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Abstract 
Sand mining contributes immensely to economic development. However, this activity 
when carried out in a river environment can affect the land use and land cover of the area. 
The study objectives include mapping, quantifying and assessing the landuse/land cover 
(LULC) changes of Ava River from 2007 to 2019 and projection from 2020 to 2025 and 
2031. The paper discusses pre-existing LULC maps from the past (2007, 2013 and 2019), 
present (2020-2025) and near future (2026-3031). The study used Geographical 
Information System (GIS) and remote sensing data to estimate the changes in LULC of the 
study area in the various periods. The images were classified using a supervised classifier 
yielding three LULC maps of the Ava River environment. The classification grouped the 
area into six main LULC types. The result showed no change detection in the built-up area 
from 2007 to 2013 but increased by 26.15% in 2019. The mining area increased by 8.19% 
from 2007 to 2019.Riverbank also increased by 12.81% from 2007 to 2019.The correlation 
analysis used showed a positive relationship between the built-up area and sand mining 
as well as the river bank morphology. In 2019, sand mining activities in the Ava River site 
covered an area of approximately 389325.60 m2 and it was predicted that in 2025 and 
2031, the affected  
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area would increase to 485397.12m2 and 611753.52m2 respectively. The study reveals that 
sand mining activities in the Ava River environment are causing the river bank to widen. 
This may have an adverse effect on the erected buildings very close to the riverbank in the 
near future if not controlled. The study showed significant change detection across the 
periods. These detected changes would serve as a scientific basis upon which decision-
makers can design policy guidelines on sand mining, river environment protection, 
conservation and management in developing countries. 
 
Keywords:  Sand mining, land use, land cover, Ava River, Remote sensing, Arc GIS 
 

 

Introduction 
Sand is one of the natural resources 
commonly found on earth. It is essential 
for economic development globally. An 
increase in urbanization and the 
construction of large-scale infrastructure 
projects are driving factors for high 
demands for resources (Koehnken et al., 
2020). Globally, an estimate of between 
32 and 50 billion tonnes of sand is mined 
every year with an increase in demand, 
especially in developing countries 
(Schandl et al., 2016). 
 
Sand mining is the mechanical 
excavation of sand from the bottom of 
lagoons, rivers, creeks and oceans. This 
activity has been a means of livelihood 
for some communities and individuals. 
However, some studies have shown that 
its negative impacts outweigh the 
positive impacts. According to Kondolf 
(1994), the creation of access roads and 

space for stockpiling to support sand 
mining activity has disintegrated riparian 
forest in the lower Eygues River, France. 
Sand is greatly exploited to meet ever-
increasing basic human societal needs 
due to rapid growth in population and 
industrialization (Singh et al., 2018).   
 
In-stream sand mining has caused 
negative changes in river channel 
morphology, destabilizedriparian zones as 
well as lowered flood plain (Hill and 
Kleynhans, 1999).  Large-scale mining of 
sand from the river system is one of the 
most serious stresses in the river 
environment (Rovira et al., 2005) and also 
affects biodiversity. Saviour (2012) 
highlighted the effect of sand mining 
activity on forest cover and soil profile in 
Indian regions. Floodplain sand mining of 
Paraiba do Sul River in Sao Paulo State, 
Brazil increased in number and area of 
lakes between 1985 and 2016 from 54 to 
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316 and 615 ha to 3,876 ha with a 
substantial reduction in the area 
available for rice farming (Ronquim et al., 
2016). 
 
Sand mining around the coastal 
environment in many parts of the world, 
especially in Africa and Asia, led to 
changes in LULC (Singh et al., 2018), 
which is mainly due to 
anthropogenicactivities. Ringrose et al. 
(1997) also stated that LULC changes in 
Africa is currently increasing and causing 
widespread environmental issues and 
thus needs to be mapped. The need to 
create stockpile space for sand and 
haulage access for trucks has led to the 
clearing of forest cover(s).Forest clearing 
not only affects the atmosphere by 
destroying the environment for carbon 
sink but also enhances soil erosion, as 
well as causes species decline (Olofsson 
et al., 2013) and extinction in some cases. 
Lawal (2011) emphasized that sand 
mining is increasingly becoming an 
ecological issue due to the increase in 
demand for sand in industry and 
construction sectors in several states in 
Nigeria.  
 
