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Abstract: Total imperviousness (residential and non-residential) increases with population growth in
many regions around the world. Population density has been used to predict the total imperviousness
in large areas, although population size was only closely related to residential imperviousness. In
this study, population density together with land use data for 154 suburbs in Southeast Queensland
(SEQ) of Australia were used to develop a new model for total imperviousness estimation. Total
imperviousness was extracted through linear spectral mixing analysis (LSMA) using Landsat 8
OLI/TIRS, and then separated into residential and non-residential areas based on land use data for
each suburb. Regression models were developed between population density and total impervious-
ness, and population density and residential imperviousness. Results show that (1) LSMA approach
could retrieve imperviousness accurately (RMSE < 10%), (2) linear regression models could be used to
estimate both total imperviousness and residential imperviousness better than nonlinear regression
models, and (3) correlation between population density and residential imperviousness was higher
(R2 = 0.77) than that between population density and total imperviousness (R2 = 0.52); (4) the new
model was used to predict the total imperiousness based on population density projections to 2057
for three potential urban development areas in SEQ. This research allows accurate prediction of
the total impervious area from population density and service area per capital for other regions in
the world.

Keywords: urban development; population growth; linear spectral mixture analysis (LSMA); landsat;
land use

1. Introduction

South East Queensland (SEQ) is one of the major urban living areas in Australia, in
which the population is expected to grow over the next few decades based on government
plans. Queensland governments define some centers (new residential suburbs) as potential
development areas (PDAs) in the SEQ region (https://www.qld.gov.au/, (accessed on 10
August 2021)). Development of the PDAs will lead to an increase in the total impervious
surface area (TISA) including residential buildings and service area, e.g., commercial and
industrial services, roads, and parking lots. Total imperviousness (the ratio of TISA to
total area) has been shown to be a reliable metric to describe urban development [1].
Several studies explored the destructive impact of the increase in total imperviousness on
hydrology and climate condition in urbanized regions [2–5]. Therefore, accurate estimation
of total imperviousness due to population growth in the future is of great importance for
developing sustainable environmental management plans.

Census, economic, and geographic data have been known as the main urban growth
causative factors [6–9]. Among them, census data are the most available data which have
been recorded every five years in most countries (e.g., Australia) (https://itt.abs.gov.au,
(accessed on 15 July 2021)). Additionally, census data have been recorded in large areas
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such as counties or suburbs [10,11]. On the other hand, urban built-up areas, known as total
imperviousness, have been derived at small (e.g., buildings) to regional areas from satellite
images [12–14]. Imperviousness derived from remote sensing techniques represents total
imperviousness (residential and non-residential).

To extract total imperviousness over large areas, previous studies used medium spatial
resolution satellite images (e.g., Landsat) [10,11,14,15]. For example, Azar et al. [16] used
Landsat images to derive imperviousness at county scale in Haiti. Per-pixel and sub-
pixel classification techniques have been used [17–19] to extract total imperviousness from
Landsat images. Per-pixel methods (e.g., maximum likelihood and support vector machine)
based on medium spatial resolution images often overestimate or underestimate total
imperviousness, due to presence of mixed pixels especially in urban areas [20]. However,
sub-pixel classification approaches such as Artificial Neural Network (ANN) and Spectral
Mixture Analysis (SMA) have shown a better performance to quantify the fraction of each
land use in each pixel [21,22].

A few simple methods have been used to predict total imperviousness from population
density data in large areas [23,24]. Sunde et al. [25] used a coefficient, showing total
imperviousness per person, to predict the total imperviousness from population projections.
Other studies predicted total imperviousness from population density using established
regression models [26–28]. Sutton [29] developed a linear regression model between
population data and urban area, derived from nighttime satellite imagery, to estimate
imperviousness for a large number of urban centers in the United States. Carlson [30] used
a nonlinear regression model to predict total imperviousness from population density for
two catchments in the US.

The above-mentioned methods have overestimated total imperviousness in dense
residential suburbs, where the most of built-up areas are residential buildings. This was
mainly because non-residential impervious area is not related to the local population den-
sity. Thus, in this study, we aimed to develop a new model to predict the total impervious
area in dense residential PDAs in SEQ, Australia. This model could allow us to predict
total imperviousness in urban development areas in Australia and other areas in the world
with higher accuracy. The specific objectives of this study were to address the following
research questions:

1. Whether or not a sub-pixel classification approach can extract imperviousness with
acceptable accuracy in our case study, which is a complex urban–rural frontier.

