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Summary 
 

 
The effect of settlement and residential land use change on ambient NO2 concentration variations 

in the Greater Toronto and Hamilton Area (GTHA) is examined to effectively direct future land 

use planning and regulations. Two major types of models to estimate the NO2 concentrations 

over the area are compared.  

 

The simple kriging K-Bessel model was produced in ArcMap. The Gaussian, Exponential, and 

Matern Stein ordinary kriging models were produced using the R program. This report presents a 

comparison of these models along with validation statistics. The methodology for initial data 

manipulation is also included.  

 

Although the K-Bessel model appears to have the smoothest semi-variogram, the Matern Stein 

model has the lowest error sum of squares. The Matern Stein model also reaches a constant value 

at a lower value than the K-Bessel model.  

 
There is an overall decrease in NO2 concentrations from 2000-2010. A Pearson’s correlation 

between the settlement and residential land use change and NO2 concentration variations for 

2000 and 2010 and 2008 and 2014 in the GTHA is found to be significant.  

 

Although there is an overall decrease in the ambient NO2 concentrations, the significant 

correlation between the occurrence of land use change and the variation of NO2 concentrations 

shows that with improved residential development management these concentrations could be 

even lower. 
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1.         Introduction 

From the 2001 to 2016 census, the Greater Toronto and Hamilton Area (GTHA) has seen a 

population increase of over 1.3 million and is projected to continue to grow (Statistics Canada, 

2017). In accommodating a large and growing population often causes a challenge in managing 

urban sprawl. Urban sprawl causes destruction and fragmentation of wildlife habitat and the 

increased car dependence and traffic congestion results in increased pollutant emissions (Stone, 

2008; Civerolo, 2007; Bandeira 2011).  

 

Although the past decade has seen a decrease in ambient nitrogen dioxide concentrations, the 

area still experiences some of the highest nitrogen dioxide concentrations in the country 

(MOECC, 2016; NAPS, 2015d).  According to a report by the World Health Organization 

(2006), nitrogen dioxide is a lung irritant that with prolonged exposure can increase chances of 

susceptibility to lung and viral infections.   

 

Over the years, efforts have been made to mitigate urban sprawl in large areas of Ontario. 

Development in the GTHA is governed by land use plans such as the Greater Golden Horseshoe 

Growth Plan, Greenbelt Plan, Oak Ridges Moraine Conservation Plan, and the Niagara 

Escarpment Plan (Government of Ontario, 2017). Ontario’s Greenbelt, first established in 2005, 

is now the largest and most strongly protected greenbelt in the world (2017). These plans do not 

have the legal enforcement to inhibit rural and protected area development in its entirety, but 

promote dialogue between developers, community members, and conservationists. 
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Through analysis of how various types of land use and landscape metric changes impact ambient 

nitrogen dioxide concentrations in the area, more effective plans and policies can be created and 

enforced for smarter urban growth.  

 

2.         Materials and Methods 

2.1.      Study Domain 

The Greater Toronto and Hamilton Area (GTHA) is located in southern Ontario and borders 

Lake Ontario. It is one of Canada’s fastest growing urban regions and currently has a population 

of over 6.6 million people. Out of the area’s total land area of over 7000 square kilometers, 456.6 

square kilometers are approved for urbanization (Neptis, 2016; Statistics Canada, 2017). 

 

2.2.      Land Use Data 

Materials used for the land use classification of the study domain include the 2008 and 2014 

DMTI Spatial Land Use Region shapefile (DMTI Spatial, 2017) and the 2000 and 2010 

Agriculture and Agri-Food Canada (AAFC) Land Cover Image Service (AAFC, 2016).  The files 

were “clipped” using ArcMap GIS to a GTHA boundary shapefile []. All the files have a spatial 

resolution of 30m, and were transformed to both have a projection of “NAD 1927 UTM Zone 

17N”. The DMTI Spatial file classifies land use as agricultural, waterbody, resource and 

industrial, government and institutional, parks and recreational, residential, and open area. The 

AAFC file classifies land use as cropland, forest, settlement, roads, water, grassland, wetland, 

and otherland. For this report, only the residential and settlement categories were used from the 

DMTI Spatial and AAFC files respectively.  
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As the AAFC documentation (AAFC, 2012) claims a classification accuracy of 90.6% and 

94.7% for the 2000 and 2010 files, one can expect the change detection accuracy between these 

two files to be approximately 0.906 × 0.947 or 85.80%. As much of the misclassification 

between classes occurred with categories not used in the analysis, this accuracy may be slightly 

higher. DMTI Spatial did not provide similar documentation for error analysis. 