Over the years, the water environment 
which is a part of the river system has 
suffered degradation due to human 

activities. To understand the relationship 
between the progression of the river 
systems and human activities 
(particularly land-use change), it is 
necessary to examine the past, present, 
and future forms of the water 
environment (Saviour, 2012). The data 
acquired will assist in the proper 
management of the river environment for 
sustainability. 
 
The landuse/land cover (LULC) changes 
are the outcome of intricate human-
environment interaction (Kleeman et al., 
2017). The mapping and analysis of LULC 
would provide important information 
necessary for sustainable river zone 
management (Kaliraj et al., 2017), which 
is also necessary for both scientific and 
policy actions on coastal vulnerability 
assessment (Baby, 2015; Ayad, 2004). 
LULC change as a result of human 
development is constantly reshaping the 
natural environment (Hansen et al., 2013; 
Etter et al., 2006; Ramankutty et al., 
2006; Olson et al., 2001). According to 
Fagua and Ramsey (2019), consistent and 
accurate information about the LULC 
dynamic is critical for the management 
and protection of the natural 
environment. There has been a rise in 
awareness of ongoing and emerging 
environmental issues due to LULC 
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changes and the need to strive for the 
sustainable management of natural 
environment, spurringresearch 
community, international and regional 
organizations to assess and monitor such 
changes on a regular basis (Achard et al., 
2001; DeFries et al., 2002; Cihlar, 2000) . 
These monitoring and assessment can be 
possible using remote sensing 
technologies.  
 
GIS and remote sensing technologies 
provide exact and timely space data of 
LULC conditions and analyse the changes 
in a study environment (Pervez et al., 
2016; Srivastava et al., 2013; Reis, 2008). 
Change detection can be captured using 
the GIS tool which provides an adjustable 
environment for collecting, storing, 
displaying and analyzing digital data 
(Khan et al., 2016; Zeleke and Hurni, 
2001),while remote sensing is a relatively 
recent application which detects and 
monitors land use at varying scales (Rai 
et al., 2016; Mishra et al., 2016). Remote 
sensing can efficiently record land-use 
situations and provide an excellent 
source of data from which updated LULC 
information and changes can be 
extracted, analysed and stimulated 
efficiently through certain means (Singh 
et al., 2017). Impacts of LULC changes 
can be quantified using reliable and up-

to-date spatio-temporal information 
(Nooni et al., 2014). According to 
Latifovic et al.(2004), remote sensing is 
increasingly becoming an important tool 
for studying different aspects of the 
ecosystem for effective environmental 
monitoring and analysis. This study also 
noted the poor usage of remote sensing 
applications in analyzing environmental 
issues emanating from sand mining and 
recommends its usefulness. Many studies 
have investigated LULC classes such as 
forests (Olofsson et al., 2011;DeFries et 
al., 2002), deserts (Eklundh and Olsson, 
2003), and built-up areas (He et al., 
2010; Lizarazo, 2010; Schneider and 
Woodcock, 2008), shrublands (McManus 
et al., 2012), waterbodies (Smith et al., 
2005) and farmlands (Fuller et al., 2012; 
Liu et al., 2005). Interest in LULC remains 
and may be expanded further as a result 
of major policy-related issues (Olofsson 
et al., 2013) 
 
Various studies such as environmental 
impact assessment (Adedeji et al., 2014), 
the volume of sand mined and land 
degradation (Oladipo et al., 2015; 
Atejioye and Odeyemi 2018),seasonal 
variations of physico-chemical 
parameters (Obot et al., 2019),mining 
accidents and health hazards, weak 
government framework and heavy metal 
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contamination (Afolayan et al., 2021), 
levels of contestation of the resource 
space, role of government in 
environmental protection and 
management and the level of awareness 
local people have on the environmental 
impact of sand mining (Nnatuanya, 
2021), effective monitoring and post-
management of sand mining site 
(Abraham et al., 2021)have been carried 
out on sand mining activity in different 
parts of the country.Nevertheless, little 
attention has been paid to its effect on 
LULC dynamics using GIS and remote 
sensing. This study, therefore, focuses on 
the Ava River environment, which is 
currently experiencing rapid urbanization 
and other human activities. Therefore, 
understanding the past, present, and 
future forms of the water environment 
would be of utmost need and in 
particular aid decision-makers in 
designing guidelines on sand mining in a 
river environment. 
 
