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5.1.9 Analysis of temperature indices 

(I) Percentile based indices for temperature 

A. Cold Days - Percentage of days when the maximum temperature was less than the 

10th percentile  

Accra had a decline in values from 1986 to 1987. A few fluctuations followed until it dropped 

significantly in 1995. Again, there was a rise with variations till it peaked in 2001. A sudden 

decrease followed with fluctuations that led to its bottoming out in 2011 (See section 6.1.6 for 

explanation). A sudden rise was observed and afterwards, fluctuations in values occurred that 

led to a decline in the last year. 

Just like Accra, Kumasi also experienced a decline from 1986 to 1987. It dropped drastically, 

followed by steady variations before its lowest value in 2015. The results were significant in 

both cities (Figure 5.16).  

 

          Figure 5.16: Percentage of cold days in both cities 

 

 

 

 

 

 

 

Significance 

        Accra    = 0.001 

        Kumasi = 0.001 
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B. Cold Nights – Percentage of days when minimum temperature was less than the 10th 

percentile  

It was observed that there was a sudden decline from 1986 to 1987 in Accra. However, it rose 

afterwards, which was followed by fluctuations. These fluctuations continued until 2012. Then, 

steady values were yielded until 2014, followed by a drop in the last year of the study. Then, 

it suddenly dropped in the subsequent years till 2015 (Figure 5.17). 

In Kumasi, there was also a drastic decrease from 1986 to 1987, and it rose until 1989. 

Fluctuations followed before the year 2000 where the highest value was measured. There was 

a sudden drop in the subsequent year. Steady fluctuations followed this until 2015. This index 

was significant in both cities (Figure 5.17). 

 

 

 

 

 

 

 

 

 

 

 

 

           Figure 5.17: Percentage of cold nights in both cities 

 

 

 

 

 

 

 

 

 

Significance 

Accra    = 0.001 

Kumasi = 0.001 
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C. Warm Days – Percentage of days when the maximum temperature was greater than 

the 90th percentile 

In Accra, the percentage of the number of days fluctuated for this index from 1986 to 1990, 

with a slight decrease in the ensuing year. However, there were fluctuations before 1996. A 

sudden rise was seen up till 1998. Moreover, it was followed by a drop in the number of warm 

days into 2001. After that, values began rising again with few fluctuations before 2011. Finally, 

there was a steady rise before 2015 (Figure 5.18). 

Kumasi experienced steadiness from 1986 to 1988. This was followed by a rise into 1990. 

After that, the gradual decline in percentages followed until it bottomed out in 1993. However, 

it was noticed that sharp fluctuations abruptly followed gradual fluctuations in percentages 

before they peaked in 2010. There was a sudden decline in 2011,  and a rise was observed 

and afterwards by a steady increase until 2014. Finally, a gradual decrease was noticed in 

2015. The index was significant in both cities (Figure 5.18). 

 

 

 

 

 

 

 

 

       Figure 5.18: Percentage of warm days in both cities 

 

 

 

 

 

 

 

Significance 

Accra    = 0.001 

Kumasi = 0.001 
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D. Warm Nights – Percentage of days when minimum temperature was greater than the 

90th percentile 

Generally, it was observed that the number of warm nights revealed a constant rise throughout 

the study period. As observed in Figure 5.17, there was a rise from 1986 to 1987 for Accra. 

The values exhibited steady fluctuations before the year 1999. However, from 1999, values 

rose into 2005. It was observed that percentages dropped before the year 2012, fluctuations 

followed into 2014 and a sharp rise was noticed in 2015 (Figure 5.19).  

In Kumasi, there were no initial recordings before 1993. There were a sudden rise and few 

fluctuations till 2006. Sharp fluctuations followed this until 2014. Interestingly, the percentage 

for 2014 remained unchanged in 2015. The index was significant in both cities (Figure 5.19). 

 

 

 

 

 

 

 

 

     Figure 5.19: Percentage of warm nights in both cities

Significance 

Accra    = 0.001 

Kumasi = 0.001 
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(II) Absolute indices for temperature 

A. Annual monthly maximum value of daily maximum temperature (OC) 

Accra experienced a decrease from 1986 to 1987. A sharp rise in 1988 and a steady decline 

were observed until 1991. There were variations afterwards before 2013 and values stabilised 

from 2013 to 2015 (Figure 5.20).  

For Kumasi, a decrease was observed from 1986 to 1987. A sudden rise was seen in the 

following year and little variations were observed until 1990. Suddenly, there was a drop in 

values. However, there were fluctuations before it bottomed out in 2011. A sudden rise was 

seen in 2012 with the last three years producing a stabilized pattern. Positive trends were 

observed for both annual monthly maximum value of daily maximum temperature for both 

cities. In Accra, it was significant but non-significant in Kumasi (Figure 5.20). 

 

 

 

 

 

 

 

 

        Figure 5.20: Annual monthly maximum value of daily maximum temperature in both cities 

 

 

 

 

 

 

 

 

 

Significance 

Accra    = 0.01 

Kumasi = 0.08 
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B. Annual monthly maximum value of daily minimum temperature (OC) 

Temperature values for Accra slightly increased from 1986 to 1988. It plummeted to its least 

value in 2008. There was a sharp rise in 1992. It was followed by fluctuations before the zenith 

point of 28.6 OC was recorded in 2013. The temperature values were quite steady until 2015 

(Figure 5.21).  

A rise was observed from 1986 to 1987 in Kumasi. After that, there were fluctuations until 

1991. After that, the series exhibited a steady increase until 1994. Fluctuations followed this 

before it finally dropped in the last year of study. The daily minimum's annual monthly 

maximum values were significant in both cities (Figure 5.21). 

 

 

 

 

 

 

 

 

 
  Figure 5.21: Annual monthly maximum value of daily minimum temperature in both cities 
 

 

 

 

 

 

 

 

 

 

Significance 

Accra    = 0.001 

Kumasi = 0.001 
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C. Annual monthly minimum value of daily maximum temperature (OC) 

A gentle increase from 1986 to 1988 was observed for Accra. However, a sharp decline was 

noticed in the following years with varying fluctuations before reaching its lowest point in 2007. 

It was followed by a sharp increase observed in 2008 which was subsequently followed by a 

decrease. Nevertheless, there was a rise to its highest temperature in 2011. The values 

started decreasing till 2014. Finally, there was a rise in the last year (Figure 5.22). 

Analogous to Accra, Kumasi also recorded a gradual increase from 1986 to 1988. A rise was 

experienced until 1991. The values declined until 1993 and fluctuations continued before 

2013. A rise was observed until 2015. The monthly minimum value of daily maximum yielded 

positive trends but was non-significant in both cities (Figure 5.22).  

 

 

 

 

 

 

 

 

Figure 5.22: Annual monthly minimum value of daily maximum temperature in both cities 

 

 

 

 

 

 

 

 

Significance 

Accra    = 0.22 

Kumasi = 0.12 
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D. Annual monthly minimum value of daily minimum temperature (OC) 

Comparatively, Accra recorded higher values than Kumasi for this particular index.  

In Accra, there was a steady increase from 1986 to 1988. Just a few years recorded 

temperatures below 20 OC. Variations were witnessed throughout the study and thus there 

were minimal differences in values.  However, there was a massive drop in 2008 and it rose 

sharply in 2010 where steady variations were observed until 2015 (Figure 5.23).  

On the contrary, there was a rapid rise from 1986 to 1987 in Kumasi. Generally, it was 

observed that there was an increase in values although there were fluctuations until 2015. In 

addition, the monthly minimum value of daily minimum temperature was significant in both 

cities (Figure 5.23). 

 

 

 

 

 

 

 

 

 

 

 

 

 Figure 5.23: Annual monthly minimum value of daily minimum temperature in both cities 

 

 

 

 

 

 

 

 

 

 

 

Significance 

Accra      = 0.020 

    Kumasi   = 0.001 
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(III) Diurnal Temperature Range (DTR) 

 (Monthly mean difference between maximum temperature and minimum temperature 

OC) 

Similar patterns were observed for both cities, but Kumasi recorded higher DTR values 

compared to Accra.  

The monthly mean difference between the maximum and minimum temperatures revealed a 

gradual decrease from 1986 to 1988 in Accra. However, this was followed by fluctuations 

which generally depicted a downward trend throughout the study period (Figure 5.24). 

Similarly, in Kumasi, there was a decrease in values from 1986 to 1987. This was followed by 

a lot of steady fluctuations with a decreasing trend but remained stable for the last three years. 

The diurnal temperature range was significant in both cities (Figure 5.24). 

 

 

 

 

 

 

 

 
 
      Figure 5.24: Diurnal Temperature Range in both cities 

 

 

 

 

 

 

 

 

 

 

 

Significance 

Accra    = 0.001 

Kumasi = 0.001 
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5.1.10.1 Trends in temperature indices (1986 – 2015) 

The calculated temperature indices revealed positive trends per year in both cities. The 

percentile-based indices for temperature produced 0.08 (Kumasi) and 0.06 (Accra) for cold 

days (Table 5.9). Cold nights revealed 0.09 for Accra and 0.10 (Kumasi) while warm days 

produced 0.13 for Accra and 0.06 for Kumasi. However, the warm nights yielded positive 

trends of 0.11 (Accra) and 0.13 (Kumasi). 

The annual monthly maximum value of daily maximum temperature and annual monthly 

maximum value of daily minimum temperature yielded 0.01 OC. On the other hand, the monthly 

minimum value of daily maximum temperature and monthly minimum value of daily minimum 

temperature produced 0.02 OC for Accra. In the case of Kumasi, the annual monthly maximum 

value of daily maximum temperature and the monthly minimum value of daily minimum 

temperature was 0.02 OC. The monthly maximum temperature value of daily minimum 

temperature and monthly minimum value of daily maximum temperature recorded 0.01OC 

Finally, the DTR produced 0.01 for both cities (Table 5.9). 

Table 5.9: Trends in temperature indices for both cities 

 

5.1.10.2 Trends in temperature (seasonal and annual) 

The serial correlation coefficients were positive. The strongest serial correlation was obtained 

for maximum temperature. The lag 1 series produced lower values for both dry and wet 

seasons for rainfall. The lag 1 in this research referred to the relationship between a present 

temperature value and its preceding value. On the other hand, the annuals recorded a higher 

correlation value than seasonal variability except for the annual minimum temperature for 

Kumasi. Generally, Kumasi yielded a better serial correlation coefficient than Accra. Maximum 

temperature yielded a higher serial correlation coefficient for all except for the dry season for 

Temperature Indices Accra Kumasi Unit/year 

Cold Days 0.08 0.06 days 

Cold Nights 0.09 0.10 days 

Warm Days 0.13 0.06 days 

Warm Nights 0.11 0.13 days 

Annual monthly maximum value of daily maximum 

temperature 

 

0.01 

 

0.02 

 

OC 

Annual monthly maximum value of daily minimum 

temperature 

 

0.01 

 

0.01 

 

OC 

Annual monthly minimum value of daily maximum 

temperature 

 

0.02 

 

0.01 

 

OC 

Annual monthly minimum value of daily minimum 

temperature 

 

0.02 

 

0.02 

 

OC 

Diurnal Temperature Range 0.01 0.01 OC 
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the maximum temperature of Accra. Minimum temperature yielded moderate values for the 

serial correlation coefficient for all seasons and annuals for both cities (Table 5.10).  

Table 5.10: Lag 1 serial correlation coefficient 

 

 

 

 

 

The Mann Kendall and Sen’s slope provided insights into the trends with their statistical 

significance. The Mann-Kendall test and Sen’s slope estimator were applied to the original 

values of the series because the calculated serial correlation coefficient was not significant at 

a confidence level of 95%. The maximum temperature had trends in the dry season of Accra, 

the wet season and the annual of Kumasi.  Minimum temperature revealed trends for both 

seasons and annuals for both cities (Table 5.11).  

The magnitude of change i.e. Sen’s slope revealed that the wet season of the minimum 

temperature for Accra was 0.191 which was the highest. The least was revealed at the annual 

of maximum temperature of Kumasi throughout the study period (Table 5.11). 

 

Table 5.11: Summary of Mann-Kendall and Sen’s slope tests 

 

 

 

 

 

 

 

*Statistically significant trends at 5% significance level 
 

 

 

 
Meteorological Variable 

 
Season 

 
Accra 

 
Kumasi 

Maximum Temperature Dry Season 

Wet Season 

Annual 

0.17 

0.84 

0.79 

0.61 

0.88 

0.89 

Minimum Temperature Dry Season 

Wet Season 

Annual 

0.52 

0.74 

0.75 

0.38 

0.66 

0.50 

 
 

Variable 

 
 

Station 

 
 

Period 

Mann-Kendall 

P-Value Trend (Sen Slope) 

 

 

Maximum 

Temperature 

Accra Dry  

Wet  

Annual 

0.032* 

0.187 

0.094 

Trend detected (0.045) 

No trend 

No trend 

Kumasi Dry  

Wet  

Annual 

0.199 

0.010* 

0.042* 

No trend 

Trend detected  (0.114) 

Trend detected  (0.015) 

 

 

Minimum 

Temperature 

Accra Dry  

Wet  

Annual 

0.001* 

0.001* 

0.001* 

Trend detected  (0.185) 

Trend detected  (0.191) 

Trend detected  (0.032) 

Kumasi Dry  

Wet  

Annual 

0.014* 

0.008* 

0.001* 

Trend detected  (0.110) 

Trend detected  (0.123) 

Trend detected  (0.019) 
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5.2 Environmental Technology 

5.2.1 Accuracy assessment using the random forest classifier 

The quality of any thematic map is determined by its accuracy. Therefore, Kappa statistic was 

used to measure the agreement between the classified satellite images and the training 

samples or the reference data.  

For Accra, the random forest classifier's kappa statistic produced accuracies for 1986, 2003 

and 2015 as 85.3%, 96% and 94.7%, respectively. On the other hand, the random forest 

algorithm for Kumasi yielded kappa statistics for 1986, 2013 and 2015 as 86%, 96% and 97%, 

respectively (Table 5.12). (see Appendix C3 & C4 for the producer, user, total accuracy and 

the kappa statistics in the ensuing tables). 

Table 5.12: Kappa statistics for classified images of both cities 

 

 

 

 

 

 

5.2.2 Clustering of urban heat islands and correlation analysis 

This subsection detailed the results from the univariate and bivariate cluster analysis. The 

correlation analyses followed as the results established the strength of the association 

between LST and (NDVI/NDBI).  

5.2.2.1 Univariate clustering of LST for Accra 

There was a decreasing trend in the number of non-significant points throughout the study 

years. Of the 260,005  sampling points, the years 1986, 2003 and 2015 produced 138,982,  

133,099 and 110,798 points, respectively.  The low LST clustering of 1986 yielded the least 

points (42,592) whilst 2003 yielded 52,500 points. The year 2015 recorded 60,940 points.  

There was an increasing trend in the low clustering of LST. Most of the low LST clustering 

was observed in the water environment and the upper portions of Accra. The high LST 

clustering was mostly in the Eastern parts of the Accra metropolis in the satellite imageries. 

Lower clustering was observed in the western and some portions of the northern parts of Accra 

(Figure 5.25).  

 
Study Area 

YEAR 

 
1986 

 
   Accra – 2003 
   Kumasi – 2013 

 
2015 

Accra 85.3% 96.0% 94.7% 

Kumasi 86.0% 
 

96.0% 
 

97.0% 
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Figure 5.25: Land Surface Temperature Clustering of Accra 

5.2.2.2 Univariate clustering of LST for Kumasi 

The non-significant clustered points produced increasing trends throughout the study years. 

The clustered points with high LST yielded decreasing trends for the years of study. However, 

the low LST clustering revealed decreasing trends. The visual inspection of LST clustering for 

Kumasi revealed that the high LST clustering was mainly concentrated in the central portions 

of Kumasi. Most of them were classified as urban/built-up areas. The peripherals of Kumasi 

produced low LST clustering (Figure 5.26). 

 

 

            

                                                                                        

   

 

 

(a) LST 1986 

(a) LST 1986 

(b) LST 2003 

(b) LST 2013 (c) LST 2015 

(c) LST 2015 

High  
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High  

Low 

High  

Low 
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Low 

High  

Low 

High  

Low 

Figure 5.26: Land Surface Temperature Clustering of Kumasi 
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5.2.2.3 Significance of Land Surface Temperature  

Significance was tested at 0.001, 0.01 and 0.05 to provide insights into the potential areas for 

UHI. The non-significant points yielded decreasing trends. However, there was an increasing 

trend in the significant levels of 0.01 and 0.05. The year 2015 yielded the largest number of 

significant points for Accra at all the significant levels (Figure 5.27). 

 

 

 

                                        

Figure 5.27: Significance of Land Surface Temperature in Accra       

 

In Kumasi, at 0.001 and 0.01 levels of significance, there were decreasing trends throughout 

the study period. However, at 0.05, there was an increasing trend during the entire duration of 

the study. On the non-significance, there was also an increasing trend with the year 2015 

yielding the highest points (Figure 5.28). 

 

    

                                                       

Figure 5.28: Significance of Land Surface Temperature in Kumasi    

(a) 1986 

(a) 1986 

(b) 2003 

(b) 2013 (c) 2015 

(c) 2015 
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5.2.2.4 Bivariate LISA Cluster Map (LST – NDVI) of Accra 

Over 100,000 points were not significant for all the study years. Regarding the points that 

recorded high LST and high NDVI, the highest was recorded in 1986. In the case of low LST 

and low NDVI, the total number of points showed decreasing trends whilst low LST and High 

NDVI increased throughout the study years. The low LST – low NDVI was mainly located at 

the western boundary (water environment). Nevertheless, the point clustering for (low LST 

and high NDVI) and (high LST and low NDVI) revealed an increasing trend during the study 

period (Figure 5.29). 

 

             

                                                

Figure 5.29: Point clustering between Land Surface Temperature and Normalised Difference 

Vegetation Index for Accra 

 

5.2.2.5 Bivariate LISA Cluster Map (LST – NDVI) of Kumasi 

The non-significant points were all above 80,000 for the study years. Points that recorded high 

LST and high NDVI were the least; it recorded 1381, 3537 and 4042 points for the years 1986, 

2013 and 2015, respectively. On the other hand, low LST – low NDVI yielded minimal points. 

Interestingly, the satellite imagery of 2013 recorded higher values for the relationship between 

LST and NDVI for (high LST – low NDVI) compared to the satellite imagery of 2015 (Figure 

5.30).  