 

2.3.        NO2 Concentration Estimation 

2.3.1.     Monitoring Data 

Continuous hourly NO2 measurements were obtained from the official National Air Pollution 

Surveillance (NAPS) program website (NAPS, 2000; NAPS, 2008a; NAPS, 2010b; NAPS, 

2014c). As this data exhibited a heavy left skew, the concentrations were log-transformed prior 

to calculating annual mean concentrations for model fitting. Figure 1. below illustrates the 

density plot of the transformed concentration data for 2014. 

 
   Figure 1. Log-transformed NO2 concentrations for 2014 
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The NAPS network has monitors in every province and territory across Canada and measures 

and samples a variety of air pollutants whose data can then be used directly, or is processed by 

Environment Canada scientists with regulated methods. Continuous monitors are calibrated 

regularly by testing against a known concentration.   

 

2.3.2.    Model Selection and Validation  

As an air pollutant disperses over an area from a source, it is known to decrease in concentration 

the further that it travels. In knowing this, spatial correlation can be assumed. 

 

Spatial interpolation is the method of using known data point values to estimate the unknown 

neighbouring values with a weighted distance or geographic relationship. Current common 

methods of interpolation include land use regression, kriging, and inverse distance weighting. 

Although land use regression is increasing in popularity due to its accuracy over other methods, 

the heavy need for iteration and time constraints of the project consequently found this method 

unsuitable for this study (Hoek, 2008; Johnson, 2010; Nordio, 2013).  

 

Kriging and inverse distance weighting give a weight to each of the neighbouring known points 

using their distance to the unknown points (Setianto & Triandini, 2013). Whereas inverse 

distance weighting implements a constant weight, kriging uses a fitted model to assign an 

appropriate weight to each point based on the spatial behavior of the dataset. Since the yearly 

station data is not distributed uniformly over the GTHA, it was decided that kriging would be the 

most appropriate method.  
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The first main kriging model created from the dataset include a simple kriging K-Bessel model 

produced using “Empirical Bayesian Kriging” tool in the “Geostatisical Analyst” extension with 

ArcMap GIS (ESRI, 2002). The other models include ordinary kriging Gaussian, Exponential, 

and Matern Stein models produced using the R program and “automap” package (Hiemstra et al., 

2008; R Core Team, 2017). The tables and figures below and on the following page show the 

summary statistics and semi-variograms for these models. 

 
   Figure 2. Semi-variogram of the 2014 Matern Stein parameterization model 
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   Figure 3. Semi-variogram of the 2014 K-Bessel model 

 

Table 1. Summary Statistics of Generated Models 

Model Kappa Error Sum of Squares 

Matern Stein Parameterized 10 2.750 × 10-12 

Gaussian 0 2.791 × 10-12 

Spherical 0 3.414 × 10-12 

Exponential 0 9.056 × 10-12 

K-Bessel 0 3.356 ´ 10-12 

 

In comparing the ordinary kriging summary statistics, one can observe that the Matern Stein 

model has the lowest sum of residual squares. The K-Bessel semi-variogram has the smoothest 

flow from ramp to sill, which in turn would produce the smoothest kriging model. However, the 

summary statistics for the K-Bessel model are less favourable than those for the ordinary kriging 

models. As can be observed from the figures above, the Matern Stein model reaches its sill at 

much lower value than the K-Bessel model. Overall, one can have the most confidence in the 
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Matern Stein parameterized model. The Matern Stein models, summary statistics, and cross-

validation results for each of the years of interest are in Appendix A. Table 2. below outlines the 

cross-validation statistics of the 2014 Matern Stein parameterized model. 