Study Area  

The study area (Ava River) is located in 
Enugu East Local Government Area in 
Enugu State (Fig. 1), Southeast Nigeria.  
Ava River is geographically situated 
between 7027'15" to 7029'30" in 
longitude Easting and 6030'00" to 
6030'30" in latitude Northing. The area 
experiences two seasons (wet and dry). 
The mean annual rainfall  is between 
2000mm to 2500mm (Ofomata, 1973). 
The natural vegetation is tropical 
rainforest. The economy of the region 
depends on agriculture, sand mining, 
trading and other artisan jobs. Flood plain 
and in-stream sand mining is an all-year-
round activity in the region by artisans. 
This region has experienced rapid built-
up, forest destruction and farmland 
decline in not less than half a decade due 
to population rise and urbanization. 
Artisan workers switch to sand mining in 
the region due to its advantage of quick 
money. This is the reason for selecting 
this area - it reflects what happens in 
most river environments in developing 
countries.
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Fig. 1. Map of Study area 
  Source: Google map, 2020 
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Materials and Methods 
Data collection 
The major data input for this study was 
remotely sensed satellite images acquired 
from the European Space Imaging 
website. The images covered the study 
area for three periods: 2007, 2013 and 
2019. The three images used for the study 
are the high-resolution Quickbird satellite 
imagery of 2007 and 2013 with 0.6m 
resolution in multi-spectral bands and 
GeoEye of 2019 with 0.5m resolution. The 
QuickBird was a high-resolution 
commercial earth observation 
satellite launched in 2001 and 

ceased operation in 2015,  The 
GeoEye is the world’s highest-resolution 
commercial colour imaging satellite 
which was launched in 2008. 
A hand-held Global Positioning System 
(GPS)known as Garmin Montana 680 
model was used to pick the coordinates 
of the area. Geographical Information 
System (GIS) and remote sensing datasets 
were used to analyse LULC changes. 
Supervised ArcGIS 10.1 was used for 
image classification.  QuickBird and 
GeoEye were used to capture the images 
of the study area. See details in Table 1 

 
Thematic  

Data 

Satellite 

Sensor 

Date of 

Acquisition 

N0 of    

Bands 

Spectral 

Resolution 

Spatial 

Resolution 

Radiometric 

Resolution 

LULC 

2007 

Quickbird 27.12.2007 4 0.41-1.65m 

 

0.6m 11 bits 

LULC 

2013 

Quickbird 6.12.2013 4 0.41-1.65m 

 

0.6m 11 bits 

LULC 

2019 

GeoEye 16.12.2019 4 0.55-2.16m 

 

0.5m 11 bits 

Table 1: Details of multi-temporal satellite data 
 

A supervised classification was employed 
based on the knowledge of the study area 
and the reconnaissance survey. Following 
this, a classification scheme was 
developed. The scheme gave a broad 

classification of the LULC in the area. 
They include built-up area, farmland, 
forest cover, bare land and river, while 
the sand mining class was digitized. The 
classification of the image in ArcGIS 
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covers training areas, signature files and 
classification of images. The area of the 
different classes was calculated and used 
for charts and figure presentation. 
Correlation was used for statistical 

analysis,while regression analysis was 
used to predict future outcomes. The 
methodological flowchart of this study is 
shown in Fig. 2.  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 2. Methodology Flowchart 
Source: Researchers’ Illustration 

 
Data processing 
Satellite images were captured using GIS 
and remote sensing data as shown in Fig. 
3. The data extracted from the images 
were transferred into Microsoft Excel for 
data processing. The Area of Interest 

(AOI) was defined in ArcGIS 10.1 software 
by creating the polygon to define the 
study area. The ArcGIS 10.1 software was 
used to digitize the edge of the sand 
mining area and the river for the three 
epochs as shown in Fig. 3.The supervised 
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image classification was performed from 
the images to access the LULC classes 
(built-up area, farmland, forest, bare land, 
river and sand mining area) in the study 
area. During the process, five training 
signatures were sampled for each LULC 
class by visually interpreting the two 
types of high-resolution spatial images 
(Quickbird and GeoEye) in the study area. 
The spectral signature file was created 
and used in the classification process. The 
maximum likelihood classifier (MLC) was 
adopted (Richards, 1993) and used as a 
classifier parameter for LULC 
classification. The MLC is popularly used 
in remote sensing classification 
applications due to its smooth 

application and effectiveness (Zhao et al., 
2016).  
 