 

 

 

 

(a) 1986 (b) 2003 (c) 2015 
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Figure 5.30: Point clustering between Land Surface Temperature and Normalised Difference 

Vegetation Index for Kumasi 

5.2.2.6 Bivariate LISA Cluster Map (LST – NDBI) of Accra 

The LST – NDBI produced over 100,000 points for all the study years which were insignificant. 

The points representing high LST and high NDVI showed increasing trends for the study years. 

Points representing low LST and low NDVI were 49,418, 42,878 and 59,750 yielded for 1986, 

2003 and 2015 respectively. On the contrary, there were decreasing trends in the number of 

points clustered for low LST and high NDVI. Points with high LST and low NDBI recorded the 

least values for the entire study period as all the years recorded less than 3500 points (Figure 

5.31). 

 

                                         

                                              

 

 

(a) 1986 (b) 2003 (c) 2015 

(a) 1986   (b) 2013 (c) 2015 

Figure 5.31: Point clustering between Land Surface Temperature and Normalised 

Difference Built-up Index for Accra 
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5.2.2.7 Bivariate LISA Cluster Map (LST – NDBI) of Kumasi 

The non-significant points recorded over 70,000 throughout the study period. The high LST-

high NDBI and low LST– low NDBI produced decreasing trends throughout the study period. 

It also revealed that the (low LST–high NDBI) and (high LST–low NDBI) points of the satellite 

imagery of 2013 were higher than the satellite imagery of 2015 (Figure 5.32). 

 

 

          

                                                 

Figure 5.32: Point clustering between Land Surface Temperature and Normalised Difference 

Built-up Index for Kumasi 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(a) 1986 (b) 2013 (c) 2015 
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5.2.2.8 Correlation analyses 

The correlation analyses detailed the relationship between Land Surface Temperature (LST) 

and Normalised Difference Vegetation Index (NDVI)/Normalised Difference Built-up Index 

(NDBI). Generally, it was observed that the coefficients showing the relationships between 

(LST and NDBI) were higher than (LST and NDVI). 

There was a negative correlation between NDVI and LST in Accra, likewise NDVI and NDBI 

throughout the entire study period. However, a higher positive correlation was observed 

between NDBI and LST (Table 5.13). 

Table 5.13: Correlation Analysis amongst the Remote Sensing (RS) indices for Accra 

 

Kumasi also produced a higher negative correlation between NDVI/LST and NDVI/NDBI. 

Moreover, there was a higher positive correlation between NDBI and LST (Table 5.14). 

Table 5.14: Correlation Analysis amongst the Remote Sensing (RS) indices for Kumasi 

 

5.3 Management and planning point of view 

5.3.1 Analysis of spatial urban expansion 

This subsection provided a general overview of the spatial urban expansion for the study 

years. The analysis of spatial urban expansion was done to the level of the sub-metropolitan 

zones through maps and spatial statistics in tables in both cities. The results of the spatial 

urban expansion using the density of spatial urban expansion, density decay curve (using 400 

m and 500 m) were also displayed in maps, tables and graphs. Results of the relationship 

between the density of spatial urban expansion and the distance to a major road were also 

displayed. Finally, the student T-test provided insights into the significance of spatial urban 

expansion in both cities.  

 
RS Indices 

 
LST 

 
NDVI 

Years 1986 2003 2015 1986 2003 2015 

NDVI -0.57 -0.72 -0.91    

NDBI 0.83 0.75 0.90 -0.59 -0.94 -0.95 

 
RS Indices 

 
LST 

 
NDVI 

Years 1986 2013 2015 1986 2013 2015 

NDVI -0.85 -0.70 -0.81    

NDBI 0.88 0.54 0.61 -0.94 -0.88 -0.73 
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5.3.2 Spatial urban expansion analysis 

To expedite the analysis of the trend of expansion of the urban/built-up areas, the pixels of 

urban/built-up were extracted from the classified images. The overlay of the urban/built-up 

areas of the selected years showed the extent of spatial urban expansion that occurred in both 

cities from 1986 to 2015. Figures 5.33 and 5.34 revealed the urban/built-up areas throughout 

the study period for both cities. 

 

 

                                                              

  Figure 5.33: Spatial urban expansion in Accra 

 

 

 

                                                             

    Figure 5.34: Spatial urban expansion in Kumasi 

5.3.3.1 Spatial urban expansion in the sub-metropolitan zones 

The Accra Metropolis was segmented into 5 sub-metropolitan zones: Ablekuma, Ayawaso, 

Kpeshie, Okaikoi and Osu Klottey. However, in Kumasi, the area was divided into 10 sub-

metropolitan zones: Asawase, Asokwa, Bantama, Kwadaso, Manhyia, Nhyiaeso, Oforikrom, 

0 2 4 6 81

Kilometers

0 2 4 6 81

Kilometers

(a) Accra Urban 1986 (c) Accra Urban 2015 (b) Accra Urban 2003 

(a) Kumasi Urban 1986 (b) Kumasi Urban 2013 (c) Kumasi Urban 2015 

Projection: UTM Zone  30N 

Datum: WGS 1984 

Data: ESRI / Landsat Imagery 

Software: ESRI ArcGIS 10.8.1 

Projection: UTM Zone  30N 

Datum: WGS 1984 

Data: ESRI / Landsat Imagery 

Software: ESRI ArcGIS 10.8.1 
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Suame, Subin and Tafo. The spatial urban expansion maps were overlaid with the respective 

zones to depict the spatial occurrence and the area covered in each zone throughout the study 

period in both cities. 

5.3.3.2 Spatial urban expansion in sub-metropolitan areas in Accra 

It was evident that spatial urban expansion mainly concentrated in the northern parts and 

spread outwards. Osu Klottey experienced the least spatial urban expansion. The major urban 

extent of expansion was dominant in the Ayawaso zone. Okaikoi, Ablekuma and Kpeshie had 

varying forms of spatial urban expansion (Figure 5.35). 

 

  Figure 5.35: Spatial urban expansion in the different zones in Accra 

5.3.3.3 Spatial urban extent in each sub-metropolitan area in Accra  

The years 1986, 2003 and 2015 yielded urban extents of 14707, 16159 and 16997 ha 

respectively. Kpeshie had the highest urban extent whilst Osu Klottey had the lowest urban 

extent for the entire study period. In 1986, the urban extent ranged from 1524 to 6421 ha. 

However, in 2003, it ranged from 1242 to 6482 ha. In 2015, the values were from 1586 to 6608 

ha. Between the years 1986 and 2003, the Ayawaso zone recorded the highest rise of 713 

ha, followed by Okaikoi (366 ha), Ablekuma (293 ha), Kpeshie (61 ha) and finally Osu Klottey 

(18 ha). Interestingly, between 2003 and 2015, the zones ranked the same way as between 

1986 and 2003 except for variations in values (Table 5.15).  

Projection: UTM Zone  30N 

Datum: WGS 1984 

Data: ESRI / Landsat Imagery 

Software: ESRI ArcGIS 10.8.1 
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Table 5.15:  Urban Extent in each sub-metropolitan in Accra  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Sub-

Metropolitan 

1986 
 

2003 
 

2015 

Urban 
Extent 

(ha) 

Urban 
Extent 

(%) 

Urban 
Extent 

(ha) 

Urban 
Extent 

(%) 

Urban 
Extent 

(ha) 

Urban 
Extent 

(%) 

Ablekuma 

Ayawaso 

Kpeshie 

Okaikoi 

Osu Klottey 

2843.0 

2090.0 

6421.0 

1830.0 

1524.0 

19.3 

14.2 

43.7 

12.4 

10.4 

3136.0  

2803.0 

6482.0 

2196.0 

1542.0 

19.4 

17.4 

40.1 

13.6 

  9.5 

3252.0 

3120.0 

6608.0 

2432.0 

1586.0 

19.1 

18.4 

38.9 

14.3 

  9.3 

TOTAL (ca) 14708.0    100.0  16159.0    100.0  16998.0    100.0 
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5.3.3.4 Spatial urban expansion in each sub-metropolitan area in Kumasi 

The ten sub-metropolitan zones showed evidence of spatial urban expansion. Therefore, the 

spatial urban expansion can be expressed as ubiquitous in the entire Kumasi Metropolis. The 

extent of spatial urban expansion was extensively found at the peripheries of the ten sub-

metropolitan zones (Figure 5.36).  

 

Figure 5.36: Spatial urban expansion in sub-metropolitan areas in Kumasi 

 

5.3.3.5 Urban extent in each sub-metropolitan area in Kumasi  

The urban/built-up area covered 4692, 13489 and 13937 ha for 1986, 2013 and 2015 

respectively. In 1986, Asokwa revealed the highest urban extent (729 ha) and the least value 

was recorded in Bantama (287 ha). Subsequently, in 2003 and 2015, the urban extent of 

Oforikrom topped with 2040 ha and 2130 ha respectively. Tafo yielded the least with 512 ha 

in 2013 and 518 ha in 2015. All zones revealed consistent increases throughout the study 

period (Table 5.16). 

 

 

Projection: UTM Zone  30N 

Datum: WGS 1984 

Data: ESRI / Landsat Imagery 

Software: ESRI ArcGIS 10.8.1 
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Table 5.16: Urban Extent in each sub-metropolitan in Kumasi 

 

5.3.3.6 Spatial urban expansion along a major road using 400 m buffer from 1986 to 

2015 

Along the George Walker Bush Highway with a road stretch of 35 km, the spatial urban 

expansion was mostly concentrated initially in the created buffers until 2800 m. After that, the 

sparse spatial urban expansion was observed until the 4000 m buffer (Figure 5.37a).  

The Kumasi-Accra major road was a 19 km stretch of road. Along the Accra – Kumasi 

Highway, there was spatial urban expansion in the entire buffers. However, the expanded 

urban/built-up areas on the western part of the created buffers were sparsely distributed 

(Figure 5.37b).    

 

 

Sub-

Metropolitan 

1986 
 

2013 

 

2015 

Urban 

Extent 

(ha) 

Urban 

Extent 

(%) 

Urban 

Extent 

(ha) 

Urban 

Extent 

(%) 

Urban 

Extent 

(ha) 

Urban 

Extent 

(%) 

Asawase 

Asokwa 

Bantama 

Kwadaso 

Manhyia 

Nhyiaeso 

Oforikrom 

Suame 

Subin 

Tafo 

499 

729 

287 

422 

584 

471 

500 

303 

586 

312 

10.6 

15.5 

  6.1 

  9.0 

12.4 

10.0 

10.7 

  6.5 

12.5 

  6.7 

1398 

1548 

1158 

1666 

1505 

1579 

2040 

1395 

  689 

  512 

10.4 

11.5 

  8.6 

12.3 
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Figure 5.37a: Spatial urban expansion (400 m) along the George Walker Bush Highway in 

Accra 

 
Figure 5.37b: Spatial urban expansion (400 m) along the main Kumasi-Accra Highway in 
Kumasi 

Projection: UTM Zone  30N 

Datum: WGS 1984 

Data: ESRI / Landsat Imagery 

Software: ESRI ArcGIS 10.8.1 

Projection: UTM Zone  30N 

Datum: WGS 1984 

Data: ESRI / Landsat Imagery 

Software: ESRI ArcGIS 10.8.1 
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5.3.3.7 Spatial urban expansion along a major road using 500 m buffer from 1986 to 

2015 

In Accra's 500 m cumulative buffer, the spatial urban expansion was mainly observed within 

the 3000 m buffer. The spatial urban expansion was dispersed uniformly in the southern parts 

of the major road in comparison to the northern parts due to the presence of the Achimota 

forest in the central portion. Traces of spatial urban expansion were observed in the ensuing 

buffers till the 4000 m buffer (Figure 5.38a). 

The spatial urban expansion was evident in Kumasi in all the created buffers. There was a 

rise in the spatial urban expansion across the created buffers of 500 m intervals. The pattern 

was similar to the observed  400 m created buffer intervals (Figure 5.38b).     

 

Figure 5.38a: Spatial urban expansion (500 m) along the George Walker Bush Highway in 

Accra 

 

 

Projection: UTM Zone  30N 

Datum: WGS 1984 

Data: ESRI / Landsat Imagery 

Software: ESRI ArcGIS 10.8.1 
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Figure 5.38b: Spatial urban expansion (500 m) along the main Kumasi-Accra Highway in 

Kumasi 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Projection: UTM Zone  30N 

Datum: WGS 1984 

Data: ESRI / Landsat Imagery 

Software: ESRI ArcGIS 10.8.1 
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5.3.3.8 Spatial urban expansion using the 400 metres buffer from 1986 to 2015 

The cumulative buffer revealed the values for urban/built-up areas ranging from 464.84 ha to 

2540.27 ha in Accra. The difference in spatial urban expansion between the two buffers 

revealed that the buffer between 1200 m and 1600 m increased the most with urban/built-up 

areas occupying 375.54 ha. However, there was an increase of 57.68 ha between the buffer 

of 3600 m and 4000 m which was the least. 

The buffer values in Kumasi ranged from 153.30 ha to 3086.23 ha. The largest difference was 

548.67 hectares between buffers of 3200 m and 3600 m. However, the least amount of spatial 

urban expansion was measured as 215.32 ha between buffers of 400 and 800 meters (Table 

5.17). 

Table 5.17: Urban expansion and total area in each buffer using 400 m for both cities 

 

5.3.3.9 Spatial urban expansion using 500 metres buffer from 1986 to 2015 

The 500 m buffer also showcased a rising trend in the urban/built-up areas in both cities. In 

Accra, the urban/built-up areas ranged from 580 ha to 2540 ha. The highest difference 

occurred between the 500 m and 1000 m buffer with 606 ha. The least was observed in 

between 3500 m and 4000 m as 31 ha in Accra's urban/built-up areas.  

The urban/built-up areas ranged from 200 ha to 3086 ha in Kumasi. The highest difference 

was between 3500 m and 4000 m which was a 647 ha increase in the urban/built-up areas. 
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The smallest values were between the 1000 m and 1500 m buffer, it was recorded as 256 ha 

(Table 5.18). 

Table 5.18: Urban and total area in each buffer using 500 m for both cities 

 

5.3.3.10 Density of spatial urban expansion from 1986 to 2015 in both cities (400 

metres) 

The density of spatial urban expansion revealed decreasing trends for Accra (see 8.3.1 for 

computations for density of spatial urban expansion). The values were from 0.14 to 0.34. This 

indicated reducing values as the buffering increased (Table 5.19). Thus, there was an inverse 

relationship between the buffers and the density of urban expansion. 

The values in Kumasi, on the other hand, ranged from 0.19 to 0.25. Before the 2000 m buffer, 

there was a rising trend. In the buffers of 2000 m and 2400 m, the density of urban expansion 

decreased by 0.01. It did, however, increase from the 2800 m buffer to the 4000 m buffer. 

(Table 5.19). 
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Table 5.19: Density of urban expansion using 400 m in both cities 

 

 

 

 

 

 

 

 

 

 

5.3.3.11 Density of spatial urban expansion from 1986 to 2015 in both cities (500 

metres) 

There was a decreasing trend in the density of spatial urban expansion in Accra. The values 

were from 0.14 (4000 m buffer) to 0.34 (500 m buffer). It was observed that there was an 

inverse relationship between the buffer and the density of spatial urban expansion (Table 

5.20). 

In Kumasi, values were from 0.19 to 0.25. There was a rising trend until the 1500 m buffer. 

The value dropped in the buffer of 2000 m. However, it rose steadily in the subsequent two 

buffers. The values dropped in the 3500 m and rose sharply in the last buffer of 4000 m (Table 

5.20).  

Table 5.20: Density of spatial urban expansion using 500 m in both cities 
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5.3.3.12 Density decay curve using 400 m buffer for both cities 

The relationship between distance to a major road and the density of spatial urban expansion 

revealed that the 400 m and 800 m buffers were stable. Afterwards, a gradual decline was 

observed throughout until 4000 m for Accra. Generally, there was an inverse relationship 

between the distance to a major road and the density of spatial urban expansion in Accra 

(Figure 5.36). 

In Kumasi, until the 1200 m, there was also a moderate increase. The value fell at 1600 meters 

and remained stable until 2800 meters. The curve rose gradually until 4000 m (Figure 5.36).  

The density of spatial urban expansion decreased farther away from the major road increased 

for Accra, which was not the case for Kumasi (Figure 5.39).  

 
   Figure 5.39: Density Decay Curve for both cities (400 metres) 

5.3.3.13 Density decay curve using 500 m buffer for both cities 

There was a continual decline in values in Accra. This indicated an indirect relationship 

between the distance to a major road and the density of spatial urban expansion (Figure 5.38).  

In Kumasi, a continuous rise in the 1000 m buffer and a gradual decline at 1500 m buffer were 

observed. The values were steady until the 3000 m buffer. Subsequently, an increase was 

observed at 3500 m and 4000 m buffer. Similar patterns were observed in the 500 m buffer 

as in the 400 m buffer. Accra exhibited a descending trend from 500 m until 4000 m and 

Kumasi experienced steadiness till the 4000 m buffer (Figure 5.40). 

 

 

Accra  

y = - 0.0025x + 0.39 

 

Kumasi  

y = 0.0041x + 0.19  
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 Figure 5.40: Density Decay Curve for both cities (500 metres) 

5.3.3.14 Relationship between the density of spatial urban expansion and distance to 

a major road 

There was a high negative correlation for Accra along the George Bush Highway in both 

buffers. The strong and inverse relationship indicated a decrease in spatial urban expansion 

with increasing size in the buffer. In Kumasi, a positive correlation was recorded for both 

buffers. However, the correlation within the 400 m buffer was higher compared to that of the 

500 m buffer (Table 5.21). 

 

Table 5.21: Correlation between the density of spatial urban expansion and distance to a major 

road 

 

5.3.3.15 Student T-test (Two samples assuming unequal variance) 

The student T-test revealed that the 400 m buffer of Kumasi was significant. The 400 m buffer 

of Accra and the 500 m buffer of both cities were not statistically significant (See Appendix D 

for the tabulation of the student T-test). 
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5.3.4 Land use land cover modelling and validation 

This subsection of the results outlined the nature of the LULC changes that emphasized the 

transitions from one LULC to another, modelling and validation for 2025. The validated LULC 

maps and the projected maps were displayed for 2025. It ended with the areal extent of each 

LULC class for 2025. 

5.3.4.1 Change Detection of LULC  

The nature of changes was considered and grouped into two namely;  

 Stable (areas with no changes or considered persistent)  

 Unstable (gains or losses by each LULC class).  