 

Table 2. Cross-Validation Results for the 2014 Matern Stein Model 

Statistic Result 

Mean of Cross Validation Residual -0.024 

Mean Squared Error 0.012 

Root Mean Squared Error 0.110 

 

 

3.          Results and Discussion 

3.1.       Land Use and Landscape Patterns 

Figure 4. and Figure 5. depict the land use in the GTHA for the years 2000, 2008, 2010, and 

2014 can be observed below and on the following page. Due to the implementation of the 

Greenbelt Plan in 2005 (Government of Ontario, 2017), there is relatively rapid and dispersed 

development between the 2000 and 2008 figures. In contrast, the development between the 2010 

and 2014 figures almost entirely falls in accordance with the boundaries.  
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Figure 4. Land usage in the GTHA in 2000 and 2010 

 

Figure 5. Land usage in the GTHA in 2008 and 2014 

To quantify the characteristics of an area, one can observe the landscape metrics. The program 

FRAGSTATS (McGarigal et al., 2012).  was used to observe the edge, shape, interspersion, and 

diversity metrics Landscape Shape Index (LSI), Perimeter-Area Fractal Dimension (PAFRAC), 

Shannon’s Diversity Index (SHDI), and Aggregation Index (AI) respectively.  
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The LSI is a standardized measure of the patch aggregation of a landscape. A LSI of one 

indicates a landscape composed of a single square patch. The LSI can also be greater than one 

without limit. The larger the value, the greater the disaggregation of the landscape. Limitations 

of any edge metric are the scale of investigation. The LSI and the other landscape metrics 

observed for 2000 and 2010 are at the landscape level. The formula for the Landscape Shape 

Index is as follows, with E representing the total length of edge in terms of the number of cell 

surfaces. (McGarigal, 2015) 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  𝐿𝑆𝐼	   = 	   &
'()('*'&

                                                               

 

The PAFRAC is a measure of patch shape complexity. The value ranges from one to two, with 

one indicating simple shapes like squares and two representing a mixture of complex patches 

(McGarigal, 2015). Shape metrics are limited by the resolution of the raster, and the often jagged 

shapes that a raster cell creates. This often makes the values for these metrics larger than they 

would be in real life. The formula for PAFRAC is as follows with aij and pijj representing the area 

and perimeter of a patch, and N being the total number of patches of a landscape. 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  𝑃𝐴𝐹𝑅𝐴𝐶 = 	   0
1 23456∗23856

3
69:

;
59: < 23456

3
69:

;
59: 23856

3
69:

;
59:

1 23456=
3
69:

;
59: < 23456

3
69:

;
59:

=

	  	                        

SHDI is a measure of patch diversity in a landscape. As the value increases from zero without 

limit, it indicates an increase in the number of different patch types and their equitable areas. The 

formula for SHDI is as follows, with Pi representing the proportion of the landscape occupied by 

a patch type. (McGarigal, 2015) 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  𝑆𝐻𝐷𝐼	   = −	   𝑃A ∗ 𝑙𝑛𝑃AD
AEF                                                 
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The AI is an average area-weighted aggregation index. The value ranges from zero to one 

hundred, with one hundred representing a single patch for the entire landscape. Like shape 

metrics, interspersion metrics are also affected by the resolution of the raster. A finer resolution 

will show a proportional increase in like patch adjacencies. The formula for AI is as follows, 

with gii representing the number of like adjacencies between patch types and Pi being the 

proportion that each patch type occupies in the landscape. (McGarigal, 2015) 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  𝐴𝐼	   = 	   G55
DHI→G55

𝑃AD
AEF 100                                               

Table 3. and Table 4. below show each of the above landscape metrics for 2010 and 2000. 