Analysis was based on the LULC derived 
from satellite images over the periods 
2007, 2013 and 2019. Accuracy 
assessment was adopted from Congalton 
and Green(1999). The process is used to 
express the degree of correctness of 
classified results. The error matrix was 
computed for the accuracy assessment of 
land use and land cover classes. There are 
four specific accuracy statistics, namely 
User’s accuracy (UA), Producer’s accuracy 
(PA), Overall accuracy (OA) and Kappa 
coefficient (K), which were derived to 
measure the classification accuracies. 

 
User’s accuracy (UA) = 100% - error of omission (%)                                                              (1)                 

Producer’s accuracy (PA) = 100% - error of commission (%)                                                 (2) 

Overall accuracy (OA) = Total number of correct samples – 100%  

total number of samples                 (3) 

Commission error = off diagonal row elements/ total number of rows            (4) 

Omission error = off diagonal column elements/ total number of columns                      (5) 

Kappa Coefficient (K) =   ∑a - ∑ef                                           (6) 

N - ∑ef 

 

Where, ef denotes expected frequency, a 
denotes diagonal frequency, N denotes 
total frequency. 
The overall accuracy and kappa 
coefficient for image classification of 

2007, 2013, and 2019 were summarized 
in Table 2.  
 

 



 
ikenga     Vol. 22, No. 3,  September 2021 

 Nwobodo, Ogbuene, Nzeadibe    https://doi.org/10.53836/ijia/2021/22/3/003 10  

  

 
 
Classes 

              
2007 
Producer’s 
accuracy 

 
User’s 
accuracy 

              
2013 
Producer’s 
accuracy 

 
User’s 
accuracy 

              
2019   
Producer’s 
accuracy 

 
User’s 
accuracy 

Built up 
Area 

 96.67% 93.55% 95.45% 80.77% 97.22% 83.33% 

 Farm 
Land 

 85.00% 94.44% 97.73% 91.49% 72.73% 84.21% 

 Forest  95.65% 91.67% 88.89% 88.89% 92.00% 88.46% 
 Bare 
Land 

 88.89% 80.00% 70.00% 87.50% 20.00% 100.00% 

  River  88.89% 94.12% 16.67% 100.00% 75.00% 75.00% 
  OA  
 
  K 

         
92.00%  
 
0.8969 

         
88.00% 
 
         
0.8273 

 84.00%  
 
0.7799 

 

Table 2: Accuracy assessment of classified LULC for years 2007, 2013 and 2019 
 

 
The accuracy assessment was used to 
validate the classification. The reference 
value input was based on ground truth by 
the researcher. In the classification, the 
user’s and producer’s accuracies were 
estimated (Table 3). The overall 
accuracies (OA) for 2007, 2013 and 2019 
were found to be 92%, 88%, and 84% 
respectively. The Kappa coefficient (K) 
method has been used with a range from 
0 to 1. Value 1 represents the perfect 
assessment, while values less than 1 
indicate lower perfect agreement. The 
Kappa coefficient values are 0.90 (2007), 

0.83 (2013) and 0.78 (2019), indicating 
thatagreement is very good. 
The information of the LULC classes was 
organized in tabular format and exported 
to Microsoft Excel for statistical analysis. 
The correlation analysis was performed to 
access the relationship between other 
LULC classes and sand mining. Regression 
analysis was used to forecast the effect 
of sand mining activities on the LULC in 
2025 and 2031. To detect a change from 
one LULC to another, many studies 
employed the process of change 
detection (Olofsson et al., 2013). 
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Fig. 3.  Satellite images of the study area (Ava River Environment) 

Source: Researchers’ GIS work, 2020 

Results and discussion 
This section presents results and analysis 
of the effect of sand mining on landuse 
and landcover (LULC) on the Ava River 
environment from 2007, 2013 and 2019 
and predicted changes of the area from 