The nature of the changes occurred outwards (in the northern boundary) especially changes 

to urban/built-up areas. Agricultural lands experienced instability notably in the central portions 

of the city. However, water and forestlands were stable (Figure 5.41a). 

The changes were concentrated in the northern parts. This was observed in the forestlands. 

The instability towards the southern parts of the city led to changes in the urban/built-up areas. 

It was interesting to note that forests and agricultural lands were very unstable. However, the 

water environment did not experience significant changes and thus, was considered very 

stable (Figure 5.41b). 

 

 

             

     

Figure 5.41: Change Map showing transition of LULC of Accra 
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Projection: UTM Zone  30N 

Datum: WGS 1984 

Data: ESRI / Landsat Imagery 

Software: ESRI ArcGIS 10.8.1 
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In Kumasi, there was massive spatial urban expansion in the Metropolis meaning there was a 

lot of instability in the agricultural and forestlands from 1986 to 2013. Forestlands received the 

least expansion (Figure 5.42a). 

The areal changes between 2013 and 2015 revealed that the visual urban/built-up areas were 

quite evident. There were also prominent changes in the agricultural and forestlands (Figure 

5.42b). 

 

               

                                                         

Figure 5.42: Change Map showing transition of LULC of Kumasi 

 

5.3.4.2 Tabulation of detected changes 

In Accra, the area of persistence that occurred between 1986 and 2003 was 17288 ha 

representing 73.9% of the total area of 23400 ha. The urban/built-up areas gained 3560 ha 

and lost 2118 ha with a net increase of 1442 ha. On the other hand, agricultural lands gained 

and lost 2144 ha and 3553 ha respectively. Therefore, it revealed a net decrease of 1389 ha 

in agricultural lands. Forestlands gained 216 ha whilst it lost 1036 ha which indicated a net 

decrease of 820 ha. The water environment gained 193 ha and lost 80 ha revealing a net 

increase of 113 ha (Table 5.22).  

The area of persistence from 2003 to 2015 recorded 172271 ha representing 73.8% of the 

total land size of 23400 ha. From 2003 to 2015, there was a gain of 3416 ha and a loss of 

1138 ha of urban/built-up areas with a net rise of 2278 ha. However, agricultural lands had a 

net decrease of 2309 ha having gained 2187 ha and lost 4496 ha.  Forestlands gained 423 
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Datum: WGS 1984 
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ha and lost 301 ha indicating a gain of 122 ha. The water environment also gained 103 ha 

whilst it lost 195 ha implying a decrease of 92 ha (Table 5.22). 

 

Table 5.22: Change analysis of the area of change from 1986 to 2015 for Accra 
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In Kumasi, the area of persistence for the initial (1986 to 2013) was 6673 ha representing 

34.3% of the entire area of Kumasi. From 1986 to 2013, the urban/built-up areas gained 9450 

ha with a loss of 658 ha which meant an increase of 8792 ha from 1986 to 2013 in Kumasi. 

For the agricultural lands, there was an increase of 3045 ha and a loss of 322 ha which implied 

an increase of 2723 ha. The forestlands only gained 270 ha and lost 11784 ha indicating that 

11514 ha of forests were lost (Table 5.23). 

However, the area of stability from 2013 to 2015 was 14643 ha representing 75.3% of the total 

area. The urban/built-up areas revealed an increase of 2160 ha and a decrease of 525 ha 

indicating a net increase of 1635 ha. However, the agricultural lands also gained 2030 ha and 

lost 2129 ha indicating a net decrease of 99 ha. The forestlands gained 605 ha and lost 2140 

ha revealing a net decrease of 1535 ha (Table 5.23). 
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Table 5.23: Change analysis of the area of change from 1986 to 2015 for Kumasi 

 

5.3.4.3 Land use land cover modelling  

The urban/built-up was the main transition model studied, and as a result, the vital transitions 

from other LULC classes were explored. Cramer’s V indicated the potential explanatory 

strength of a driving factor in the spatial urban expansion (Table 5.24). According to Eastman 

(2016), a Cramer’s V value greater than or equal to 0.15 for any driving factor was regarded 

valuable, but if values are higher than or equal to 0.4, the Cramer’s V value was considered 

very good. The next procedure was to run the sub-model of important transitions, and the 

transition maps were generated. The LULC maps of 2003 and 2013 for Accra and Kumasi 

were simulated. It produced quite satisfactory LULC predictions.  

Table 5.24: Cramer’s V driving factors for the potential Land Use Land Cover Changes for 

both cities 
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5.3.4.4 Validation of LULC maps 

Figure 5.43 (a and b) depicted the validated projection that illustrated the accuracy 

accomplished by the model for both cities. The maps were composed of hits, misses, false 

alarms and null success. The visualisation revealed that null success was dominant in both 

cities. The misses were observed, mostly in the validated map of Accra in comparison with 

Kumasi. However, the false alarms were largely observed in the validated map of Kumasi than 

Accra but the hits were sparsely distributed in both cities. 

 

 

          

                                                             

Figure 5.43: Validated maps of 2015 for both cities 

Explanation of legend 

 ‘Null success’ - model predicted no changes and remained stable.  

 ‘Hits’ - model prediction of changes was correct. 

 ‘False alarms’ - model predicted changes but remained unchanged. 

 ‘Misses’ - model predicted no changes, but alterations occurred. 

 

5.3.4.5 Projection of Land Use Land Cover into 2025 

Figure 5.44 (a and b) shows the Land Use Land Cover (LULC) projection into the year 2025. 

The dominant class for the projected maps was urban/built-up areas for both cities. The water 

environment on the western boundary maintained its shape for Accra. However, the 

agricultural and forestlands were mostly found in the upper boundary of Accra and gradually 
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spread into the central portions of Accra. In Kumasi, the agricultural lands were projected to 

occupy higher proportions of land compared to the smaller land size occupied by forestlands. 

 

 

                  

                                                                        

Figure 5.44: Land Use Land Cover projections into 2025 for both cities 

5.3.4.6 Areal Extent of each Land Use Land Cover in 2025 

The urban/built-up areas are projected to occupy 18553 ha (79.3%) and 15491 ha (79.7%) in 

Accra and Kumasi, respectively. Agricultural lands are tipped to cover 2088 ha (8.9%) in Accra 

and 3039 ha (15.6%) in Kumasi. However, forestlands are expected to have 1819 (7.8%) and 

909 (4.7%) for Accra and Kumasi respectively in 2025. Nevertheless, the water environment 

is forecasted to maintain almost its areal extent in 2025 in Accra (Table 5.25). 

Table 5.25: Area in hectares and percentages for both cities 

 

 

0 2 4 6 81

Kilometers

 

 

   LULC 

 

Area (ha) 

 

Percentage (%) 

 

Accra 

 

Kumasi 

 

Accra 

 

Kumasi 

Urban/Built-Up 

Agricultural Lands 

Forestlands 

Water 

     18553 

       2088 

       1819 

         941 

     15491 

       3039 

         909 

      79.3 

8.9 

7.8 

4.0 

79.7 

15.6 

  4.7 

TOTAL (ca.)    238400     19438     100.0      100.0 

(a) Projected Accra LULC 2025 (b) Projected Kumasi LULC 2025 

Projection: UTM Zone  30N 

Datum: WGS 1984 

Data: ESRI / Landsat Imagery 

Software: ESRI ArcGIS 10.8.1 



132 
 

5.3.4.7 Change Detection from 2015 to 2025 

Figure 5.45 displays the change analysis maps from 2015 to 2025. Again, the predicted 

changes are mainly concentrated in the central parts. However, minimal changes are 

predicted to occur in the western and eastern parts of Accra. 

In Kumasi, changes are expected to spread across the entirety of Kumasi. It is also projected 

that the agricultural and forestlands will be transformed into urban/built-up areas. 

 

   

 

                             

Figure 5.45: Change Map showing transition of both cities from 2015 to 2025 

5.3.4.8 Tabulation of changes from 2015 to 2025 

The area of persistence in Accra is expected to be 19669 ha in 2025. Agricultural lands will 

lose 2108 ha and gain 1446 ha. Agricultural lands will depreciate by 662 ha. Forestlands will 

lose 474 ha and gain 708 ha. Therefore, forestlands are expected to have a net increase of 

234 ha. The urban/built-up areas gained and lost 1577 ha and 1149 ha, respectively. Hence 

a net gain of 428 ha. Therefore, it is expected that the urban/built-up areas will increase in 

LULC class in the year 2025 (Table 5.26).  

The area of persistence will be 12366 ha in 2025. Agricultural lands are expected to increase 

by 2293 ha and decrease by 3210 ha. This revealed a net decrease of 917 ha. Forestlands 

are expected to increase by 788 ha and expected to decrease by 1353 ha. This meant a net 
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decrease of 565 ha is expected in 2025. However, on the other hand, urban/built-up areas will 

gain 3991 ha and will lose 2509 hectares thus a net increase of 1,482 hectares is expected in 

2025 (Table 5.26). 

Table 5.26: Change analysis of the area of change from 2015 to 2025 for both cities 

 

5.4 Similarities and Differences in results in both cities 

5.4.1 Similarities in results in both cities 

 Both sets of classified images had urban/built-up areas being the dominant class in 

2015. However, across the years of study, it was realised that urban/built-up areas 

increased throughout both cities.  

 The climate did not show large variations in both cities. The average yearly maximum 

temperature values were overlapping.  

 In the case of the absolute indices for temperature, it was observed that similar 

patterns were revealed for both cities. In addition, trends were detected in the minimum 

temperature of both cities.  

 The model performance for OLS was considered satisfactory yielding good-adjusted 

R squared values. However, the GWR models performed better in comparison to the 

OLS models in both cities.  

 It was also observed that the city-level analysis of LST produced lower values in the 

1986 satellite imagery of both cities.  

 Higher temperatures were recorded in both cities for the three different selected urban 

settlements in both cities.  

 Similar patterns were observed in comparing FCC, LST and LULC for the selected 

suburbs in both cities. Areas classified as urban/built-up areas produced higher 

 
             LULC class 
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Area of persistence 19669 12366 

Forestlands to Agricultural Lands    374   2960 

Urban/built-up areas to Agricultural Lands  1072   1030 

Agricultural Lands to Forestlands    630   1971 

Urban/built-up areas to Forestlands      78     322 

Agricultural Lands to Urban/built-up areas  1477     538 

Forestlands to Urban/built-up areas   100     250 
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temperatures than areas classified as forests or agricultural lands. NDVI was higher in 

forestlands compared to agricultural lands. The urban/built-up areas produced the 

highest LST compared to the other LULC types.  

 The bivariate clustering revealed a higher positive correlation between LST and NDBI 

but a negative correlation between LST and NDVI in both cities. 

 Considering the nature of the LULC changes, the urban/built-up areas were 

considered stable compared to forest and agricultural lands that experienced massive 

instability throughout the study period.  

 The simulated maps produced satisfactory LULC predictions for both cities. The 2025 

projected LULC maps predicted the dominant class as urban/built-up areas in both 

cities. It was forecasted that the urban/built-up areas would cover approximately 80% 

of the total land area in both cities.  

 Most of the spatial urban expansion was observed mostly at the peripherals of the sub-

metropolitan zones in both cities.  

 The pattern of spatial urban expansion was similar in both the 400 m and 500 m buffers 

for the density decay curve in both cities. 

5.4.2 Differences in results in both cities 

 It was observed that Accra produced the dominant LULC category as urban/built-up 

areas, but forestlands were dominant in Kumasi in the 1986 satellite imagery. 

 The urban/built-up areas increased by 5.2% between 1986 and 2003 for Accra (i.e. 

0.31% per year). However, in Kumasi, the increase from 1986 to 2013 was 45.4% (i.e. 

1.68% per year).  

 For the second time step for Accra (i.e., between 2003 and 2015) and Kumasi 

(between 2013 and 2015), urban/built-up areas increased by 8.74% and 2.87%, 

respectively.  

 The urban/built-up areas have increased from 14864 ha in 1986 to 16085 ha in 2003 

and finally to 18130 ha in 2015 out of the total land size of 23400 ha for Accra. In 

Kumasi, the urban/built-up areas were 4622.49 ha in 1986, 13447.50 ha in 2013 and 

14004.60 ha in 2015 of the 19438 ha of land covered by Kumasi.  

 The results also revealed that 80.2% expansion was concentrated within 2 km in 

Accra's 400 m and 500 m buffers along the George Walker Bush Highway. For Kumasi, 

33.8% of urban expansion was found within 2 km from the main Kumasi-Accra road in 

the 400 m and 500 m buffers. 

 Kumasi recorded higher minimum and maximum temperatures for all the satellite 

images chosen in comparison to Accra.  
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 Accra received higher values for the minimum average yearly temperature compared 

to Kumasi.  

 Although there was a similar pattern in the Diurnal Temperature Range, Kumasi 

yielded higher DTR values than Accra. 

 The rate of spatial urban expansion was high as it occupied 63.5% of the total land in 

Accra, but Kumasi only experienced 23.8% of urban/built-up areas in 1986. 

Nevertheless, there was a tremendous expansion of urban/built-up areas in Kumasi, 

considering the lower value of urban/built-up areas in the classified image of 1986.  

 Along the selected major roads in both cities, decreased urban/built-up expansion was 

observed as the buffer increased in Accra, but that was the opposite for Kumasi, where 

increased buffers indicated increased spatial urban expansion.  

 The density of spatial urban expansion for Accra showed a decreasing trend, and the 

reverse was recorded for Kumasi in both buffers.  
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CHAPTER SIX 

Discussions 

The discussion and interpretation of the results shown in chapter five were made. It focused 

on the logic behind the made assumptions, applied methods and results in comparison with 

previous literature. The implications and consequences of the analysed data were also 

delineated under each subsection of the three grouped components, namely; 

- Environmental science  

- Environmental technology 

- Environmental management and planning 

6.1 Environmental science component 

6.1.1 Satellite image processing 

This portion of the study interpreted the results from the utilised satellite imageries that 

revealed meaningful information on the LULC in both cities.  

The classified images of Accra revealed that spatial urban expansion began along the coast 

before 1986 and spread upwards and outwards to the other portions of Accra. The LULC maps 

revealed that most urban/built-up areas lie close to the coastline (southern boundary of the 

Metropolis) in Accra (Figure 5.1). The depleting agricultural lands could be attributed to the 

increased demand for lands for residential and commercial centres. The reduction in the 

forestlands may have resulted from illegal logging in the Achimota forest. This assertion 

supports the earlier works of (Amoah & Korle, 2020; Tuffour-Mills et al., 2020) that concluded 

that forestlands were depleted in Achimota. The classified image of 2015 also revealed a 

higher proportion of urban/built-up areas with agricultural lands decreasing. The visual 

inspection indicated a rise in forestlands and it might be attributed to the afforestation activities 

and stringent measures put in place by the Forestry Commission of Ghana through its 

afforestation programmes (Appiah et al., 2015). The water environment visually appears to 

have maintained its shape throughout the study as observed in Figure 5.1 as expected. 

It was evident from the classified images of Kumasi for the year 2013, that forestlands 

decreased the most which is supported by the works of (Koranteng & Zawia-nied, 2008; 

Quagraine, 2011) which stressed that deforestation was a major threat to the natural 

landscape of Kumasi. Furthermore, the patterns observed in the visual interpretation of the 

processed satellite images in Figure 5.2 were similar to the works of (Addae & Oppelt, 2019; 

Buo et al., 2020; Wemegah et al., 2020) in both cities. The minimal discrepancies spotted in 
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the image classification could be attributed to inherent characteristics that might have occurred 

in the entire satellite image classification process. 

The analysis of the LULC maps revealed a continuous rise in the urban/built-up areas in both 

cities at the expense of agricultural and forestlands. The increase in population is a distinct 

factor that could have triggered spatial urban expansion in both cities supporting the outcome 

of the works of (Addae & Oppelt, 2019; Braimoh & Vlek, 2004; Ghana Statistical Service 

(GSS), 2013). The increased nexus between urban/built-up areas and population could be 

attributed to the architectural style of building in both cities which is dominated by the 

horizontal spread of houses (one-storey houses) without making use of vertical space (two or 

more storey buildings) (Richard Grant, 2009; Quagraine, 2011). In Ghanaian society, house 

ownership aside from the provision of shelter serves as a higher indicator of one’s social status 

and prominence in society (Quayson, 2011). Moreover, for most Ghanaians, the ownership of 

lands and houses is key and necessary for attaining pride which is an integral part of their 

traditions and culture (Boamah, 2011). Thus, urban spatial expansion is due to the 

uncontrolled individual usage of land as most people prefer to buy lands at the urban fringes 

where lands for urban/built-up areas development have relatively lower prices (Wellington, 

2009). 

There was a higher rate of change in forestlands from 2013 to 2015 which was (-3.25 ha/yr) 

compared to the annual rate of (-2.17 ha/yr) from 1986 to 2013 (Table 5.3). Again, it was also 

evident during the field visits that the forestlands had been converted to urban/built-up areas 

in Kumasi. Thus, it can be established that it was worthwhile to utilise the 2013 and 2015 

satellite images of Kumasi as the infrastructural developments that occurred between 2013 

and 2015 may have attributed to the higher rate of loss of the forestlands in Kumasi within that 

period.  

The results indicate that the focus has been on transforming other LULC types into urban/built-

up areas. The scramble for lands to build housing units may lead to the continuous 

transformation of other LULC types into urban/built-up areas. It could also increase the conflict 

amongst the populace for the ownership of lands. Thus, the lands commission, traditional 

authorities and communities and the ministry of works and housing may have to collaborate 

to control the accelerated spatial urban expansion in both cities through education and 

enforcement of the policies related to land use in Ghana. 

It may be important for the city and urban planners to make use of these observed trends in 

this research to curb unwarranted increases in urban/built-up areas in both cities. The 

scramble for lands for development by individuals ought to be controlled by the relevant 

governmental agencies. The loss of agricultural lands in Accra could result in an 
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overdependence on the adjoining districts and municipalities to provide food. The Ministry of 

Food and Agriculture should protect and maximize the utilisation of lands allocated for 

agricultural purposes. Again, stringent measures ought to be enforced by the Forestry 

Commission to protect the Achimota forest from encroachment by land developers. Moreover, 

the water environment needs to be protected especially, its waterways and floodplains. Aside 

from its protection, it will also reduce the incidence of hazards like floods and waterborne 

diseases. These results will be helpful for urban and city planners and traditional custodians 

of lands and other related governmental and non-governmental agencies. 