2. What is the nature of the relationship, linear or nonlinear, between population den-
sity and total imperviousness, and between population density and the residential
impervious at the suburb scale?

3. Whether or not population density is a better predictor of residential imperviousness
than total imperviousness at suburb scale?

4. Whether or not our recommended method could be used to estimate total impervious-
ness more accurately than previous regression models between population density
and total imperviousness in dense residential suburbs?

2. Material and Methods
2.1. Study Area

The study area consists of more than 310 suburbs, located in South East Queensland,
Australia (Figure 1). SEQ contains major urbanized areas such as Brisbane, Logan, and
Ipswich cities in with a population of around 3.5 million people in 2016. Based on popula-
tion growth projections, potential development areas (PDAs) were defined in SEQ region
(https://www.qld.gov.au/, (accessed on 10 August 2021)). Ripley Valley (46 km2), Greater
Flagstone (72 km2), and Yarrabilba (22 km2) are three largest PDAs in Queensland. These
PDAs are located in one of the largest urban growth areas in Australia (Figure 1). They
offer opportunities for further residential growth to meet the region’s affordable housing
needs. Once the area is fully developed, Ripley Valley, Greater Flagstone, and Yarrabilba are
expected to have a population of 120, 120, and 50 thousand people, respectively, by 2060.

https://www.qld.gov.au/
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Figure 1. Location of the case study and potential development areas (PDAs) in southeast Queensland,
Australia.

2.2. Dataset

Landsat images (TM, ETM and OLI/TIRS), as a medium resolution image, were used
widely to derive imperviousness in environmental studies [31–36]. Hence, Landsat 8
OLI/TIRS image (collection 1 Level-2) which provides surface reflectance data (path/row:
89/79) in July 2016 was used in this study (https://earthexplorer.usgs.gov/, (accessed
on 20 October 2021)). Cloud-free Landsat 8 OLI/TIRS images and that with minimal
system-induced errors such as stripping or bad pixels which have higher quality rate for
image analysis purposes were selected. No atmospheric correction and no image to image
registration were needed because Level-2 Surface Reflectance data are atmospherically and
geometrically corrected. High resolution and cloud-free Google Earth images in July 2016
were used to obtain imperviousness data for evaluating the accuracy of Landsat-derived
imperviousness data. Population data at the suburb scale was obtained from Australian
Bureau of statistics (https://itt.abs.gov.au/, (accessed on 15 July 2021)). Population data
were available for 154 suburbs for the year 2016. Therefore, 154 suburbs from a total
of 310 suburbs were selected for this study. Area of the selected suburbs was obtained
from polygon layer of suburbs provided by the Australian Government website (https:
//data.gov.au/, (accessed on 10 August 2021)). Residential polygons were derived from
SEQ land use map in 2015.

2.3. Extraction of Total Imperviousness

Two main steps were used in this research to derive imperviousness from Landsat 8
OLI/TIRS.

Step 1: Removal of water bodies

Modified Normalized Difference Water Index (MNDWI) (Equation (1)), as a widely
used satellite-derived index, was used to remove water pixels from Landsat images [37].

MNDWI =
RGreen−RSWIR1

RGreen+RSWIR1
(1)

where, RGreen and RSWIR1 refer to Landsat 8 OLI/TIRS surface reflectance values of con-
sistent bands Green (band 3) and SWIR1 (band 6). MNWDI is a good indicator of liquid
water and less sensitive to atmosphere that has been widely used in environmental re-
search [38–41]. With MNWDI, those pixels with a threshold value of greater than 0 were
represented as water bodies and masked from the image.

https://earthexplorer.usgs.gov/
https://itt.abs.gov.au/
https://data.gov.au/
https://data.gov.au/
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Step 2: Sub-pixel classification approach

The linear spectral mixture analysis (LSMA)-based method was applied in this study
to extract total imperviousness from Landsat images [42]. The LSMA approach assumes
that the surface reflectance measured by a sensor in each band is a linear combination of
the surface reflectance of end members (each end member represents a pure land cover
type) within the pixel and that the surface reflectance proportions of the end members
represent proportions of the area covered by distinct features on the ground. The linear
spectral mixing model is expressed as:

Rj =
N

∑
i=1

fiRij+ej (2)