2019-2025 and 2025-2031. The results 
of the LULC classes (built-up area, 
farmland, forest, bare land, sand mining 
area and river) in the study area are 
presented in Table 3. The classification 
results showed that  in 2007, the built-up 
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area, farmland, forest, bare land, sand 
mining area and river were 0m2 (0%), 
586877.04m2 (19.02%), 2269724.04m2 
(73.55%), 9835.56m2 (0.32%), 
136612.80m2 (4.43%) and 82803.96m2 

(2.68%) respectively. Furthermore in 
2013, the classification results of  built-
up area, farmland, forest, bare land, sand 
mining and river  also showed 0m2 (0%), 
340530.48m2 (11.04%), 340530.48m2 

(11.04%), 214574.76m2 (6.95%), 
172114.56m2 (5.58%) and 136612.80m2 
(4.43%) respectively. Likewise in 2019, 
the classification results of  built-up area, 
farmland, forest, bare land, sand mining 
area and river showed  806844.60m2 
(26.15%), 47718.72m2 (1.55%), 
1271777.40m2 (41.21%), 257559.12m2 
(8.35%), 389325.60m2 and 312627.96m2 
(10.13%) respectively. 

 Table 3: LULC classes of the study area 

               
2007 

              
2013 

              
2019 

 

S/n Classes Area (m2) Area 
(%) 

Area (m2) Area 
(%) 

Area (m2) Area 
(%) 

1 Built up 
Area 

0 0.00 0 0.00 806844.60 26.15 

2 Farm 
Land 

586877.04 19.02 340530.48 11.04 47718.72 1.55 

3 Forest 2269724.04 73.55 2222020.80 72.01 1271777.40 41.21 
4 Bare 

Land  
9835.56 0.32 214574.76 6.95 257559.12 8.35 

5 Sand 
Mining 

136612.80 4.43 172114.56 5.58 389325.60 12.62 

6 River 82803.96 2.68 136612.80 4.43 312627.96 10.13 
Total   3085853.40 100.00 3085853.40 100.00 3085853.40 100.00 
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The histogram chart in Fig. 4 showed the percentage representation of the various 
classes in the study area from 2007 through 2013 to 2019.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4. Histogram of LULC change of the study area (Ava River environment) 

The results showed that the study area 
was predominantly covered by forest 
more than a decade ago and also showed 
there was no change detection in the 
built-up area from 2007 to 2013. 
However, in 2019, there was a notable 
change of 806844.60m2 (26.15%), which 
might be attributed to the high demand 
for sand resources as a result of the rise 
in urbanization to provide shelter and 
other human societal needs. This finding 
is in agreement with Singh et al.’s(2018) 
findings. The farmland showed a  

reduction by 246346.56m2 (7.78%) and 
292811.76m2 (9.49%) from 2007 to 2013 
and 2013 to 2019 respectively. This 
shows that farmland reduced 
progressively in the area as a result of 
occupational shifts and environmental 
hazards. The occupational shift to sand 
mining is attributed to its quick income 
advantage. The environmental hazard is 
chiefly due to engagement in floodplain 
sand mining, creating burrow pits around 
the river environment, which encroaches 
into the farmlands. These burrow pits 
cause land degradation, thereby affecting 
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farmland. The overall reduction of the 
farmland class from 2007 to 2019 was 
539158.32m2 (17.47%), which is an 
indication that a substantial area used for 
farming has been destroyed by human 
activities. Oladipo et al.(2015) and 
Atejioye and Odeyemi (2018)considered 
the land degradation with respect to 
aesthetic value, loss of lives and property, 
which is contrary to what this current 
study tends to quantify.The forest class 
showed a reduction of47703.24m2 
(1.54%) from 2007 to 2013 and of 
950243.4m2 (30.8%) from 2013 to 2019. 
Overall change detection from 2007 to 
2019 was 997946.64m2, implying that 
32.34% of the forest has been removed 
within the period. The analysis showed 
that the forest cover reduction was not a 
result of an increase in farmland because 
farmland was also reducing 
simultaneously. Rather, it was due to the 
creation of haulage paths and shelter 
shades for the artisan miners. This may 
have an effect on biodiversity, decreasing 
the faunal population within the study 
area. It may also cause soil erosion and 
species decline (which corroborates 
Olofsson et al.’s 2013 study)as well as 
species extinction and an increase in 
atmospheric temperature. The bare land 
class showed a 204739.2m2 (6.63%) 
increase from 2007 to 2013 and as well 