The adopted techniques used in processing the satellite images from the environmental 

science component improved the already existing processes as adequate ancillary datasets, 

especially the high-resolution satellite imageries aided in identifying features. The 

incorporation of the high resolution and moderate resolution satellite images proved to be very 

effective, although the high-resolution images did not cover the full extent of both cities. 

Researchers in the field of remote sensing may also integrate both high and moderate 

resolution images to obtain optimal, accurate and detailed information for future LULC studies.   

 

6.1.2 Remote Sensing Indices 

6.1.2.1 City-level analysis of NDVI, NDBI and LST 

The general overview of NDVI and NDBI at the city-level revealed that urban/built-up areas 

produced lower values for NDVI but higher values for NDBI in both cities. This situation is the 

reverse for both agricultural areas and forestlands. In the case of the water environment, it 

recorded the lowest values for both NDVI and NDBI. This outcome was similar to the works of 

(Adeyeri et al., 2017; Guha et al., 2018; YouShui et al., 2009) in Abuja (Nigeria); Florence and 

Naples (Italy) and Fuzhou city (China) respectively. 

The highest temperature values were recorded in both cities' urban/built-up areas because 

these areas store more solar energy, as was also observed by (Adeyeri et al., 2017). 

Agricultural and forestlands reflect a moderate amount of solar radiation and play a vital role 

in the modification of land surface temperature (Adeyeri et al., 2017; Li et al., 2013). Therefore, 

it was expected that the temperature around the south-western boundary of Accra covered by 

water produced the least temperature for the city-level evaluation of LST due to a higher 

reflection of radiation (Adeyeri et al., 2017; Blake et al., 2011; Kumi-Boateng et al., 2015; 

Mahmoud, 2016). Temperature values in 1986 were the least in both cities. However, LST in 

2003 was higher than in 2015. This was quite surprising and could be attributed to the different 

months during which the satellite images of 2003 and 2015 were taken. For Accra, the satellite 

images of 1986 and 2015 were taken in December, whilst that of 2003 was taken in February. 
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In the case of Kumasi, the images of 1986 and 2013 were taken in December, whilst that of 

2015 was taken in January.  

The results imply that there could be ineffective and inefficient ways of buffering environmental 

temperature throughout the study period. The reduction of the agricultural and forestlands 

without proper planning to incorporate the various LULC types within both cities may have 

generally led to decreased green areas (agricultural and forestlands) in both cities as NDVI 

decreased throughout the study. It is therefore important for city planners to incorporate 

practical environmental sustainability policies. When these policies are not implemented, there 

could be an increase in land surface temperature which might have an effect on human lives 

and other living organisms in the environment. There could also be a sudden increase in the 

cases of heat-induced diseases such as skin rashes in both cities. 

6.1.2.2 Fine-scale analysis of Land Surface Temperature 

The fine-scale analysis revealed that the ranges in the differences in LST between the various 

areas were inconsistent. Apart from the layout differences in the various areas chosen, the 

inconsistency could be attributed to the fact that urban forestry is not highly encouraged in the 

urban/built-up areas in Accra. The highest range of temperature was recorded in the formal 

area (East Legon) and may be attributed to the inability of city managers and planners to 

incorporate other LULC types in the formal site. Achimota produced the least value for 

temperature and may be attributed to the presence of the Achimota forest that might have 

regulated the micro-climate of the area.  

In Kumasi, the formal settlement (Ayeduase) recorded the least temperature compared to 

Breman North (semi-formal) and Dichemso (informal). The densely populated area of 

Dichemso also had fewer green areas (agricultural and forestlands) compared to the other 

two sites, as the field visits revealed. The well-planned settlement interspersed with green 

areas may have contributed to the lowering of the temperature in Ayeduase compared to the 

other two areas (Breman North and Dichemso).  

The fine-scale analysis has provided empirical evidence that urban/built-up areas have the 

highest land surface temperature than other LULC types (agricultural and forestlands). 

Furthermore, observations during the field visit revealed those areas occupied by trees have 

been cut down to provide adequate space for urban/built-up developmental projects.  

The department of horticulture, especially the subdivisions in charge of arboriculture, turf and 

landscape management, may use this outcome as a useful guide for proper planning and land 

management by promoting and increasing the green areas within both cities. However, 

https://en.wikipedia.org/wiki/Arboriculture
https://en.wikipedia.org/wiki/Turf_management
https://en.wikipedia.org/wiki/Turf_management
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improper management could further exacerbate urban warming and might have other 

consequences such as increased air pollution and soil erosion. 

6.1.2.3 Comparison of FCC, LULC and LST 

Generally, the FCC of the 1 km by 1 km of Achimota, East Legon and Korle Gorno revealed 

that urban/built-up areas produced higher temperatures than the other forms of LULC 

(agricultural lands and forestlands). The forestlands yielded the least temperature values 

whilst temperatures in agricultural lands were moderate. The chosen areas in the Accra 

metropolis (Achimota, East Legon and Korle Gonno) used to analyse the relationship amongst 

FCC, LULC and LST followed similar patterns as urban/built-up areas were warmer than areas 

covered by agricultural lands and forestlands. Between agricultural lands and forestlands, the 

agricultural lands were warmer compared to the forestlands. Thus, there was a high degree 

of consistency among the FCC, LULC and LST in both cities, which were comparable to the 

findings of (Mahmoud et al., 2016). Thus, this indicates that forestlands may regulate urban 

temperature compared to urban/built-up areas and agricultural lands. The urban/built-up areas 

may exacerbate temperature compared to the other LULC classes. 

The results from the comparison of FCC, LULC and LST implied that the substantial amount 

of agricultural and forestlands lost and transformed into urban/built-up areas, especially in the 

informal and semi-informal portions of both cities, might have increased urban warming. The 

results have shown that there might not have been many careful and comprehensive designs 

in incorporating other LULC classes into the urban/built-up areas. City planners may educate 

the populace in the various forms of settlements on the need to preserve and, if possible, 

create green areas to improve the air quality in these areas in both cities. Incentives like free 

provision of horticultural plants and extension services from the horticultural department of the 

ministry of food and agriculture could also be very helpful to improve the aesthetic value of 

landscapes in both cities. 

6.1.3 Relationship between LULC and the RS Indices 

Figure 5.9 (a & b) revealed the mean NDVI by LULC in both cities. Both cities produced the 

least values for NDVI in the urban/built-up areas. Forestlands produced the highest mean 

NDVI values in both cities for the selected years of study. Figure 5.10 (a & b) showcased the 

mean NDBI by LULC in both cities. It was apparent that the highest values of mean NDBI were 

recorded in the urban/built-up areas in both cities. However, the least mean values were 

recorded in the forestlands. Figure 5.11 (a & b) revealed the mean LST by LULC for both 

cities. The urban/built-up areas produced higher temperatures compared to the other LULC 

classes (agricultural lands and forestlands) for the selected years of study in both cities.  
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It may be deduced from Figures 5.9, 5.10 and 5.11 that areas classified as urban/built-up 

areas produced the least mean values for NDVI and highest values for both NDBI and LST. 

However, agricultural lands produced values for mean NDVI, NDBI and LST that were in-

between values for urban/built-up areas and forestlands. Urban/built-up areas produced the 

least values for NDVI and the highest values for both NDBI and LST in both cities. The least 

values of NDVI and highest values of NDBI and LST are comparable to the results from the 

works of (Grover & Singh, 2015; Mahmoud, 2016). It could be attributed to the fact that 

urban/built-up areas are composed of impervious layers that are non-transpiring and non-

evaporating. These impervious layers absorbed more heat from the sun and were made of 

rough and dry surfaces (Adeyeri et al., 2017). As a result, the natural landscape was removed 

and replaced with buildings and pavements, as observed during the field visit.  

The rise in temperature in both cities could be attributed to LULCC, with spatial urban 

expansion labelled as the dominant factor. This could have led to the potential urban warming 

in which urban/built-up areas recorded higher temperatures than non-urban land use types 

(agricultural and forestlands).  

As observed in Figure 5.11, the non-urban areas recorded lower mean temperature values. 

This indicated that forest and agricultural lands play an essential part in the mitigation of UHI 

effects.  

It is important to recognise that LSTs may differ across various geographical locations and 

time variations as the local temperature may differ greatly with space and time (Zhou et al., 

2016). The variations in the mean LST between the urban/built-up areas and non-urban areas 

could be influenced by many factors that include the source of the satellite imagery utilised, 

season, time of the acquisition of the imagery, topography and techniques used to derive LST.  

Impervious pavements have been common for home and office space beautification, but their 

consequences have not been given much attention. This style of improving the visual 

components of the environment could have led to increased run-off during rains and increased 

urban warming during sunny days.  
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6.1.4 Regression analysis 

6.1.4.1 Ordinary Least Squares and Geographical Weighted Regression 

The relationship between LST and (NDBI/NDVI) was assessed. The outcome of OLS 

regression revealed a significant positive correlation between LST and NDBI, whilst a 

significant negative correlation was revealed between LST and NDVI. This outcome agreed 

with the negative linear relationship between mean LST and NDVI values in the works of 

(Firozjaei et al., 2019; Guo et al., 2015; Shu et al., 2014; Weng, 2005). The variable NDBI had 

a larger influence on LST prediction based on the equations for OLS regression and the 

coefficients of (intercept, NDVI and NDBI) for GWR generated (See sections 5.1.7.1 and 

5.1.7.2). This was consistent with the findings of (Firozjaei et al., 2019; Grover & Singh, 2015; 

Li et al., 2010) which concluded that the most influential biophysical parameter of LST 

variations was NDBI. The inland water environment of Accra yielded a negative correlation 

between LST and NDVI and was comparable to the outcome of the work of Ghobadi et al. 

(2015). This outcome corroborated the findings related to the UHI effect, in Quanzhou city (Xu 

et al., 2009) and some megacities of Southeast Asia (Estoque et al., 2017a). These initial 

works indicated a significant positive correlation between mean LST and the density of 

impervious surfaces, whilst this correlation was negative for green areas (Wilson et al., 2003). 

It can be argued that the GWR model’s prediction accuracy was better than OLS as the works 

of (Alibakhshi et al., 2020; Guha et al., 2018; Li et al., 2010; Luo & Peng, 2016; Zhao et al., 

2018) revealed similar results compared to this work. However, overall, it was found that GWR 

performed better, and it is attributed to the fact that there was the inclusion of the spatial 

component as emphasised in the research of Foody (2003).  

The findings from regression analysis between LST and (NDVI/NDBI) will serve as a base 

study for further research by the scientific community, especially for related studies in Ghana 

and other tropical countries. The regression analysis also revealed that more attention had 

been given to the spatial urban expansion of urban/built-up areas without consideration for 

green areas (agricultural and forestlands). This could lead to exposure to high radiation from 

the sun, which may not be well for the general well-being of humans and other mammals in 

urban/built-up areas. 
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6.1.5 Analysis of temperature data 

6.1.5.1 Annual plots of temperature for both cities 

Temperature variations were minimal in both cities due to the local climate. The temperature 

did not substantially differ since the cities are 250 km apart (Amoako & Boamah, 2015; 

Dickson et al., 1988). The distance between both cities is attributed to the less variation in 

temperature as the highest correlation was revealed for (maximum and minimum temperature) 

for both cities. The increase in the measured average maximum and minimum temperatures 

for 1987, 1998 and 2010 could be due to inherent characteristics present in the temperature 

dataset. The sudden decrease in the maximum and minimum temperature for Accra could be 

considered, an outlier for the entire temperature dataset.  

This preliminary analysis stands to serve as a basis for the analysis of temperature in both 

cities and will serve as a rudimentary source of information for other researchers for future 

studies.  

6.1.5.2 Temperature indices 

It was generally observed that there were decreasing trends in cold nights (Figure 5.14) 

compared to increasing trends in warm nights (Figure 5.16). These results agreed with the 

works of (Klein Tank et al., 2006; New et al., 2006; You et al., 2011). There were fluctuations 

in both the cold days (Figure 5.13) and warm days (Figure 5.15). However, the bottoming of 

cold days might be due to inherent characteristics present in the temperature dataset. The 

trends in the minimum temperature indices (i.e. the annual, monthly minimum value of daily 

minimum temperature) were higher than the maximum temperature indices (annual, monthly 

maximum value of daily minimum temperature). Minimal increasing trends were obtained in 

DTR. This could be attributed to the increase in the minimum temperatures in the three 

decades of study. The annual monthly maximum values of daily maximum and monthly 

minimum values of daily minimum represent the hottest day and coldest day temperatures. 

The hottest day temperature was positive and significant in Accra, but it was non-significant 

in both cities on the coldest day temperature. This outcome attests to the increased urban 

warming experienced in both cities. 

The monthly mean difference between the maximum and minimum temperature showed 

significant positive trends in both cities. The decrease in the DTR may be an indicator of urban 

warming in both cities. This was similar to the findings of (Easterling et al., 1997), where DTR 

increased significantly. Earlier works have revealed that the minimum temperature has 

increased faster than the maximum temperature (Alexander et al., 2006; Stone & Weaver, 

2002; Wemegah et al., 2020). 
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The annual monthly maximum value of the daily minimum and annual the monthly minimum 

value of the daily minimum were significant in both cities (figures 5.18 and 5.20). This reflected 

the physical realities as there is a high demand for cold drinks and high production of ice 

blocks, as observed during field visits. The warm days could have increased the demand for 

chilled drinks, especially when people are stuck in traffic in both cities. 

The significance of increasing warm days in both cities reaffirmed the impacts of temperature 

changes (Figure 5.15). The rise in warm days might have led to discomfort amongst the 

populace and increased cooling systems in houses and vehicles in both cities. 

Warm nights have increased in both cities (Figure 5.16). It has made people who cannot afford 

the cooling systems in their homes sleep on the compounds of their homes, especially when 

there is no supply of electricity.  

Previous researches have established the nexus between temperature variability and human 

health. This study agrees with Chan et al. (2012) that increasing warm days and warm nights 

may affect the health of the aged, especially it could lead to respiratory disorders. It is also 

asserted that malaria increases with extreme temperatures (Nelson & Agbey, 2005). Danuour 

et al. (2010) revealed a positive correlation between maximum temperature and the incidence 

of malaria. In the case of infants, heat rashes develop on their skins (Basagaña et al., 2011; 

Xu et al., 2012). This is very discomforting for babies (Basagaña et al., 2011; Xu et al., 2012). 

The findings in this research suggest that there could be an impact of heat influx on the 

populace in both cities. The findings agreed with the earlier studies of (Alexander et al., 2006; 

Volodin & Yurova, 2013) that indicated that urban warming was caused by rises in warm 

extremes.   

Therefore, the consequences of increasing warm days and nights and reducing the cold days 

and nights may lead to increased heat-stressed diseases associated with the lungs and skins 

of humans in both cities. Health practitioners, especially those in the field of dermatology and 

pulmonology, may benefit from this outcome by educating their patients on the effects rising 

temperature may have on them and could also design mitigation measures to help guard their 

patients against the harsh extremes of temperature in both cities.  The analysis using the 

temperature indices provided in-depth comprehension of the meteorological variables. 
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6.1.5.3 Trends in temperature (indices, seasonal and annual)  

The trends identified a higher rise in the number of warm days and warm nights in both cities 

compared to the number of cold days and cold nights which were similar to the findings of 

Huong & Pathirana, (2013). The annual monthly maximum value of daily minimum 

temperature, the annual monthly maximum value of daily minimum temperature and the 

diurnal temperature range produced the same values for both cities in Table 5.9. This confirms 

that there is less variation in temperature as similar trends were found in this research as 

found in previous literature in the works of (Amoako & Boamah, 2015; Dickson et al., 1988). 

The higher variation in the annual monthly minimum value of daily maximum temperatures of 

Accra compared to Kumasi may be attributed to the higher number of warm days in Accra 

compared to Kumasi. 

The increasing trends in temperature as found in this research are consistent with previously 

published works in different geographical locations in Ghana that revealed increasing 

temperature (Kabo-Bah et al. 2016; Nkrumah et al. 2014). There was an increase in 

temperature in both the maximum and minimum temperatures in both cities and it was in line 

with the results in the work of  Gocic & Trajkovic, (2013), where increasing trends were 

identified in both the annual and seasonal maximum and minimum air temperature time series 

analysis. There were increasing trends in annual maximum temperature ranging between 

0.5°C/year to 0.7°C/year at the Negotin weather station. However, the annual minimum 

temperature ranged between 0.3°C/year to 0.4°C/year (Gocic & Trajkovic, 2013).  This was 

higher than the values obtained in this research. This higher variation may be due to the 

differences in the biophysical factors at the different geographical locations. In addition, the 

work of Mahmoud, (2016) revealed that Abuja has witnessed a minimum increase of 8°C from 

1986 to 2014 (i.e. 0.28 °C/year) whilst the annual average temperature has also increased by 

0.83°C while the annual average maximum temperature also increased by 1.6°C during the 

32 years of study in Istanbul (Karaburun et al., 2011). The works of (Karaburun et al., 2011; 

Mahmoud, 2016) recorded higher changes in the temperature as compared to this research. 

The results in the work also agree with the research of (MESTI, 2013) which indicated the 

temperature of Ghana had increased by about 1.0°C between 1960 and 2000. Again, it 

collaborates with the works of Dontwi et al., (2008) that the maximum temperature rose by 

2.2°C from 1960 to 2001 and  Adu-Prah et al., (2019) also concluded that was a rise in 

temperature between 0.5°C to 1.0°C from 1981 to 2009 in Ghana, although the figures 

produced in Table 5.9 were lower. It is therefore evident that there are increasing trends even 

though the values differ amongst the various researches, especially in Ghana. The differences 

could be attributed to the different ranges of temperature data utilised and the extent of 

coverage in terms of physical/administrative borders.   
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It was interesting that for maximum temperature; the dry, wet and annual of lag 1 serial 

correlation coefficient produced higher values in Kumasi compared to Accra whilst the reverse 

was found for minimum temperature (Table .5.10). This may be linked to the lower range of 

recorded values for maximum temperature for Kumasi and the lower ranges of values for 

minimum temperature in Kumasi.  

The Mann Kendall and Sen`s slope tests revealed no trends in the maximum temperature in 

the wet season and annual assessment of Accra but a significant trend was detected in the 

dry season. The reverse was found in Kumasi as no trend was found in the dry season of 

Kumasi. However, trends were detected in the wet and annual of Kumasi. The wet, dry and 

annual for minimum temperature had trends, meaning the results were significant in both 

cities. This may explain the fact that minimum temperature has been rising in both cities and 

it agrees with earlier works that minimum temperatures are rising higher as compared to 

maximum temperature (Alexander et al. 2006; Stone & Weaver, 2002). 

