterogranular granoblastic structures are found in metamorphic rocks. Compressive 

deformation (foliation and schistosity), as well as brittle deformation (fractures), had an 

impact on the research area. A compositional bedding, with the major attitude N150E, 

defines the foliation. Banded amphibolites were primarily impacted by schistosity. The 

fractures have a major N110E direction, and are posterior to the foliation and the 

schistosity. This study demonstrated the effectiveness of the k-Nearest Neighbours (k-

NN) algorithm for modelling the nonlinear spatial correlations between geological data 

that already exist. With insufficient lithological data and high spatial dimensionality, this 

is for cartographic reasons. The evaluation of the machine learning findings shows that 

they perfectly align with field data. The cartography created allowed for the a priori 

targeting of regions that were conducive to the discovery of the iron deposit in the 

Nkout area. Therefore, our work can be seen as a tool that can drastically cut down on 

the risks, expenses, and delays related to exploration. 
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