Table 3. 2010 Landscape Metrics 

Metric Value 

LSI 267.801 

PAFRAC 1.516 

SHDI 1.471 

AI 82.934 

 

Table 4. 2000 Landscape Metrics 

Metric Value 

LSI 263.720 

PAFRAC 1.502 

SHDI 1.463 

AI 83.196 
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Each of the landscape metrics experience a slight increase except for the aggregation index. This 

shows an increase in the disaggregation, complexity, and diversity of the landscape along with 

the connection of several of the developed patches. 

 

3.2.        Mapping of NO2 Concentrations  

The figures from left to right below show the estimated NO2 concentrations for the years 2000, 

2008, 2010, and 2014. The estimated model variations are in Appendix B. 

             

                                        

Figure 6. Estimated NO2 concentrations in the GTHA for 2000, 2008, 2010, and 2014 

There has been a significant overall decrease in ambient NO2 concentrations over the past 

decade. Between 2010 and 2014, slight increases in NO2 concentrations occur in the Hamilton 
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region. The highest concentrations in each of the years occurs in the Toronto and Peel regions of 

the Greater Toronto and Hamilton Area.  

 

3.3.        Change in NO2 Concentrations and Land Use from 2000-2014 

3.3.1.     Changes in NO2 Concentrations 

Figure 7. below depicts the ambient NO2 changes in concentrations between the years of interest. 

  

Figure 7. Change in NO2 concentrations in the GTHA from 2000-2010 and 2008-2014 

The 2000-2010 change in concentration is focused in the central region of the area, whereas the 

2008-2014 changes are widely dispersed. 

 

3.3.2.     Land Use Change Analysis 

For this report, the land usages of interest were settlement and residential areas. The cell value 

corresponding to the category of interest was isolated for each of the yearly rasters. The rasters 

of the paired years were stacked to see whether the variety of land use in each of the cells was 

either “1” or “2”. Two indicated a change in land usage, while one indicated that there was no 
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change. Figure 8. below displays the settlement and residential land use changes between the 

years of interest. 

 

Figure 8. “Settlement” and “Residential” change from 2000-2010 and 2008-2014 

The change in settlement occurs along the middle of the GTHA, while the change in residential 

area occurs near the edge of the GTHA with a few clusters throughout the area. 

 

3.3.3.     Impact of Land Use Change on NO2 Concentrations 

The occurrence of settlement and residential land use change was correlated with the variance of 

ambient NO2 concentrations using a Pearson’s product-moment correlation. The input of a 

continuous and dichotomous variable make this a special case of a Pearson’s correlation known 

as a biserial point correlation. A summary of the results is shown in Table 5. on the following 

page. 
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Table 5. Summary of Pearson’s Correlation Results 

Result Settlement Residential 

Correlation Coefficient  0.0568 0.267 

p-Value 2.2´10-16 2.2´10-16 

t 46.057 116.55 

Degrees of Freedom 654710 176490 

 

The high t and low p-value means that the null hypothesis can be rejected and that there is indeed 

a relationship between land use change and concentration variation. In terms of the strength of 

these correlations, the residential land use type has a much stronger correlation than the 

settlement land use type. 

 

Although it can be seen in previous sections that the ambient NO2 concentrations in the GTHA 

have seen a significant decrease over the past decade, this section shows that these 

concentrations could be even lower given proper management of residential development. 

 

4.          Recommendations 

This report gives backing to the effectiveness of land use plans such as the Greenbelt Plan and 

the Greater Golden Horseshoe Growth Plan. In alignment with the current revision to the 

Greenbelt Plan, Ontario should continue to add areas of concern to the Greenbelt. Rather than 

aggregating green spaces with urban parks, an effort should be made to conserve the green space 

the GTHA already has. An effort should be made to give a greater legal enforcement to plans 
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such as the Oak Ridges Conservation Plan to ensure exceptions do not manage to gain 

permission for development in unsettled areas. 

Incentives such as bonuses for buying houses in already developed areas or investing in public 

transportation could help in curbing urban sprawl. A wider variety of housing types, with an 

emphasis on multiple story housing rather than bungalows, would aid in appealing to a greater 

range of home buyers while using less of the available development space. 