Increasing trends in both seasonal and annual temperature could lead to consequences such 

as dry spells and droughts. This has an enormous negative impact on food security, gross 

domestic products and agriculture (MESTI, 2013). The rising temperature could also reduce 

surface and groundwater resources. Policymakers may use this outcome as a springboard for 

developing information for the needed populace to reduce vulnerabilities to extreme 

temperature variations and also aid in the planning of the mitigation actions needed to avert 

the continuous increases in temperature. 

6.2 Environmental technology component 

6.2.1 Satellite image classification 

The random forest classification algorithm utilised the pixel values from the training sites to 

define and delineate the various Land Use Land Cover types in both cities. The evaluation 

criteria for the classified satellite images were based on their classification accuracies. As a 

result, the kappa statistics of all the classified maps of both cities were above the 85% 

regarded as the minimum standard set by the USGS classification scheme( Anderson et al., 

1976).  

The overall, producer and user accuracies produced in this work were higher in comparison 

with earlier works in both cities and in other study areas in Ghana, including the works of 

(Abass et al., 2018; Acheampong et al., 2018; Adjei et al., 2014; Afriyie et al., 2014; Ashiagbor 

et al., 2019; Attua & Fisher, 2011; Buo et al., 2020; Koranteng, 2014; Kumi-Boateng et al., 

2015; Owusu, 2018; Yeboah et al., 2017) that utilised the maximum likelihood algorithm for 

their satellite image classification. Other studies that compared random forests to other 
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classifiers also concluded that the random forest classifier was better compared to the others 

(Adam et al., 2014; Akar & Güngör, 2012; Gong et al., 2018; Lowe & Kulkarni, 2015; 

Rodriguez-Galiano et al., 2012). The better performance of the RF in this research also agreed 

with the findings of the above-cited works that random forest classifier performs better in 

satellite image classification. The ability of the RF algorithm to yield higher accuracies could 

be attributed to its inherent design capabilities (Fassnacht et al., 2016; Thanh Noi & Kappas, 

2017). In addition, the RF demonstrated its robustness in the classification of land use land 

cover types (Gyamfi-Ampadu et al., 2020; Matasci et al., 2018; Pelletier et al., 2016). 

The extraction of the various LULC types using Landsat satellite imagery provided insights 

that sought to contribute to the existing knowledge on using the random forest algorithm for 

satellite image classification. It upgraded the traditional extraction techniques classifiers 

utilised in satellite image classification in both cities and other study areas in Ghana. 

Therefore, it is urged that attention should be shifted to the use of machine learning algorithms 

for the classification of LULC classes by researchers, especially in Ghana as they have proven 

to be better classifiers than the traditional classifiers previously used in the classification of 

LULC classes in both cities. The random forest algorithm yielded higher producer, user, overall 

accuracies and kappa statistics for the classified images as demonstrated in this research. 

Therefore, researchers in this field can adopt the machine learning algorithms such as random 

forest for future LULC studies, especially in Ghana. 

6.2.2 Clustering of Urban Heat Islands 

Both cities have experienced growing urban/built-up areas and thus the vegetation 

(agricultural and forestlands) has been replaced by impervious surfaces. Many residents in 

both cities are moving toward the urban fringes in both cities (Abass et al., 2018; Addae & 

Oppelt, 2019). Eventually, this has shifted the cities from the core portions into multi-nuclei 

forms. The statistical analysis for clustering UHIs revealed that Accra's water, forest, and 

agricultural lands experienced low LST while the urban/built-up areas experienced high LST. 

This was similar to Kumasi, where urban/built-up areas recorded higher LST compared to 

agricultural and forestlands which indicated the clustering of UHI hotspots in both cities 

(Adeyeri et al., 2017; Prasad et al., 2013). The decreasing trend of the non-significant LST 

points meant the increasing trends in urban warming are continuously occurring over the years 

in both cities. The low LST clustering in the water environment (located on the western part of 

the Accra metropolis) of Accra confirms that water may contribute less to the development of 

UHIs in Accra. However, in the case of the high clustering that was mainly found in the Eastern 

parts of the Accra metropolis can be attributed to the fact that these areas were mainly 

classified as urban/built-up areas. Again, the low clustering of LST in the northern parts of the 
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Accra metropolis may be due to the reasons that the main forestlands known as the Achimota 

forest is located in the north of the metropolis. In Kumasi, the high clustering of LST was mainly 

concentrated in the central portions. This phenomenon was not surprising as these areas were 

mainly classified as urban/built-up areas. However, the low clustering was mainly found at the 

peripherals of Kumasi that explains the development of Kumasi after 1986 was central and it 

spread outwards. It is also interesting that the number of low clustering of LST revealed a 

decreasing trend. This may also indicate that increasing the area of coverage of urban/built-

up areas may also decrease low clustering of LST in Kumasi.  

The LST significance tested at 0.001, 0.01 and 0.05 revealed a decreasing trend in the non-

significant points for the study years which is an indication of increasing temperature in Accra. 

The increasing trends at a significance level of 0.05 and 0.01 also indicated the increased 

hotspots of UHIs in Accra. The consistency of the water environment located in Accra (western 

boundary) was also significant at 0.001. This meant that water bodies do not contribute to the 

clustering of UHI hotspots in Accra. Kumasi revealed an increasing trend in the non-significant 

points throughout the study years. 

The water environment in Accra consistently produced low LST and low NDVI throughout the 

study period. However, there was a decreasing trend in the bivariate analysis of low LST and 

low NDVI. Thus, it can be inferred from these results that more areas record high LST, such 

areas record low LST and thus, confirms the inverse relationship between LST and NDVI. The 

increasing trend in the (low LST – high NDVI) and (high LST – low NDVI) and was similar to 

the results in the work of Mahmoud, (2016). In Kumasi, it was observed that a small number 

of points that yielded (high LST and high NDVI) and (low LST and low NDVI) were low. This 

result was similar to the patterns observed in the work of Mahmoud, (2016). There was an 

inconsistent trend in the (low LST – high LST) and (high LST – low LST). This observed 

inconsistency may be attributed to the different months at which satellite images were taken 

or weather changes due to alterations in the atmosphere. The inverse relationship between 

LST and NDVI was revealed in both cities as most points that yielded high LST had less NDVI 

and vice versa. The continuous increase in the UHI hotspots could lead to a rise in greenhouse 

gas emissions (Liu & Deng, 2011). Furthermore, the high temperature could lead to increased 

energy use for cooling, which might accelerate the formation of smog (Bajwa et al., 2015).  

The bivariate analysis of (LST-NDBI) of Accra revealed that the number of significant points 

decreased throughout the study period. The points with high LST – high NDBI increased 

throughout the study period. However, there were no observable trends were seen in the (low 

LST – low NDBI) and (high LST – low NDBI). This illustrated that there is a positive correlation 

between LST and NDBI as found in the work of Mahmoud et al (2016). 
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There were observable increasing trends in (low LST – high NDBI) and (high LST – low NDBI) 

in the bivariate analysis of (LST – NDBI) of Kumasi. Generally, there were no observable 

patterns in the other comparisons. These may be inherent characteristics in the satellite 

images or the time at which the satellite images were taken and the particular prevailing 

conditions in the weather. 

Therefore, urban and city managers may encourage the mitigation of UHIs using cooling 

surfaces such as green roofs and reduce the use of impermeable urban materials. Another 

practical implementation that could aid in the reduction of UHIs in both cities that urban 

planners could adopt is to ensure that factors such as building geometry, design and 

orientation should be highly enforced as they can affect access, absorption and reflection of 

the sun’s radiation. It is therefore urged that city managers and planners should redirect their 

focus from the urban spatial expansion that is spearheaded by population increases and 

economic growth without proper plans to mitigate the adverse effects of spatial urban 

expansion on the vegetation (agricultural and forestlands). The horizontal spread of 

urban/built-up areas increases the urban traps and further exacerbates the solar radiation. 

The use of vertical spaces in both cities will put less pressure on the vegetated areas. This 

will intend to reduce the UHI hotspots in both cities. It was revealed during field visits that the 

concrete materials utilised in the construction of fencing walls absorb heat and influence heat 

in the environment which is supported by earlier work in Ghana (Appiah et al., 2017). Other 

studies have also indicated that buildings and other impervious layers may result in an 

increased land surface temperature and air temperature (Estoque et al., 2017b; Lu & Weng, 

2006; Peng et al., 2016) whilst vegetated areas reduce land surface temperature and air 

temperature (Bao et al., 2016; Berger et al., 2017; Feyisa et al., 2014). Thus it has been 

concluded in earlier studies that increased urban/built-up areas lead to increased UHIs 

(Ranagalage 2018; Chen et al 2018). The technique was useful for the identification of 

clustered points and aided in the urban heat island hotspots. 

6.2.3 Correlation analysis 

The correlation analysis also revealed similar patterns as the relationships between LST and 

NDBI, which was positive. This outcome is comparable to the works of (Ranagalage et al., 

2017; Zhou & Wang, 2011). The relationship may be described as stronger in Accra compared 

to Kumasi. It may also be deduced that there are many impervious surfaces in Accra in 

comparison to Kumasi because of the higher correlation between LST and NDBI in Kumasi. 

However, the correlation between LST and NDVI was negative in both cities. Similar 

correlation patterns were revealed in the works of (Guha et al., 2018; Malik et al., 2019) and 

illustrated that NDVI has a negative correlation with LST.  
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The correlation between NDVI and NDBI was negative throughout the study years in both 

cities and could be described as strong. This is also similar to earlier works of Guha et al., 

(2017) and Mahmoud, (2016). 

Therefore, it is imperative to protect the forestlands in both cities, especially the Achimota 

forest in Accra, by the Forest Commission as further encroachment into the reserve could 

further increase and decrease the correlation between LST/NDBI and LST/NDVI, respectively, 

in both cities. This could have adverse effects on the balance of the provision of ecosystem 

services. 

6.3 Planning and management purposes 

6.3.1 Analysis of spatial urban expansion 

The pattern of spatial urban expansion for Accra was observed as outwards and northwards, 

but in Kumasi, there was lateral expansion in most sub-metropolitan zones. The demand for 

residential sites could be the main driver for the spatial urban expansion in both cities. The 

urban/built-up areas have been put under intense pressure in both cities, as concluded in the 

researches of (Afriyie et al., 2014; Buo et al., 2020; Wemegah et al., 2020). It was on record 

that 50% of the buildings in the Metropolis were single-storey compound houses, and most of 

the multi-storey did not exceed the third level (Akubia & Bruns, 2019; Malpezzi et al., 1989). 

The spatial urban expansion is largely unplanned and uncontrolled in both cities (Akubia & 

Bruns, 2019; Malpezzi et al., 1989; Puplampu & Boafo, 2021). 

Regarding the sub-metropolitan zones in Accra, Osu Klottey recorded the least spatial urban 

expansion. This could be attributed to the fact that the initial settlers of Accra lived in Osu 

Klottey and thus, had smaller portions left for further spatial urban expansion. The spatial 

urban expansion could be attributed to the existence of most governmental institutions in  Osu 

Klottey during the colonial and post-independence eras (Dickson, 1969). The spatial urban 

expansion was highly noticed in the northern parts of Ablekuma, Okaikoi and Kpeshie sub-

metropolitan zones since they were put under intense transformation from other LULC types 

into urban/built-up areas. The spatial urban expansion revealed in this research supports the 

earlier works of ( Grant & Yankson, 2003) that concluded that Accra experienced earlier spatial 

urban expansion before the 1980s, which was evident from the analysis of the 1986 satellite 

imagery of Accra. Lands close to the adjoining towns were considered hotspots because of 

the demand for residential lands in the Accra Metropolis (Addae & Oppelt, 2019; Attua & 

Fisher, 2011). 

The highest spatial urban expansion in Kumasi occurred in the Oforikrom sub-metropolitan 

zone and this may be attributed to the presence of many institutions of higher learning, 
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including the Kwame Nkrumah University of Science and Technology and the other five tertiary 

institutions. This could have triggered the conversion of other LULC types into urban/built-up 

areas. However, the least urban expansion recorded in the Manhyia sub-metropolitan zone 

may be linked to the traditional controls that have restricted the indiscriminate transformation 

of other LULC into urban/built-up areas (Ghana Statistical Service (GSS), 2014).  

The density decay curve revealed similar patterns for both 400 m and 500 m in both cities. 

The downward decline in the trend in the density decay curve of Accra confirmed the earlier 

works of (Doan & Oduro, 2012; Richard Grant & Nijman, 2002) that Accra had been expanding 

before the 1980s. In the case of Kumasi, there was an increase from 2800 m to 4000 m also 

corroborates with earlier works that urban/built-up areas are on the increase in the Kumasi 

Metropolis (Abass et al., 2018; Koranteng, 2014). 

Some of the observed impacts of spatial urban expansion were the encroachment on 

agricultural and forestlands for residential and commercial uses in both cities. There have 

been transformations from public open spaces, especially green spaces, into urban/built-up 

areas in both cities (Cobbinah & Niminga-Beka, 2017). 

In Accra, it was revealed that there was a negative correlation between the density of spatial 

urban expansion and the distance to a major road which was in sharp contrast to Kumasi. In 

Accra, the density was reduced for areas further away from the George Bush Highway within 

the 4 km stretch, which was different for Kumasi. Within both buffers (400 m and 500 m) of 

Accra, it was observed that the urban/built-up areas were concentrated in the buffers close to 

the George Bush Highway. There was a negative correlation between the density of spatial 

urban expansion and the distance to a major road. Farther away from the George Bush 

Highway meant the lesser the density of the spatial urban expansion. The presence of the 

Achimota forest along the highway accounted for the break-in of the spatial urban expansion 

in the middle portions along the highway. The pattern may be attributed to the proximity of 

social amenities to the highway. City developers like to develop sites close to the highway to 

take full advantage of the existing infrastructure and social amenities. The buffers of 400 m 

and 500 m in Kumasi yielded a positive correlation between the density of spatial urban 

expansion and the distance to a major road. The higher the density of spatial urban expansion, 

the further away from the Kumasi – Accra major road. As the buffer's size increased, it was 

observed that non-urban areas had been transformed into urban/built-up areas. According to 

the (Ministry of Food and Agriculture, 2017), there was a continuous decline in the output of 

croplands in Kumasi from 2001 to 2017. This also partly explains the spatial urban expansion 

in Kumasi. This outcome agreed with the earlier assertion that agricultural lands are the first 

to be converted into urban/built-up areas (Frimpong, 2015). This implies the scramble for lands 
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that are close to the highway seems to continue unabated. Other forms of flora and fauna 

could be affected, emphasising their populations and ecological importance to the balance of 

the ecosystem. Considerations of the effects of these conversions are not done with the focus 

majorly on the development of the lands for commercial or residential purposes. 

The student T-test used to analyse the correlation between the density of spatial urban 

expansion and the distance to a major road was only significant in the 400 m buffer for Kumasi 

and this outcome was comparable to the result of the work of Kumi-Boateng et al. (2015) in 

the Sekondi-Takoradi Metropolis in Ghana using a buffer of 500 m. Although the results were 

only significant at 400 m at Kumasi, the overall urban expansion techniques implied that both 

cities are the hotspots for spatial urban expansion plans in Ghana.  

The adopted techniques (i.e. spatial urban expansion in the sub-metropolitan zones, buffers 

(400 m and 500 m), the density of spatial urban expansion (density decay curve, correlation 

between density of spatial urban expansion and distance from a major road) used in tracking 

spatial urban expansion revealed that there had been an imbalance for lands for spatial urban 

expansion (housing units, infrastructural projects and economic activities) on one side and the 

preservation of forestlands, agricultural lands, biodiversity and ecosystem services on the 

other hand. The improper spatial planning has led to the sporadic expansion of urban/built-up 

areas, especially Kumasi. The spatial urban expansion is not concentrated and designated in 

well-planned areas. This may lead to unsustainable land development in Ghana. In addition, 

existing policies have not circumvented the relevant stakeholders' environmental challenges 

such as livelihood losses, noise pollution, and food insecurity. Implementation of spatial urban 

expansion strategies should be prioritised to ensure the proper integration of spatial and 

environmental planning in both cities as well as the adjoining municipalities. 

Policies and measures may be put in place by policymakers and urban planners to control and 

slow down the rate of spatial urban expansion in both cities. A good policy that can be adopted 

is the green belt strategy that can be adopted to limit spatial urban expansion. These policies 

should encourage redevelopments and infills rather than uncontrolled leapfrog developments, 

which mostly result in the development of new informal settlements, which is a characteristic 

of many places in both cities. This strategy was successful in Germany and was adopted to 

control spatial urban expansion in most cities (Siedentop et al. 2016).  

The findings are helpful for policymakers to better understand and address these complex 

relationships between spatial urban expansion, other LULC types, policy and the environment. 

Therefore, it is important to develop an improved regional environmental management 

strategy and formulate land-use policies that balance LULCC and environmental 

sustainability.  
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6.3.2 Change detection and land use land cover modelling and validation 

6.3.2.1 Change detection 

The change in areal extent revealed that the highest changes were from agricultural and 

forestlands to urban/built-up areas. As a result, urban/built-up areas have benefited more at 

the expense of agricultural and forestland areas. (Tables 5.2 and 5.4). 

These areal changes, especially into urban/built-up areas, were consistent with the works of 

(Abass et al., 2018; Buo et al., 2020; Mensah et al., 2020; Wemegah et al., 2020; Yeboah et 

al., 2017). The projected changes from 2015 to 2025 also revealed that the other LULC types 

are expected to be converted into urban/built-up areas. These projected alterations from other 

LULC types into urban/built-up areas were also predicted in the works of (Addae & Oppelt, 

2019; Attua & Fisher, 2011) in the Greater Accra Metropolitan Assembly and New Juaben 

Municipality, respectively, in Ghana. This might have serious implications on food security 

since the conversion of agricultural lands into urban/built-up areas could lead to food scarcity 

in both cities. In addition, the loss of forestlands could also increase urban warming and air 

pollution in both cities. 

An urban/built-up area is regarded as rewarding compared to agricultural and forestlands. This 

accelerated the process of land transformation from agricultural lands into urban/built-up areas 

(Skinner et al., 2001). This research confirmed that forest and agricultural lands are converted 

into residential areas, public places, roads and industries (Abass et al., 2013; Buo et al., 2020; 

Mensah, 2014; Quagraine, 2011; Wemegah et al., 2020).  