N

∑
i=1

fi= 1 (3)

where Rj is the surface reflectance for each band (j) in the Landsat 8 OLI/TIRS image
(6 bands), N is the number of end members, fi is the fraction of end member i, Rij is
the surface reflectance by the end member i in band j, and ej is the unmodeled residual.
Six Landsat 8 OLI/TIRS reflective bands (Visible, NIIR, and SWIR bands) were used to
develop fraction images with LSMA. Additionally, constrained condition was imposed
based on Equation (3) which means the sum of all fractions must equal 1. Moreover, four
endmembers including vegetation, low-albedo (e.g., dark impervious surface materials),
high-albedo (e.g., commercial/industrial/transportation areas), and soil, were selected
as input to LSMA in this study. Total imperviousness in each pixel was extracted from
the sum of high-albedo and low-albedo fraction images [43,44] (Figure 2). A detailed
description of the LSMA method, selected Landsat reflective bands, and end-member
selection were found in previous literature [34,45]. In order to assess the accuracy of
extracted imperviousness map, 300 random samples (each sample contains 3 × 3 Landsat
pixels) were initially selected over the Landsat imperviousness map. Samples were selected
over the whole study area with different degrees of urbanization (0 to 100%). This stratified
sampling method allowed us to check the performance of the LSMA algorithm for a wide
range of imperviousness in the study area. The selected samples over Landsat images
were linked to the corresponding Google Earth image. Impervious areas were digitized
manually for each sample in the Google Earth image [46,47]. The impervious areas were
then divided by the total sample area to calculate imperviousness in percent for each
sample. Both Landsat and Google earth images had similar acquisition dates (June of
2016) that reduce errors related to land use change in the validation process. Values of
imperviousness derived from Landsat and Google Earth were compared by widely used
statistical criteria including the coefficient of determination (R2), the root mean square error
(RMSE), and the mean absolute error (MAE).

2.4. Relatioship between Population Density and Total Imperviousness

Total imperviousness derived from the LSMA approach at Landsat pixel was ag-
gregated for each suburb (Figure 2). Among around 250 suburbs, 154 suburbs, where
population density data are available, were selected for further analysis. Total impervious-
ness (%) and population density (persons/km2) for each suburb were used as dependent
variable and independent variable, respectively. Linear and nonlinear regression models
were developed. Performance of the regression models was assessed by the coefficient of
determination (R2), mean absolute error (MAE), and root mean square error (RMSE).



Appl. Sci. 2021, 11, 10044 5 of 14

Figure 2. Total imperviousness (%) at (a) Landsat pixel and (b) suburb scale. Numbers are in percentage (%). Figure has the
same scale as Figure 1.

2.5. Model Development between Population Density and Residential Imperviousness

Residential polygon boundary of the land use map (Figure 3), which involves resi-
dential building, footpath, and street, was used to separate residential imperviousness.
Residential and non-residential imperviousness are shown in Figure 3. Subsequently, resi-
dential imperviousness and non-residential imperviousness in each suburb were calculated
(Figure 3).

Linear and nonlinear regression models were established between the population
density (the independent variable) and residential imperviousness (dependent variable).
Similar to Section 2.4, R2, MAE, and RMSE were used to find the best regression model.

2.6. Estimation of the Total Imperviousness Dense Residential Suburbs

Two methods were used to estimate total imperviousness in dense residential suburbs
in this study. For this purpose, 67 suburbs with residential imperviousness more than 70%
were selected. In method 1, the best relationship between population density and total
imperviousness (see Section 2.4) was used. In method 2, residential imperviousness was
predicted from population density using the best regression model explained in Section 2.5.
Non-residential imperviousness was also predicted using the following steps:

First, to prevent overestimation of non-residential imperviousness, a ratio (M) showing
non-residential impervious area per person in the 67 dense residential suburbs, with more
than 70% residential imperviousness, was calculated (Equation (4)).

M =
∑N

1 ISAc

∑N
1 P

(4)

where, ISAc, P, and N are non-residential impervious areas, population, and number of
dense residential suburbs, respectively.

Second, non-residential imperviousness (Ic) for each suburb was computed using
Equation (5):

Ic = M
P
A

(5)

where P is the population and A the area of each suburb.
Total imperviousness was calculated by aggregating non-residential imperviousness

(Ic) and residential imperviousness (Ir) (Equation (6)) for the suburbs:

I = Ir+Ic (6)
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Ultimately, estimated total imperviousness by the two methods were assessed by
some commonly used statistical criteria, e.g., RMSE and MAE.