as 42984.36m2 (1.4%) respectively from 
2013 to 2019. This shows a huge increase 
in bare land from 2007 to 2013 which 
could be attributed to clearing of forest 
for stockpile and haulage of mined sand 
in the area and also for building 
construction purposes, although it 
showed a minimal increase of1.4%from 
2013 to 2019. The sand mining class from 
2007 to 2013 showed a difference of 
35501.76m2, meaning an increase in sand 
mining class by 1.15% and from 2013 to 
2019 showed a difference of 
217211.04m2. This also means that the 
sand mining area increased by 7.04%. The 
data reveals a simultaneous increase in 
sand mining activity and the built-up 
area. The increase in the sand mining 
activity is attributed to the increase in 
demand for sand for building 
construction in the region due to rapid 
urbanization which is in agreement with 
Lawal’s (2011) study. The overall change 
detection from 2007 to 2019 was 
252712.8m2 (8.19%). The river class 
increased by 53808.84m2(1.75%) from 
2007 to 2013 and 176015.16m2 (5.7%) 
from 2013 to 2019. This shows a 
progressive widening of the river channel 
due to sand mining activity. The overall 
analysis of the general result showed that 
the increase in sand mining activity 
causes an increase in the river channel 
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morphology as a result of the high 
demand for the raw material for 
construction and other purposes. These 
conditions invariably affect farmland due 
to space reduction and also forest cover 
due to deforestation to create space for 
building construction and mining sites. 
These changes were captured and 
quantified with the use of GIS, which was 
also employed in Adedeji et al.(2014), 
although the authors did not consider the 
relationship between sand mining activity 
and LULC changes as well as future 
changes. 
 
Fig. 5 is the satellite images of the 
study area showing the LULC 
supervised classes over the 
stipulated period.  In 2007, there 
were small patches of bare land 
just around the river channel, 
substantial farmland, thick 
vegetation, no built-up area and 
little mining site. In 2013, the 
mining sites increased with road 
access for easy haulage.  
 
 
Fig. 5.  Images of the supervised 
classes of the study area (Ava River 
environment) 
 
Source: Researchers’ GIS Work, 2020 

It also showed an increase in bare 

land, a slight increase in the river channel 
and a reduction in farmland area during 
the same period. In 2019, the forest cover 
was almost disappearing; the farmland 
was significantly reduced, and the bare 
land as well as the sand mining area 
increased enormously. All these 
environmental-unfriendly changes give 
rise to the need to get precise and update 
LULC data periodically for decision-
making and proper management of the 
river environment zone as well as for 
sustainability. 
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Statistical analysis 
Table 4 shows the correlation of sand 
mining activity with other classes in the 
study area. The result showed a positive 
correlation between sand mining and 
built-up area with a valueof 0.99. This 
shows that an increase in sand mining 
areas causes a simultaneous increase in 
the built-up area. Sand mining and 
farmland areas showed -0.94, which 
indicates that the decrease in farmland 
area is due to the increase in sand mining 
activity. Forest class and sand mining 
showed a very strong negative correlation 

of -1.00. This is a strong indication that 
the decrease in the forest area is due to 
the increase in sand mining activity.  
 
The bare land and sand mining showed a 
positive correlation of 0.73, which shows 
that an increase in sand mining activity 
caused increases in the bare land area to 
create space for storage and access road. 
River class and sand mining showed a 
strong positive correlation of 1.00. This 
implies that an increase in sand mining 
activity in the river causes a simultaneous 
increase in the river channel.  

 
Year Built up Sand mining Correlation 

2007 0 4.43 0.99 
2013 0 5.58 
2019 26.15 12.62 
Year Farm land Sand mining Correlation 
2007 19.02 4.43 -0.94 

  2013 11.04 5.58 
2019 1.55 12.62 
Year Forest Sand mining Correlation 
2007 73.55 4.43 -1.00 

  2013 72.01 5.58 
2019 41.21 12.62 
Year Bare land Sand mining Correlation 
2007 0.32 4.43 0.73 

  2013 6.95 5.58 
2019 8.35 12.62 
Year River Sand mining Correlation 
2007 2.68 4.43 1.00 

  2013 4.43 5.58 
2019 10.13 12.62 

Table 4: Correlation of other classes and sand mining activity



 
ikenga     Vol. 22, No. 3,  September 2021 

 Nwobodo, Ogbuene, Nzeadibe    https://doi.org/10.53836/ijia/2021/22/3/003 17  

  

 
Forecast result 
The regression analysis was used to 
predict the future outcome of the sand 
mining effect on the study area from 
2019 to 2025 and from 2025 to 2031. 
The linear regression was the best fit for 
the prediction because the R square is 
equal to 0.853, as shown in Table 5.  
 