In Kumasi, most of the green areas, including the Adehyeman Gardens, have undergone an 

intensive transformation into economic hubs. The initial greenery has all been depleted (Asare, 

2013). The tennis court located close to the Kumasi Technical University has been converted 

into a bus terminal. The major recreational football pitches in the city have all witnessed 

changes in LULC (Mensah, 2014). The forestlands have been converted to urban/built-up 

areas (Quagraine, 2011). Deforestation has long been documented as a major challenge in 

Ghana (Adu-Poku et al., 2012). The work of (Koranteng 2014) concluded that LULCC were 

caused by rapid population growth, logging, crop production and fuelwood. The agricultural 

lands in Kumasi were transformed into urban/built-up areas (residential, industrial and 

commercial areas) (Abass et al., 2018; Koranteng, 2014). The implications of this research 

corroborate with earlier findings, including the work of (Buo et al., 2020; Koranteng & Zawia-

nied, 2008; Mensah et al., 2020) that urban agriculture and biodiversity might be at risk in 

Kumasi. Results from this work were in line with (Koranteng 2014) which indicated that the 

LULC of Kumasi had undergone intense changes. Findings from this research were consistent 

with the earlier works of (Zhou & Wang, 2011), using Kunming city in China. It was observed 



154 
 

that spatial urban expansion has led to substantial losses in the natural landscape. In the 

United States, between 1982 and 1997, 34 million acres (4.4%) of forestlands were lost to 

urban/built-up areas (Alig et al., 2010). However, this implies that uncontrolled spatial urban 

expansion of cities may reduce agricultural and forestlands.  

The losses in agricultural and forestlands are due to inadequate and weak policy regimes. 

Most of the standard planning used by the Town and Country Planning under the Town and 

Country Planning Ordinance, 1945 (CAP 84), Town and Country Planning (Amendment) Act, 

1960 (Act 33) are long outdated and are not in line with the current international standards. 

The Ministry of Lands and Forestry of Ghana initiated the National Land Policy in 1999 to 

control land development in the country. Nonetheless, even though the regulations are in 

place, enormous illegal development continues to happen in Ghana. The reasons for the 

uncontrolled spatial urban expansion are related to compromised enforcement of laws that is 

influenced by the lack of resources and the strong will of traditional leaders or land custodians 

to have control over land development (Stow et al., 2016). The passing of Ghana’s land use 

and spatial planning bill into law (Act 925) was a great tool to ensure sustainable land 

development via a decentralised planning system. This enabled the planning agencies at the 

various levels to control physical developments to ensure orderliness and harmony (Ministry 

of Environment, Science and Technology National Science, Technology and Innovation 

Policy, 2015). The biggest challenges with Ghana’s laws and regulations are related to 

compliance and enforcement. Law enforcement is lenient regarding land use in Ghana 

(MESTI, 2015). This laxity of the laws could account for the losses in forest and agricultural 

lands in both cities. 

There should be proper implementation of the relevant policies regarding LULC. Furthermore, 

these policies need to be updated to suit the current demands of society, and the enforcing 

agencies should be abreast with trends and happenings on the ground through proper 

monitoring using manned and unmanned surveillance techniques. 

Heavily populated sub-metropolitan areas should have green areas with adequate numbers 

of trees. This should be encouraged in both cities by the parks and gardens department of the 

Ministry of Food and Agriculture. 

6.3.3 Land use land cover modelling and validation 

Based on both cities' forecasted future LULC maps, urban/built-up areas are projected to 

increase unabated. In addition, the peripherals of both cities are expanding and moving 

towards their adjoining districts. It is also expected that agricultural and forestlands are likely 

to be encroached on by developers. This forecast is in line with earlier studies in Ghana in the 

Greater Accra Metropolitan Area (Addae & Oppelt, 2019); in New Juaben (Attua & Fisher, 
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2011); Tema (Mariwah et al., 2015), Sekondi-Takoradi (Acheampong et al., 2018), Koforidua 

(Nyamekye et al., 2020); in Nigeria,  Abuja (Mahmoud et al., 2016) and Zaria (Koko et al., 

2020); Harare, Zimbabwe (Marondedze & Schütt, 2019); Daqahlia, Egypt (Hegazy & Kaloop, 

2015); Beijing, China (Huang et al., 2020); Wargangal and Allahabad, India (Satya et al., 2020;  

Singh et al., 2015). 

There is empirical evidence of spatial urban expansion and an outlook of how both cities will 

develop in the year 2025. The research findings provided city managers with valuable 

information on spatial urban expansion in the years to come. Based on this forecast, 

stakeholders involved in urban development can make decisions regarding areas that need 

prioritization in terms of neighbourhood design and planning, provision of amenities, and the 

formulation of urban policies and their implementation. Again, initiatives must be directed 

toward the peri-urban areas where most of the spatial urban expansion is projected to occur. 

With the right policies and actions, the occurrence of informal settlements in these prioritised 

areas could be curbed. 

This portion of the research revealed serious consequences for environmental hazards. The 

forestlands, mainly the Achimota Forest reserve, is projected to deplete as the forest reserve 

comes under pressure from spatial urban expansion. The destruction of these ecologically 

vital lands would increase the incidence of flooding and water pollution in both cities. 

Therefore, these lands need to be protected from spatial urban expansion through the 

enforcement of strict encroachment regulations. 

The findings from this study provided deeper insights into the spatial urban expansion in both 

cities. The rudimentary comprehension of the urbanisation process in this research can lead 

to designing and implementing sustainable urban growth and management strategies for both 

cities. The outcome provided a better understanding of future spatial urban expansion and its 

vital implications for urban planning and management in Ghana and other developing 

countries. 

Urban modelling and simulation potency should be utilised in spatial urban planning and policy 

formulation in both cities and other developing cities through research collaborations with 

Remote Sensing firms. The utilisation of land-use models is effective in the analysis of future 

scenarios. The scenarios may generate multiple views of the future and will aid to reduce the 

uncertainty in policymaking through the provision of robust decision-making strategies by 

policymakers. This aids policymakers and city planners to make appropriate policies and 

manage future spatial urban expansions effectively (see chapter 7.5.3 for further details). 
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CHAPTER SEVEN 

Research conclusions and future guidelines 

This research addressed the important research questions related to the relationship between 

spatial urban expansion and temperature. Accra and Kumasi were used as test sites by 

integrating remote sensing, temperature datasets and GIS modelling approaches. The in-

depth analysis of spatial urban expansion and temperature was investigated using LULCC 

inventories of 1986, 2003 and 2015 for Accra and 1986, 2013 and 2015 for Kumasi. 

The approaches utilised were adopted to aid investigate the relationship between spatial urban 

expansion and temperature. It further provided future projections of land use land cover for 

the year 2025. The results provided empirical evidence that there is a direct relationship 

between spatial urban expansion and temperature. 

This research clearly illustrated that the approaches utilised could be effective and efficient for 

any studies of this nature. The study adopted the same boundary of years for a longer period 

(1986 to 2015) to provide insights into the magnitude and trends in LULCC in both cities. This 

research also extracted and assessed the interplay among the RS indices and LST. It also 

analysed in-situ temperature, calculated temperature indices and investigated trends in 

temperature. 

In addition, the research also investigated UHI clustering using satellite imagery with a focus 

on LST significance and the relationship between LST and (NDVI/NDBI). 

Finally, the research also focused on providing comprehensive insights into the urban/built-up 

areas in both cities down to the level of the sub-metropolitan zones. It also modelled the future 

scenario for the year 2025. 

The research addressed gaps in the literature in the context of Ghana, especially in both cities. 

These filled knowledge gaps were; 

 The relationship between LST and (NDVI/NDBI) using regression models 

 The use of the novel machine learning algorithm for the classification of the LULC 

classes in both cities.  

  Clustering of UHIs by point-based estimation using satellite imagery to determine the 

hotspots in both cities.  

 The provision of comprehensive insights into the spatial urban expansion in both cities 

to the sub-metropolitan level was also novel in this research. 
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The final synthesis and research questions were addressed and were segmented into three 

components as follows; 

- Environmental science 

- Environmental technology 

- Environmental management and planning 

7.1 Environmental science component 

In this subsection, the synthesis of the major findings from the analysis of Land Use Land 

Cover (LULC) and Remote Sensing (RS) indices; by processing satellite images, classifying 

the selected satellite images, extracting remote sensing indices and determining their 

relationships through regression, retrieving land surface temperature (both on city-level and 

fine-scale), a visual comparison amongst the False Colour Composite (FCC), LULC and Land 

Surface Temperature (LST), providing insights into the chosen set of temperature data, 

generating temperature indices and revealing trends in temperature were outlined for both 

cities. The adapted techniques utilised in this research provided in-depth insights into the 

research questions based on the trends in the various LULC types and the trends in the 

calculated indices and seasonal variations in the temperature dataset.   

7.1.1 Satellite image processing 

The subsection was used to answer the research question: 

1a. What are the trends in the various LULC types in both cities throughout the study period? 

The limited cloud-free satellite images from the Landsat series of sensors (TM, ETM, and OLI) 

were mainly employed for extracting valuable information for this research. The LULC 

classification scheme grouped the study areas into urban/built-up areas, agricultural and 

forestlands. In the case of Accra, waterbodies were added to the classes. The dominant class 

that also revealed increasing trends were the urban/built-up areas, whilst the green areas 

(agricultural and forestlands) were decreasing throughout the study period. The waterbodies 

(in Accra) were the least to experience changes throughout the timeframe of this research. 

The results obtained generally confirmed the usefulness of these adopted techniques to 

extract meaningful information from satellite imagery and provide insights into the various 

LULC classes identified in the satellite imageries utilised in this research. 

 

The subsections of (7.1.2, 7.1.3 and 7.1.4) addressed the research question: 

1b. Are higher temperatures recorded in the urban/built-up areas compared to the other 

LULC types? 
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7.1.2 Remote sensing indices and land surface temperature  

7.1.2.1 City-level analysis of land surface temperature  

The general overview at the city-level of Normalised Difference Vegetation Index (NDVI) in 

both cities revealed that green areas (agricultural and forestlands) have higher values for NDVI 

in comparison with urban/built-up areas, but that was the reversal for the general overview of 

Normalised Difference Built-up Index (NDBI) in both cities. The NDBI was higher in the 

urban/built-up areas compared to the other LULC types. The city-level analysis of land surface 

temperature also revealed higher temperatures for both cities' core parts, which were 

dominantly urban/built-up areas. The NDBI values were higher in the urban/built-up areas as 

compared to its peripherals.  

7.1.2.2 Fine-scale analysis of land surface temperature  

The fine-scale analysis of Land Surface Temperature (LST) utilised an area of (1 km × 1 km).  

Three areas classified as formal, semi-formal, and informal were chosen for both cities and 

used to compare FCC, LULC and LST. 

The comparison amongst the FCC, LULC and LST showed high consistency. Green areas 

(agricultural and forestlands) produced lower temperatures that sharply contrast with 

urban/built-up areas that produced higher values for temperature in the chosen sites in both 

cities. 

7.1.3 Regression analysis 

The regression analysis was also used to assess the relationship between LST and the RS 

indices (NDVI/NDBI). It revealed that NDBI highly influenced LST implying a direct relationship 

between LST and NDBI.  However, the regression established that there was an inverse 

relationship between LST and NDVI utilizing both the OLS regression and GWR.  

The results indicated that GWR provided a better regression model to establish the 

relationship between LST and (NDBI/NDVI) compared to the OLS regression. The regression 

analysis proved useful for assessing the relationship between LST and (NDVI/NDBI). These 

results indicated that LST was higher in the urban/built-up areas in both cities. 

7.1.4 Relationship between LULC and remote sensing indices/land surface 

temperature 

The temperature was higher in the urban/built-up areas of both cities for the entire study.  The 

study also confirmed that NDBI values were also highest in both cities' urban/built-up areas. 

However, NDVI yielded the highest values in the forestlands whilst urban/built-up areas 

produced the least values.  



159 
 

From sections 7.1.2, 7.1.3 and 7.1.4, urban/built-up areas may accelerate temperature, which 

was in sharp contrast with agricultural, forestlands and the water environment that produced 

lower temperatures. 

7.1.5 Analysis of temperature data 

The initial analysis of temperature provided first-hand information on the utilised temperature 

dataset. 

The calculation of temperature indices and trend analysis in subsections 7.1.6 and 7.1.7 

addressed the research question: 

1c. Are there trends in the calculated indices and seasons in the temperature dataset? 

7.1.6 Calculation of temperature indices 

The historical temperature data (1986 – 2015) analysis using temperature indices revealed 

alterations in the temperature variables. This enabled an in-depth comprehension of trends in 

temperature. The temperature indices analysed revealed that minimum air temperature has 

been altered significantly with positive trends in both cities. Besides, it was confirmed in the 

increasing number of warm days and nights and a significant reduction in cold days and nights 

in both cities. The trends revealed increasing warm days and nights and a reduction in the 

number of cold days and nights. Significant warming trends (annual, monthly maximum value 

of daily maximum temperature, annual, maximum monthly value of daily minimum 

temperature, annual, monthly minimum value of daily minimum temperature and annual, a 

monthly minimum value of daily maximum temperature) were observed from 1986 to 2015. 

The increasing warming trends may also be indicative of urban warming in both cities. 

7.1.7 Seasonal trend analysis 

The seasonal trend analysis also revealed a warming trend in temperature. Except for the wet 

and annual of Accra and the dry season of Kumasi (no trend), varying trends were observed 

for (dry, wet and annual) of minimum temperature for both cities. However, the maximum 

temperature of both cities had trends in the dry seasons for Accra and the wet and annual for 

Kumasi.  

The temperature indices and the seasonal trend analysis revealed increasing trends and 

served as a valuable means of communicating the impacts of temperature variability.  
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7.2 Environmental technology component 

This subsection highlighted the synthesis of the major conclusions from the analysis of the 

satellite image classification utilising the random forest algorithm, UHI clustering and 

correlation analysis. Therefore, it addressed the research questions on the random forest 

algorithm as a better classifier compared to the traditional classifiers and the evidence of UHIs 

and correlation analysis in both cities. 

7.2.1 Satellite image classification and accuracy assessment 

This subsection was used to address the research question; 

2a. Is the Random Forest Algorithm a better classifier in comparison to the traditional 

classifiers? 

The use of state of the art random forest algorithms was explored. Based on the kappa 

statistics, user, producer, and overall accuracy using the random forest classifier; the research 

proved that the random forest algorithm is a better classifier in comparison to the traditional 

classifiers used for satellite image classification of both cities by earlier researchers.  

This subsection of this chapter was used to address these research questions: 

2b. Is there evidence of UHIs hotspots using the point-based observation technique in both 

cities? 

2c. Are there correlations between the Remote Sensing indices and land surface temperature? 

7.2.2 Clustering of urban heat islands and correlation analyses 

Urban heat island clustering to identify hotspots in both cities was addressed in this research 

to ascertain the alterations in temperature. This was done by utilising the satellite images from 

the Landsat series to retrieve univariate clustering of land surface temperature, its 

significance, and bivariate clustering of (LST and NDVI) and (LST and NDBI). The generated 

points produced an increasing trend in the high LST clustering for both cities. This indicated 

increasing trends, and it revealed a high positive correlation between LST and NDBI 

throughout the study in both cities. Therefore, the point-based estimation revealed an 

increasing trend in temperature, implying increasing trends of UHI clustering in both cities. 

The correlation analysis between the extracted land surface temperature and NDVI revealed 

a negative correlation and a positive relationship between LST and NDBI in both cities. It aided 

in showcasing the roles LULC changes, most notably spatial urban expansion, plays in the 

alteration of the urban temperature. The results confirmed an increasingly direct relationship 

between spatial urban expansion and increased LST. Thus there is evidence of increasing 

clusters of UHIs in both cities. The study of LST and UHI clustering proved beneficial for 

investigating the relationship between spatial urban expansion and temperature in both cities.   
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7.3 Environmental management and planning component 

This portion addressed the research questions on the extent of urban/built-up areas in both 

cities, especially in the sub-metropolitan zones, transitional changes and the future projections 

of LULC changes, especially spatial urban expansion in 2025 for both cities. First, the analysis 

of spatial urban expansion was done by extracting urban/built-up areas through (the analysis 

of spatial urban expansion in the sub-metropolitan zones, along a major road and using buffers 

of 400 and 500 m for sensitivity analysis). Second, the density of spatial urban expansion was 

investigated using the density decay curve and the correlation between the density of spatial 

urban expansion and the distance from a major road. Third, the extracted LULC maps were 

utilised for the change analysis and used to obtain the change detection maps. Finally, the 

driver variables (slope, elevation, distance to urban/built-up areas and a major road) were 

incorporated to produce future LULC maps for 2025 for both cities. 

7.3.1 Analysis of spatial urban expansion 

This subsection addressed the research question: 

3a. What are the urban/built-up area trends, especially in the sub-metropolitan zones in both 

cities? 

Results indicated that urban/built-up areas increased in all the sub-metropolitan zones in both 

cities. The spatial urban expansion analysis along a major road was mainly concentrated on 

the peripheries of the sub-metropolitan boundaries of both cities.  The analysis of spatial urban 

expansion provided a deeper comprehension of the urban/built-up areas in both cities. It 

provided a major scientific contribution to the field of LULC studies in Ghana and other 

developing countries by providing an extensive study of LULC changes, especially with the 

emphasis on urban/built-up areas. 

7.3.2 Change detection 

This subsection addressed the research question: 

3b. What are transitional changes from 1986 to 2015 and the future projections of LULC 

changes, especially spatial urban expansion in 2025 in both cities? 

Change detection was vital and was done to provide insights into the gains and losses 

amongst the various LULC classes. The analysis empirically found that agricultural and 

forestlands may have been converted into urban/built-up areas. It is also concluded that 

agricultural and forestlands may have been substantially affected by the increasing 

urban/built-up areas in both cities. 
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7.3.3 Future LULC modelling and validation 

Spatial urban expansion has been forecasted to increase due to population growth and land 

grabbing in both cities. It is expected that areas allocated for agricultural and forestlands could 

be transformed into urban/built-up areas if land planning policies are not enforced. Thus, the 

urban/built-up areas are expected to increase at the expense of agricultural and forestlands. 

Both cities have expanded, but the analysis revealed that within the timeframe of this research, 

Kumasi had relatively expanded more and is expected to expand more spatially compared to 

Accra.  

The research illustrated the importance of multi-temporal Remote Sensing (RS) images to 

assess alterations in LULC, and the spatial urban expansion processes were tracked. They 

were utilised for the projection for LULC for 2025 in both cities. The integration of RS, GIS and 

the temperature dataset provided this research with gainful insights into the spatiotemporal 

patterns. 