 

Possible future studies could include pursuing a wider variety of timeframes or repeating the 

study once new data becomes available. The correlation of other categories of land use should 

also be explored.  

 

Methods such as coupling the monitoring station data with satellite aerosol optical depth 

measurements or land use regression could also be attempted and compared in future studies. 

 

5.          Conclusions 

It was found that the Matern Stein parameterized model provided the best fit of the generated 

models to krige the NO2 concentrations over the Greater Toronto and Hamilton Area. These 

models showed an overall decrease in the ambient NO2 concentrations over the 2000-2010 

period with the highest concentrations being found in the Toronto and Peel regions.  

 

The null hypothesis was rejected in that the correlation correlation between the occurrence of 

settlement and residential land use change is not equal to zero. The relationship for residential 

land use change was significantly stronger than that for settlement land use change. 
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Although there is an overall decrease in the ambient NO2 concentrations over the 2000-2010 

period, the significant correlation between the occurrence of land use change and the variation of 

NO2 concentrations shows that with improved residential development management these 

concentrations could be even lower. 
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Appendix A – Semi-Variograms and Summary Statistics 

 

Semi-variograms and summary statistics for  

all years of interest not included in the body of the report 
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2000 

 

Statistic Value 

Error Sum of Squares 1.288 ´ 10-12 

Mean of Cross Validation Residual -0.006 

Mean Square Error 0.012 

Root Mean Squared Error 0.108 
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2008 

 

Statistic Value 

Error Sum of Squares 5.815 ´ 10-13 

Mean of Cross Validation Residual -0.018 

Mean Square Error 0.016 

Root Mean Squared Error 0.126 
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2010 

 

Statistic Value 

Error Sum of Squares 2.156 ´ 10-12 

Mean of Cross Validation Residual -0.024 

Mean Square Error 0.015 

Root Mean Squared Error 0.121 
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Appendix B – Maps of Concentration Variations 

 

Companion maps for the concentration  

estimation maps for the years of interest 
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Concentration variation maps from left to right above for 2000-2010. 
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Appendix C – Sample Code 

 

Code used to generate models in  

the R program and test correlation 
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Correlation: 
 
> cor <- readOGR(file.choose()) 
> cor$grid_code[cor$grid_code == 1] <- 0 
> cor$grid_code[cor$grid_code == 2] <- 1 
> cor <- subset(cor, RASTERVALU > -1000) 
 falsesample <- false[sample(nrow(false),88248),] 
> cor <- subset(cor, grid_code == 1) 
> cor <- rbind(cor, falsesample) 
#Biserial point correlation works best when there are an equal number of true and false samples 
> sum(cor$grid_code == 0) 
[1] 88248 
> sum(cor$grid_code == 1) 
[1] 88248 
> cor.test(cor$RASTERVALU, cor$grid_code) 
 
 
Model Generation:  
 
data <- read.csv(file.choose(), header = TRUE) 
coordinates(data2)<- ~Long+Lat 
proj4string(data2) <- CRS("+init=epsg:2029") 
min_x = 550476.164096328 #minimun x coordinate 
min_y = 4748996.87320811 #minimun y coordinate 
x_length = 717836.164096328 - min_x #easting amplitude 
y_length = 4945816.87320811 - min_y #northing amplitude 
cellsize = 20 #pixel size 
ncol = round(x_length/cellsize,0) #number of columns in grid 
nrow = round(y_length/cellsize,0) #number of rows in grid 
grid = 
GridTopology(cellcentre.offset=c(min_x,min_y),cellsize=c(cellsize,cellsize),cells.dim=c(ncol,nr
ow)) 
#Convert GridTopolgy object to SpatialPixelsDataFrame object. 
grid = SpatialPixelsDataFrame(grid, 
                              data=data.frame(id=1:prod(ncol,nrow)), 
                              proj4string=CRS(proj4string(data2))) 
#ordinary kriging using the data, assigning values to the created grid over the GTHA 
kriging <- autoKrige(NO2~1, data, grid) 
 