 

 

 

Table 5: Summary of regression analysis 

Regression Statistics 

Multiple R 0.924 

R Square 0.853 

Adjusted R 

Square 

0.706 

Standard 

Error 

74182.503 

Observations 3.000 

 
  Df SS MS F Significance 

F 

Regression 1 3.19E+10 3.19E+10 5.802585 0.2505 

Residual 1 5.5E+09 5.5E+09   

Total 2 3.74E+10       

 
  Coeffici

ents 
Standar
d Error 

t Stat P-
value 

Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Inter
cept 

-
421598
87.88 

1759868
8 

-
2.395
63 

0.251
744 

-
265772
422.3 

181452
646.5 

-
265772
422 

181452
646.5 

X 21059.4 8742.49
2 

2.408
856 

0.250
5 

-
90024.4
9083 

132143
.2908 

-
90024.
4908 

132143
.2908 

 
 
The linear regression equation as shown 
in equation 1 was used to calculate the 
area that would be affected in 2025 and 
2031 respectively. 

The following equation was derived from 
the regression analysis (Table 5) 
Y=AX+C…………………….……………………Eq 1 
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From Table 5 the coefficient of Equation 
1 was substituted and the results were 
shown in Table 6.  
Y=21059.4 X –42159887.88 
 
The forecast result as shown in Table 6 
quantified the possible area to be 
affected in 2025 (485397.12m2) and 
2031 (611753.52m2) due to sand mining 
activity. 
 
Table 6: Prediction of the sand mining 

Characteristics      Years     Area (m2) 

 Sand mining 
 

2007 136612.80 

2013 172114.56 

2019 389325.60 

Forecast 
  

2025 485397.12 

2031 611753.52 

 
Analysis indicated that the area for the 
activity will increase by 96,071.52m2 in 
2025 and 126,356.4m2 in 2031. These 
LULC changes are causing widespread 
environmental issues in the area. This is 
as also found in Ringrose et al. (1997) 
and Singh et al. (2018). These changes 

prompt the need for periodic mapping of 
vulnerable areas to put a check on the 
associated ecological cost. There is also a 
need for environmental impact 
assessment prior to such activity 
according to Adedeji et al.(2014). The 
entire results showed significant change 
detection within the periods and the 
forecast exposes a looming danger. This 
would serve as a scientific basis in 
decision-making for the developing 
countries in river environment protection, 
conservation and management. 
The histogram showing the linear 
regression curve for sand mining 
prediction in the study area (Ava River) is 
shown in Fig. 6. This representation 
showed the area covered from 2007 to 
2019 and the further changes detected 
from 2019 to 2025 and 2015 to 2031. 
The linear regression trend line was the 
best fit for the prediction. This result 
showed the need for strict regulation and 
monitoring to avert the looming 
environmental issues to enable a 
sustainable environment.
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Fig. 6. Histogram showing the linear curve for sand mining forecasting of the study 
area 
 
Conclusion 
Land use and land cover (LULC) changes 
due to sand mining were detected in the 
study area. The correlation -0.94 and -
1.00 for farmland and forest respectively 
showed that an increase in sand mining 
activity is causing a reduction in available 
farms and forests. On the other hand, the 
correlation 0.99, 0.73 and 1.00 for the 
built-up area, bare land and river 
respectively showed that an increase in 
the sand mining activity caused a 
simultaneous increase in the classes. The 
forecast result showed that the sand 
mining class will continue to increase in 
the future. This will further reduce the 
farmland, thereby affecting the number 
of farm products, the biodiversity of the  

 
 
 
area and the entire natural environment. 
The general result showed significant 
change detection in the region and future 
environmental issues unless put in check. 
This study would serve as a scientific 
basis in decision-making for river 
environment protection, conservation and 
management. It recommends strict 
regulatory policy and monitoring for 
environmental sustainability.  
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