7.4 Confirmation or rejection of the research hypotheses 

1. Spatial urban expansion leads to higher temperatures in urban/built-up areas 

compared to the other LULC types. 

This was confirmed by analysing RS indices and LST (city-level and fine-scale), regression 

analysis, the relationship between LULC and (RS indices/LST), calculation of temperature 

indices, seasonal trend analysis, UHI detection and correlation analysis. 

2. The random forest algorithm is a better satellite image classifier compared to the other 

traditional parametric classifiers. 

This was also confirmed through the random forest algorithm's higher accuracy in this 

research than the traditional parametric classifiers utilised in previous research. 

3. Spatial urban expansion is expected to increase at the expense of the other LULC 

types in the year 2025. 

Finally, this was also confirmed as the change detection revealed instability in the 

agricultural and forestlands in both cities. The projections also indicate that spatial urban 

expansion will continue to increase in the year 2025.  

  

7.5 Future Guidelines 

The research utilised limited suitable RS images for the mapping, monitoring and land use 

modelling of the urban expansion in both cities. Nevertheless, it provided a foundation for 
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future integrated spatial urban expansion and temperature studies. The research, therefore, 

suggests the following guidelines. 

The future guidelines were grouped under three components, namely; 

- Environmental science  

- Environmental technology 

- Environmental management and planning  

 

7.5.1 Environmental science component 

Additional data from other remote sensing platforms should be used for monitoring and 

tracking LULC changes. Multispectral data may be obtained from remote sensing platforms 

such as the United States Geological Survey Earth Explorer, Sentinel open access hub, Digital 

Globe open data program, Geo-Airbus Defense, NASA Earthdata search, and NOAA Data 

Access Viewer. On the other hand, hyperspectral imagery may also be explored for LULC 

studies because it collects information across the entire electromagnetic spectrum. The data 

can be obtained from NASA’s EO-1 satellite and Airborne Visible/Infrared Imaging 

Spectrometer. There is a need to develop environmental monitoring protocol. This will include 

the frequency at which satellite images will be acquired from the satellite platforms, the sample 

size and the action levels. The protocol may propose that investigations may be done monthly, 

seasonally and yearly using either multispectral or hyperspectral satellite imagery. Again, the 

satellite images utilised in this research were in the dry season. Future research can 

concentrate on the use of satellite images in the wet season to ascertain possible variations. 

Fieldworks to pick up points to aid satellite image classification should be done more frequently 

(every 6 months or yearly). In addition, different numbers of ground-truthing points can be 

used for each LULC class for sensitivity analysis (for instance 100, 150 and 200 ground-

truthing points can be utilised for each LULC class). Further investigation will provide insights 

into the monitoring and tracking of LULC classes in both cities, other cities in Ghana and other 

cities around the world located near the tropics. Future studies may also provide insights into 

the classification done in different seasons in Ghana. This will aid to improve coordination, 

data quality, coverage and effective reporting in both cities. 

There should be the adoption of additional remote sensing indices that can be utilised for an 

in-depth comprehension of the trends in the natural environment. This research utilised each 

of the vegetation indices and built-up indices. However, diverse vegetation indices exist in 

literature in the work of (Royimani et al., 2019) and built-up indices in (Mukherjee et al., 2021). 

These indices can be exploited to provide further details into the natural environment in both 

cities. Again, there exist other techniques for the retrieval of land surface temperature from 
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satellite images aside from the equations adopted in this research from the work of (Chander 

et al., 2009). The other techniques that may be adopted include single-channel and split-

window algorithms. When these new avenues for research are exploited, the investigation will 

provide critical information and will be vital for governments to provide good stewardship of 

the land. 

Temperature analysis can make use of other sources of temperature data, such as global 

gridded products. For instance, data from the Climate Research Unit from the University of 

East Anglia and the MODIS climate modelling grid could be used for an in-depth analysis of 

the long-term temperature. The resolution may be 0.5° by 0.5° or 0.25° by 0.25°.  There are 

merits to using gridding products over in-situ measurements of temperature (see Donat et al., 

2013; Frich et al., 2002). Again, the focus of this thesis was not on the prediction of 

temperature. The data mining technique, k-Nearest Neighbour (see Jan et al., 2008; King et 

al., 2015) can be utilised for the prediction of temperature. The forecasting of temperature will 

provide more insights for environmental managers and planners in Ghana.  

 

7.5.2 Environmental technology component 

Different state of the art techniques should be utilised for the classification of satellite images, 

especially machine learning algorithms such as random forests (used in this research) and 

support vector machines, polynomial logistic regression and other deep learning algorithms 

such as Artificial Neural Networks (ANNs). The different techniques can thus be compared in 

terms of their accuracies. Instead of the pixel-based classification used in this research, object-

based image classification may be utilised or comparison between both techniques (pixel-

based and object-based) can be investigated. The merits and demerits of the classification 

technique adopted should be thoroughly analysed before its usage. This will contribute to the 

application of state of the art techniques in classifying satellite images, especially in Ghana. 

Additional research can also be conducted in the bordering municipalities/districts around both 

cities using administrative boundaries. This can be done utilising multispectral images and 

applying the point-based estimation of UHI clustering as utilised in this research. This will 

enable a comparison of UHI in both cities with the adjoining municipalities/districts. Additional 

field works that will formally involve the populace through interviews and well-structured 

questionnaires will also aid in the socio-economic factors behind UHIs clustering. 

7.5.3 Environmental management and planning 

There is a need to undertake more modelling to develop continuous scenarios by alternating 

the various variations that are likely to occur in the future. The scenarios could be developed 
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for every year, 5 or 10 years.  The techniques that can be utilised include the statistical 

regression model (Hossen et al., 2018), cellular automata-Markov forecast model (Cunha et 

al., 2021; Mahamud et al., 2019; Nguyen & Ngo, 2018), CLUE-S model with a Markov model  

(Han et al. 2015). The strategies for forecasting future LULC should be done yearly to enable 

timely implementation of outcomes for more proactive planning and management strategies. 

These early warning signs of undesirable changes can be spotted easily and analysed for 

further actions to be taken. This will ultimately lead us to know the actions and inactions that 

will be deemed appropriate. These early warning signs should be communicated with the 

respective media outlets such as online, print and social media. Additional factors can also be 

incorporated to aid improve the entire modelling process. The driving factors that lead to 

increased areas for urban/built-up areas may include but are not limited to costs of land, 

altitude and aspect from DEM and soil types in both cities. These strategies can support policy 

decisions, international discussions and the public. 

Urban management should be considered conceptually holistic. Therefore, there should be a 

collaboration amongst relevant institutions (i.e.) metropolitan assemblies, traditional rulers and 

urban residents. There should be easy access to data and data sharing is needed. There 

should be a dynamic management process in land administration, land use planning and 

zoning, land allocation and utilisation. This will enable a proper transition from theories into 

practice. These collaborations amongst these institutions should advocate for rural 

development strategies to decrease the push factors for urbanisation. High priority should be 

given to developing rural infrastructure and social amenities in smaller towns and villages by 

the government of Ghana. 

The use or design of an existing/new simulation tool to model urban micro-climate for 

sustainable urban development should be given the highest priority in both cities. Urban 

climate models such as ENVI-met, RayMan and TownScope (see Jänicke et al., 2021) are 

examples of existing simulation tools that can be used for modelling climate in urban/built-up 

areas. These models can simulate air temperature and global temperature. These models can 

be utilised and compared for both cities to better compare the different urban design options 

Urban Canopy Models (see Wouters et al., 2016) can be used to simulate urban temperatures 

for both cities. According to Kwok & Ng, (2021), the scenarios provided by these models may 

aid in the evaluation of policies to mitigate the effects of urban heat islands. The focus of 

further research may be on the effects of both past and future changes in urban/built-up areas. 

These scenarios can be of two parts namely;  

1. Employing a historical dataset with less urban/built-up areas as utilised in the work of 

Kawamoto, 2017) 
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2. Replacing the whole urban/built-up areas with vegetation to indicate the `no 

urban/built-up areas scenario as utilised in the work of (Ryu et al., 2016) 

Nonetheless, both scenarios can be investigated to provide in-depth comprehension for 

managers and planners and may influence actions and inactions to be taken.  

7.6 Application of strategies to other cities 

The strategies utilised in this research are considered straightforward to apply and monitor the 

past. Future developments of Land Use Land Cover (LULC) changes utilising the variety of 

remotely sensed data with similar LULC classes (urban/built-up areas, agricultural lands, 

forestlands and water bodies).  

The techniques adopted for monitoring UHIs can be adopted to suit areas where satellite 

images are readily available. The temperature analysis can be used for studies in other sites, 

especially for areas in the tropics where the selected temperature indices are applicable. The 

driving variables utilised for the prediction of LULC changes can also be incorporated in other 

studies irrespective of the geographical location. 

Ideally, to fully implement the entire set of procedures utilised in this research, the study cities 

should have similar characteristics as the study case regions used in this research. These 

characteristics include climate, urbanisation processes and the rates of spatial urban 

expansion. These areas are tropical cities and developing cities around the world.  

The utilised software and hardware components also used in this research are considered 

standard and can be utilised to carry out future works that seek to draw relationships between 

temperature, spatial urban expansion and model future scenarios. 

7.7 Limitations of the study 

Very high-resolution satellite images covering the entire area of both cities were not possible. 

The available high-resolution imagery did not also match the timeframe of this research. 

Cooperation and agreements with the agencies responsible for very high-resolution satellite 

images are needed. Again, future works may concentrate on data integration and fusion for 

the satellite images.  

Both cities had only one meteorological station and this might have affected the temperature 

variability. This led to flaws in data measurement. The meteorological dataset had gaps due 

to malfunctioned/stolen equipment at the stations whose datasets were utilised in this 

research. There should be the establishment of additional weather stations in both cities such 

that, there could be the sharing of tools, resources and information. There could be the 

establishment of an online portal to catalogue the activities of recording weather station 

parameters from all the synoptic stations located in both cities. This enables climate variables 
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to be recorded from synoptic weather data into the portal. The activities of recording the 

weather parameters in the cities will become more visible and will enhance data exchange. It 

may also include materials that would describe workflows to upscale monitoring schemes. 

Easy access to relevant data from organisations is sometimes limited or denied altogether. 

Access to governmental data like historical maps, topographical maps and other biophysical 

data was limited. This limited the scope of the research and altered the initial research design 

for this thesis. 

This research is not left with biases, for instance, only one major road was chosen due to 

pragmatic reasons and time constraints. It might have introduced biases in the spatial urban 

analysis along a major road. Thus, future works may consider the use of the following roads 

in Accra and may include the Kaneshie-Mallam-Kasoa highway, Achimota-Ofankor road, 

Legon-Madina-Adenta road and Spintex road. In Kumasi, the Kumasi-Techiman road, 

Kumasi-Sunyani road, and the Kumasi-Bekwai road may also be considered.  

7.8.1 Specific measures recommended for Accra for management and planning 

- Decentralisation should be prioritised to reduce the influx of people into the capital. This will 

strengthen the institutional capacities of the other metropolitan, municipal and district 

assemblies. 

- Forestlands especially the Achimota forest should be highly protected. Field visits revealed 

a series of fragments in the forest and thus it is under serious threat as portions have been 

transformed into centres to hold religious activities. 

- Wetlands within the Metropolis should be conserved. Human settlements were spotted in the 

protected areas close to the wetlands that provide habitat to wetland-dependent species. 

 

7.8.2 Specific measures recommended for Kumasi for management and planning 

- The nodal location of Kumasi means it will continue to attract migrants within and outside 

Ghana. This implies that non-urban lands are expected to be converted into urban/built-up 

areas. Emphasis on the compact city model (vertical construction) should be encouraged to 

prevent the horizontal wastage of land. This will aid to limit the number of green areas 

(agricultural and forestlands) that would be converted into urban/built-up areas. 

 

Based on the results from the adopted strategies (LULC classification, correlations between 

LULC and remote sensing indices, UHIs formation), this research concludes with the causal 
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relationship that; Spatial urban expansion increased temperature (both air and land surface) 

in both cities. 

The key findings in this research will serve as baseline information for other scientists, end-

users and policymakers regarding the relationship between spatial urban expansion and 

temperature variability in both cities. 
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CHAPTER EIGHT 

Supplementary Chapter 

This section outlined the algorithms and computations utilised in this research. It was 

separated from the ‘main work’ to enable a good flow for the overall presentation of this 

research. They were grouped into three components, namely; 

- Environmental science  

- Environmental technology 

- Environmental management and planning 

 

8.1 Environmental science component 

8.1.1 Normalised Difference Vegetation Index  

The Near Infrared (NIR) and the Red (R) bands were utilised for the calculation. The NDVI 

was computed as;  

NDVI = 
NIR - R

 NIR + R
 

NDVI values range from -1.0 to +1.0. Waterbodies record values close to -1.0. The urban/built-

up areas have very low NDVI values (0.10 or less), and sparse vegetation such as agricultural 

lands have moderate values (0.20 to 0.59). Higher NDVI values (0.6 and upwards) correspond 

to dense vegetation (i.e. forestlands) (Hashim et al., 2019).  

 

Figure 8.1: Diagrammatic representation of LULC classes and their associated values 

                                                                                                                                                

8.1.2 Normalised Difference Built-up Index 

The NDBI is also regarded as one of the spectral indices for the extraction of urban/built-up 

areas. It is a good indicator of urban/built-up features due to its high reflectivity in the SWIR 

band than in the NIR band (Zha et al., 2003).  

 

 

 

(8.1) 
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Thus, it was computed using the equation:  

 NDBI = SWIR – NIR

 
 

SWIR + NIR 
                      

The values range from -1.0 to 1.0. The closer the value is to 1.0, the higher the urban/built-up 

area and vice versa (Zha et al., 2003). 

8.1.3 Retrieval of Land Surface Temperature  

To obtain the LST, the following computations were done. First, the thermal Digital Numbers 

(DNs) were converted into spectral radiance for the Landsat TM 5 and Landsat ETM+ 7 

satellite images of both cities using the Equation adopted from Chander et al., (2009).   

Lλ= 
Lmax - Lmin

 Qcalmax - Q calmin
(DN - Qcalmin) + Lmin  

 

Where; 

Lλ = Spectral Radiance 

Lmax = Spectral radiance of DN value 255 

Lmin = Spectral radiance of DN value 1 

Qcalmax = Maximum numerical value of the image (retrieved from header file) 

Qcalmin = Minimum numerical value of the image (retrieved from header file) 

For the Landsat 8 satellite images of both cities, computation into spectral radiance from DNs 

was done using the equation:   

Lλ = ML * Qcal + AL   

Where;  

Lλ= Spectral radiance (W/ (m2*sr*μm)) 

ML= Radiance multiplicative scaling factor for the band (RADIANCE_MULT_BAND_n from the 

metadata) 

AL = Radiance additive scaling factor for the band (RADIANCE_ADD_BAND_n from the 

metadata) 

Qcal = Level 1pixel value in DN (U.S. Geological Survey, 2019) 

However, the flow for the calculation of LST remained the same. Thus, the spectral radiance 

was then converted into brightness temperature utilising the equation: 

Tsat = 
K2

ln (
K1

Lλ
+1)

 

(8.2) 

(8.3) 

(8.4) 

(8.5) 
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Where;  

Tsat = Brightness Temperature 

Lλ = Spectral Radiance 

K1 = Calibration constant 1 (607.76 for TM, 666.09 for ETM+ and 774.89 in Landsat 8 Band 

10) 

K2 = Calibration constant 2 (1260.56 for TM, 1260.56 for ETM+ and 1321.08 in Landsat 8 

Band 10) 

Finally, the surface temperature was converted from Kelvin (Tsat) to Degrees Celsius (Tc) by 

applying the equation:  Tc = Tsat – 273  

The emissivity was calculated from the NDVI (Van de Griend and Owe, 2003) by applying the 

equation: ε = 1.0094 + 0.047Ln (NDVI)  

Hence, LST based on object reflectance was calculated using the algorithm:               

LST= 
T (oC)

(1 + (λ* T (oC)/ρ) *Ln(ε))) 
 

Where; 

 T (oC) = calculated brightness temperature 

        λ = Raw wavelength of emitted radiance 

        ρ = h* c/σ (1.4038*10-2mk);  

        h = Plank’s constant; c = light velocity and σ = Stefan-Boltzmann’s constant. 

8.1.4 Regression Analysis 

8.1.4.1 Ordinary Least Squares 

The Ordinary Least Squares (OLS) was computed as; 

 Y= α + β
1
X1+ β

2
X2 + E 

Where Y = LST (Dependent variable) 

            α = Y-intercept 

     β
1
, β

2 = Slope coefficient 

          X1 = First independent variable (NDVI) 

          X2 = Second independent variable (NDBI) 

            E = Error term 

 

 

 

 

(8.7) 

(8.8) 

(8.6) 



172 
 

8.1.4.2 Efficiency criteria for the OLS 

The coefficient for each independent variable indicates both the strength and the relationship 

between the independent variable and the dependent variable. Thus, if the coefficient is 

positive, the relationship is positive and vice versa (Fotheringham et al., 2002). 

The model performance is evaluated using the R-squared and the adjusted R-squared values. 

The value ranges from 0.0 to 1.0. Higher values indicate good model performance (Weisburd 

& Piquero, 2008). 

The assessment of each independent variable is done using the Variance Inflation Factor 

(VIF) which measured multicollinearity. A high Variance Inflation Factor value is an indication 

of high collinearity. The Variance Inflation Factor range from one to infinity. Mostly VIF 

threshold is set at 7.5 (Kleinbaum et al., 1998). 

The joint F-statistic and joint Wald statistic measure the general model statistical significance.  

At a 95% confidence level, a p-value less than 0.05 means a statistically significant model 

(Fotheringham et al., 2002). 

The Koenker statistic is a test to examine if the independent variable in the model has a 

consistent relationship to the dependent variable in geographical space. At a 95% confidence 

level, a p-value (probability) less than 0.05 indicate statistically significant heteroscedasticity 

and/or non-stationarity (Fotheringham et al., 2002). 

The assessment of the model bias is evaluated utilising the Jarque-Bera statistic that shows 

whether the residuals are normally distributed or not. The model is biased when the residuals 

are not normally distributed  (Kleinbaum et al., 1998). It is a non-negative test. A value of 0 

indicates that it is normally distributed (Glen, 2015). A value of 1 means there is no correlation, 

and a value between 1 and 5 means there is moderate correlation and a value greater than 5 

means there is a high correlation (Glen, 2015). 

The Akaike's Information Criterion (AICc) provides additional information on the model 

performance (Fotheringham et al., 2002). 

8.1.4.3 Geographic Weighted Regression 

GWR used in this research was mathematically equated as;                     

y
i
= a0(ui,vi)+ Σak(ui,vi)xik + E   

yi = Dependent variable (LST) 

xi = Independent variable (NDVI/NDBI)    

a0 , ak= estimated coefficients 

(8.9) 
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E = error 

ui,vi = Latitude and longitude of the point i 

ak(ui,vi) = Implementation of the factor assessed on a continuous level (Ahmadi et al., 2018; 

Fotheringham et al., 2015).  

8.1.4.4 Efficiency criteria for GWR 

Bandwidth or Number of Neighbours: It is utilised for the local estimation and is regarded as 

the most vital parameter for GWR (Fotheringham et al., 2002). The bandwidth was generated 

using the ArcGIS software for Accra and Kumasi as 205 and 190 neighbours, respectively. 

The sum of the squared residuals present in the model is the residual squares. Thus, the 

lesser the residual squares, the closer the fit of the GWR model to the observed data 

(Fotheringham et al., 2002). 

Effective Number indicates the trade-off between the variance of the fitted values and the bias 

in the coefficient estimates and it is related to the selection of the bandwidth (Fotheringham et 

al., 2002). 

Sigma is the value of the square root of the normalised residual sum of squares when the 

residual sum of squares is divided by the effective degrees of freedom of the residuals. Smaller 

values of this statistic are desirable. Sigma is used for AICc computations (Fotheringham et 

al., 2002). 

The AICc is a measure of model performance and it is useful for the comparison of regression 

models. For example, if there is a difference of more than 3 between the two models, the 

model with the lower AICc is regarded as better (Fotheringham et al., 2002). 

The R-squared and the Adjusted R-squared are measures of goodness of fit. Their values 

vary from 0.0 to 1.0 with higher values being preferable (Weisburd & Piquero, 2008). 

8.1.4.5 Trend analysis methods 

The serial correlation was removed from the temperature data to pre-whiten the dataset before 

using the Mann-Kendall test (von Storch & Navarra, 1999). The study incorporated this 

suggestion before utilising the Mann-Kendall test and Sen's slope estimator. 

The possible statistically significant trends in the temperature data (x1, x2, …, xn) were 

assessed utilising the following procedures: 

1.  The lag-1 serial correlation coefficient (r1) was computed. The lag-1 serial correlation 

coefficient of sample data xi was computed using the equation below (Kendall & Stuart, 1961).  
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r1= 

1
n-1

 ∑ (xi
 n - 1 
 i = 1 -E(xi)) (xi + 1 - E(xi))

1
n

 ∑ (xi
 n
 i = 1  - E(xi))²

 

    

E(xi)= 
1

n
  ∑ xi

n

i=1

 

  

where E(xi) is the average of the sample data and n is the sample size.   

2.  If the computed r1 was not significant at the 5% level, then the Mann-Kendall test and Sen's 

slope estimator were applied to the original values of the time series. 

3.  If the computed r1 was significant, before applying the Mann-Kendall test and Sen's slope 

estimator, the ‘pre-whitened’ time series might be acquired as (x2 − r1 x1, x3 − r1 x2, …, xn  − r1 

xn − 1). 

The critical value of r1 for a given significance level depended on whether the test was one-

tailed or two-tailed. The alternative hypothesis for the one-tailed hypothesis was usually that 

the true r1 is greater than zero, whereas the alternative hypothesis for the two-tailed test was 

that the true r1 is different from zero, with no indication of whether it was positive or negative. 

According to (Anderson, 1942), the probability limit of an independent series for r1 was 

computed as; 

r1 = 

{
 
 

 
 -1+1.645√n-2

n-1
,    one-tailed test

-1 ±1.96√n-2

n-1
 ,   two-tailed test

 

where n was the sample size.  

In this research, both the one-tailed test and the two-tailed test were employed since there was 

reason to suspect both positive and negative autocorrelation was present in the temperature 

dataset. 

8.1.4.6 Mann-Kendall trend test 

The Mann-Kendall test statistic S (Kendall, 1955; Mann, 1945) was computed as; 

S = ∑ ∑ sgn(xj- xi)

n

 j = i + 1

n - 1

i = 1

 

                

where, 

n = the total number of data points 

(8.10) 

(8.11) 

(8.12) 

(8.13) 
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xi and xj = data values in time series i and j (j >i), respectively and sgn(xj−xi) is the sign function: 

sgn (xj- xi)= {

+1, if xj- xi >0 

  0, if xj- xi= 0

-1, if xj- xi <0

            

The variance was computed as; 

 

Var (S)= 
n(n+1)(2n+5)- ∑ ti (t1-1) (2t1+5) m

i = 1

18
 

                                           

Where, 

 n = the number of data points, 

 m = the number of tied groups and ti denotes the number of ties of the extent i. A tied group 

is a set of sample data having the same value.  

 

In the case, where the sample size, n > 10, the standard normal test statistic ZS was computed 

using the equation; 

ZS= 

{
 
 

 
 

S-1

√Var (S)
,   if S > 0  

       0,            if S = 0

S+1,  

√Var (S)
,  if S < 0

 

Positive values of ZS indicated increasing trends while negative ZS values showed decreasing 

trends.  

8.1.4.7 Sen's slope estimator 

Sen, (1968) devised the non-parametric method for the estimation of the slope of a trend in 

the sample of N pairs of data:  

Qi= 
xj  + xk

j - k 
        for i= 1, …,N, 

Where, Xj and Xk = the data values at times j and k (j > k), respectively. 

 

If there is only one datum in each period, then N = n (n – 1) 

                                                                                    2 

where n = number of periods.  

 

If there are multiple observations in one or more time periods, then N < n (n – 1),                                                                                                                               

.             2 

where n = total number of observations 

(8.14) 

(8.16) 

(8.17) 

(8.15) 
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The N values of Qi are ranked from the least to the highest and the median of slope or Sen’s 

slope estimator was calculated as  

Qmed= 

{
 
 

 
      Q

[
 N+1 

2
],
        if N is odd 

Q
[ 

n
2
 ]+ 

Q
[ 

N+2
2
 ] 

,   if N is even

2

 

 

The Qmed sign reflects the data trend, while its value indicates the steepness of the trend. To 

determine whether the median slope is statistically different from zero, the computation of the 

confidence interval of Qmed at a specific probability is done. 

The confidence interval about the time slope was calculated as: 

Cα= Z1- α/2√Var (S), 

where Var(S) is defined in Eq. 8.14 and Z1−α/2 is obtained from the standard normal distribution 

table. 

In this study, the confidence interval was computed at a significance level of α = 0.05. 

Then, M1 = N - Cα was computed.   

                       2 

The positive values indicated an increasing trend whilst negative values denoted a decreasing 

trend in the time series of analysed temperature. 

 
8.2 Environmental technology component 

8.2.1 Random forest algorithm 

The satellite image classification by the Random Forest algorithm is done by the creation of 

trees (Breiman, 2001). The Algorithm has a higher classification accuracy and a lower 

computational time (Inglada et al., 2015; Rodriguez-Galiano et al., 2012). The input data were 

the spectral bands and the output was the LULC class that received the majority of votes. 

Each tree was independent and thus training and testing were done in parallel (Figure 8.2) 

(Breiman, 2001). Given a set of Multispectral images (spectral bands), which was represented 

as {X1, X2,..., Xn} Є RL X n, n was the number of samples and L represented the number of 

features. Xi represented the position of sample ‘i’ in the space ‘RL x n’, while ‘z’ was the 

relationship between xi and xj, where z Є Z = {1, - 1}. If xi and xj belonged to the same class, 

then z = 1. The random forest has tree-structured predictors. For the kth tree, the ensemble 

was fk(x) = f (x, θk), a tree f (x, θk) grew along with the training set and the random vector θk, 

captured the various stochastic elements of the tree. The {θk} was independent and identically 

distributed and each tree voted for the most popular LULC class (Breiman, 2001). 

The chance of predicting class ‘z’ for a sample was  

(8.18) 

(8.19) 

(8.20) 
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P(z|x)= 
1

K
 ∑ Pk

K

k = 1

 (z|x) 

Where Pk = (z|x) was the estimated density of class labels of the kth tree and K was the number 

of trees in the forest. The decision function of the forest was illustrated as 

C(x) = 
 arguments of the maxima  P(j|x)

jЄZ
 

The margin function for the RF was 

 ml(x,z) = P (z|x) -

max P(j|x)

j Є Z

j ≠ z

 

If ml (x, z) > 0, we may obtain the correct classification. Random Forest can limit the value of 

the generalization error without adding more trees (Amit & Geman, 1997). The convergence 

function at this point can be explained as;   

ml (x, z)=P (z|x) - 

max P(j|x)

j Є Z

j ≠ z

< 0 

implying that the generalization error will converge as the number of trees increases. An upper 

bound for the generalization error was assigned by  

     PE ≤ ρ (1 – s2)/ s2 

Where PE was the generalisation error, 𝜌 was the average value of the correlation of the trees, 

and s, the strength of the set of f(x, θk). When enough trees were in the forest, the 

generalisation error of the RF converged to a finite value. The output of each tree was a “yes” 

and “no” vote of the RF (Figure 8.2).  

(8.21) 

(8.22) 

(8.23) 

(8.24) 
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    Figure 8.2: Flow chart of Random Forests 

 
8.2.2 Accuracy assessment 

The kappa coefficient (Singh, 1989) was calculated as: 

k = 
N∑ Mi, i - ∑ (GiCi)

 n
 i = 1

 n
 i = 1  

N
2 

- ∑ Gi
n
 i = 1  Ci

 

Where:  

i = class number 

N = total number of classified values compared to the truth values 

Mi, i = number of values belonging to the truth class i and classified as class i (i.e. values found 

along the diagonal of the confusion matrix) 

Ci = total of predicted values belonging to class i 

Gi = total number of truth values belonging to class i 

The producer accuracy was calculated using diagonally corrected classified pixels per class 

by the total column of the number of reference points per LULC class (Jensen, 2015). The 

formula used to calculate the producer’s accuracy was computed as; 

 

Producer Accuracy =
Count of correctly labelled features in a column

Total of items verified
  

(8.25) 

(8.26) 
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The user’s accuracy was obtained by dividing the count of the accurately mapped samples of 

a given category against the total of validated samples owned by the LULC class (Jensen, 

2015) and was calculated as;  

User's Accuracy = 
Count of correctly mapped attributes in a row

Total of items verified
 

The Kappa coefficient, producer, user and overall accuracies ranged from (0 to 1) as a fraction 

or as a percentage (0 to 100).    

 

8.3 Environmental management and planning component 

8.3.1 Detection of spatial urban expansion 

The computations to ascertain the density of spatial urban expansion and its relationship with 

a major road are explained in this subsection. 

Firstly, the density of spatial urban expansion in each buffer zone was calculated using the 

formula adopted from (Stemn & Agyapong, 2014);  

Density of spatial urban expansion =
Amount of spatial urban expansion in each buffer zone

Total amount of land in each buffer zone 
 

 

Secondly, the relationship between the density of spatial urban expansion and distance to a 

major road was investigated utilising Pearson’s Correlation Analysis (Kumi-Boateng et al. 

2015). The Pearson coefficient of correlation was determined for the buffer zones utilising the 

formula;  

r = 
∑XY- 

∑X∑Y
N

√(∑X
2
- 
(∑X²)

N
) (∑Y

2
- 
(∑Y)²

N
)

 

Where; r = Pearson coefficient of correlation 

X = independent variables (distance to major road) 

Y = dependent variable (density of spatial urban expansion) 

N = number of buffers 

Finally, the density decay curve showed the relationship between the distance to a major road 

and the density of spatial urban expansion was depicted as;  

Y = mx + c 

Where y = density of urban expansion 

           m = gradient 

            x = distance to a major road 

(8.29) 

(8.28) 

(8.27) 
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            c = intercept 

 
8.3.2 Land use land cover change prediction 

The Markov chain was used to calculate the transitions for each LULC type. The Markov chain 

is a stochastic process in which the system's next state (t + 1) is solely determined by its 

current state (t) (Weng, 2002). It then computes the amount of change needed based on the 

two LULC maps utilised in the model. The processes estimate the number of anticipated 

changes based on the projections of the transition potentials derived from the multi-layer 

perceptron. It creates the probabilities matrix (Eastman, 2016). The transition probability 

matrix (n*n) of the Markov process was defined as; 

𝑃 = [
𝑃11 … 𝑃1𝑛
… … …
𝑃𝑛1 … 𝑃𝑛𝑛

], 𝑃𝑖𝑗  ≥ 0, ∑ 𝑃𝑖𝑗 = 1,   𝑖 = 1𝑛
𝑗=1  

Where P = probability matrix of n states 

          Pij = transition probability of state i to j 

The probability of the future state of a particular cell was given as; 

           p (t + 1) = p(t) * P 

where p (t + 1) = future LULC distribution 

          p(t) = current LULC distribution 

         P = transition potential 

 

 

 

 

 

 

 

 

 

 

(8.30) 

(8.31) 
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APPENDIX A 

Appendix 1: Regional percentages of the urban population in 2010 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Region Urban Population (%) in 2010 

All regions 

Greater Accra 

Ashanti Region 

Central 

Brong Ahafo 

Eastern 

Western 

Volta 

Northern 

Upper East 

Upper West 

50.9 

90.5 

60.6 

47.1 

44.5 

43.4 

42.4 

33.7 

30.3 

21.0 

16.3 
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APPENDIX B (Environmental Science Perspective) 

Appendix B1: Field Maps for LULC Verification 

The maps consisted of the additive bands (6,5,2) of the Landsat satellite imagery for both 

cities for the year 2015.  

 

           A. Spatial locations for the reference data collection of Accra  

 

          B. Spatial locations for the reference data collection of Kumasi 
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Appendix B2: Selected ground pictures from selected areas taken in January 2020 

   

 

                        

 

 

                

(a) Accra (b) Kumasi 

Entrance to Achimota Forest Boadi 

Inside Achimota Forest Tanoso 

Panbros  Emena 
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Appendix 3a: Lowest and Highest values for GWR for both cities  

 

 

Study 

Area 

  

1986 

 

2003 

 

2015 

Accra  Lowest Highest Lowest Highest Lowest Highest 

NDVI -41.00 56.25 -15.78 29.38 -67.05 147.29 

NDBI -18.00 20.50 -10.47 16.88 -31.93 47.16 

 

  1986 2013 2015 

Kumasi  Lowest Highest Lowest Highest Lowest  Highest 

NDVI -39.50 15.85  -39.45 23.61 -112.93 54.45 

NDBI -10.23  19.52 -20.86   26.55 -26.22    36.92 
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Appendix 3b: NDVI, NDBI and LST mean values for Accra      

    NDVI 1986            NDVI 2003     NDVI 2015 

Urban Agric Forest Water    Urban Agric Forest Water    Urban Agric Forest  Water 

                       Highest 0.20  0.60  0.78  -0.83             Highest  0.17  0.54 0.76     -0.82             Highest  0.16 0.49 0.70  -0.85 

Mean -0.30  0.42  0.69  -0.92  Mean  -0.23  0.32 0.67 -0.87   Mean   -0.26 0.36 0.64  -0.90 

Lowest -0.60  0.24  0.62  -1.00  Lowest -0.78  0.25 0.61 -0.91  Lowest  -0.79 0.22 0.61  -0.95 

                  

        NDBI 1986                  NDBI 2003              NDBI 2015 

              Urban Agric Forest Water     Urban Agric Forest Water     Urban Agric Forest  Water  

Highest 0.67 0.22  0.05  0.06  Highest 0.74 0.24  0.00  0.12  Highest  0.81  0.13 0.00 -0.06 

Mean  0.32 0.09 -0.22 -0.10  Mean  0.43 -0.03 -0.25 -0.26  Mean   0.48 -0.12 -0.33 -0.17 

Lowest 0.21    -0.08 -0.60 -0.21  Lowest 0.29 -0.39 -0.63 -0.62             Lowest   0.32 -0.25 -0.65 -0.23 

  

          LST 1986            LST 2003                LST 2015  

              Urban Agric Forest  Water     Urban Agric Forest  Water     Urban  Agric  Forest Water  

Highest 25.3 24.9 24.5 23.3  Highest 32.7 32.3 28.4  29.9  Highest 29.7    29.3  28.8  27.1 

Mean  22.9 22.5 21.7 19.7  Mean  28.1 27.2 25.4  24.5  Mean  27.2  26.1  25.8  24.0 

Lowest 19.0 19.9 19.0 17.7  Lowest  22.8 23.5 23.4  22.3  Lowest  23.7  23.2  23.3  22.3 
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Mean urban LST = mean urban LST (2015) – mean urban LST 
(1986) 

                                  = 27.2 OC – 22.9 OC  

                                 = 4.3 OC 

 

Difference in mean temp. = mean urban LST– mean (mean of non-urban) 

 Where non-urban refers to agricultural, forestlands and waterbodies                

        

                      1986 

= 22.9 – (mean of (22.5, 21.7 & 19.7)    

= 22.9 – 21.3    

= 1.6 OC 

                       

2003 

= 28.1 – (mean of (27.2, 25.4 & 24.5)   

= 28.1 – 25.7 

= 2.4 OC 

 

 

2015 

= 27.2 – (mean of (26.1, 25.8 & 24.0)   

= 27.2 – 25.3 

= 1.9 OC 
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3. Environmental 

management and planning 

1. Urban Analysis 

2. DEM 

3. Projections 

- Contains files for the 

analysis of the urban 

spatial expansion of both 

cities 

- Raster files for the Digital 

Elevation Models of both 

cities 

- Contains files for the 

projection of LULCC for the 

year 2025  

 

4. Other relevant files 1. Shape files of Study Areas 

2. ArcMap files 

3. Maps 

4. Study area files 

5. Matlab code for developed 

graphs 

 

- Shapefiles used in this 

research were in the folder 

- All relevant files used for 

this research 

- Output of all maps 

developed during the study 

- Other files of the study 

area (geology, regions, 

soils) 

 

 Again, the datasets were also grouped into three geodatabases; 

 a. Raster datasets.gdb - Raster datasets used in this research 

 b. Vector datasets.gdb - Vector datasets used in this research 

 c. Tables.gdb - Tables developed using ArcMap 

 

* The digital appendix may be requested by contacting fg-hydrologie@b-tu.de 