Figure 3. (a) Total imperviousness at Landsat pixel; (b) residential polygon; (c) residential imperviousness at Landsat pixel;
(d) non-residential imperviousness at Landsat pixel; (e) residential imperviousness at suburb scale; (f) non-residential
imperviousness at suburb scale. Numbers are in percentage (%). Figures has the same scale as Figure 1.

3. Results
3.1. Evaluation of Extracted Total Imperviousness

Landsat derived imperviousness by LSMA approach was compared to corresponding
Google Earth data (Figure 4) in 300 samples. Results showed good agreement between the
estimated and the observed data (Figure 4) with a determination coefficient (R2) of 0.87.
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RMSE of 9% and MAE of 7% also demonstrated a reliable accuracy for imperviousness
estimated from Landsat 8 OLI/TIRS by the fully constrained LSMA approach in this study.
The LSMA approach, however, overestimated and underestimated imperviousness in
samples with imperviousness less than 20% and higher than 80% (Figure 4).

Figure 4. Accuracy assessment of estimated imperviousness for 300 selected pixels from Landsat.

Overestimation mainly occurs in samples with a high fraction of bare soil. This
is mainly because bare soil is so similar to some impervious surface materials in terms
of spectral behavior [34]. Evaluation indicators from this study were comparable with
previous results (Table 1). For example, RMSE from this study is equal to or better than
previous results [48,49]. Moreover, MAE is lower than that from study conducted by Li
and Lu [10] and Van de Voorde et al. [50]. This comparison indicates that the magnitude
of the error is acceptable for this case study (SEQ region) which is a complex urban–rural
frontier in Australia.

Table 1. Evaluation results of imperviousness estimation using LSMA approach at Landsat pixel in
this study and previous studies.

References R2 MAE (%) RMSE (%)

This study 0.87 7 9
Lu et al. [44] 0.7 NA 10
Lu et al. [49] NA NA 9

Li and Lu [10] NA 10 NA
Van de Voorde et al. [50] NA 12.90 NA

NA: not available.

3.2. Relationship between the Total Imperviousness and Population Density

Total imperviousness and population density values for the 154 selected suburbs
ranged from 5% to 62%, and 343 to 4430 (persons/km2) in this study. The data range
in this study was larger than that (total imperviousness: 1–24% and population den-
sity: 70–950 persons/km2) in recent previous studies over large areas (county scale) in
China [10]. Different linear and nonlinear regression models were created between popula-
tion density (PD) and total imperviousness (TI) (Table 2). Capability of the models was
assessed using three criteria of R2, MAE, and RMSE. Among them, the linear regression
model showed the highest accuracy with determination of coefficient (R2), mean absolute
error (MAE), and root mean absolute error (RMSE) of 0.52, 6.77, and 9.06, respectively.
Power regression also showed good accuracy compared to the linear regression. The
values for the three criteria are approximately similar to corresponding values from the
linear model. Other regression models (exponential and logarithmic) demonstrated lower
accuracy. Totally, the linear model can more accurately represent the relationship between
population density and total imperviousness at suburb scale than nonlinear models in
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this study (Figure 5). Predicted total imperviousness for the 154 suburbs by the linear
regression model versus observed data is shown in Figure 5.

Table 2. Linear and nonlinear regression models developed between population density (PD) and
total imperviousness (TI) and their evaluation results.

Type of Regression Equation R2 MAE RMSE

Linear TI = 0.0103 PD + 8.75 0.52 6.77 9.06

Nonlinear (power) TI = 0.1505 PD0.69 0.51 6.99 9.22

Nonlinear (exponential) TI = 11.479 e0.0004PD 0.49 7.31 9.77

Nonlinear (logarithmic) TI = 16.415 ln(PD)− 93.4 0.48 7.24 9.43

Figure 5. (a) The best relationship between population density (PD) and total imperviousness (TI) at
suburb scale (red and blue points are examples for outliers), and (b) observed versus predicted total
imperviousness (TI).

This result is corresponding to the result shown by Azar et al. [16]. They also demon-
strated that the linear regression model is the best model to explore the relationship between
population density and total imperviousness compared to the nonlinear regressions over a
large area. However, Li and Lu [10] indicated that their relationship can be expressed with
an exponential equation. In comparison with this study, Azar et al. [16] and Li and Lu [10]
showed a stronger relationship between population density and total imperviousness with
R2 of 0.85 and 0.88, respectively. Both of these previous studies, however, have developed
regression models between the population density and total imperviousness at a scale
much larger than that in this study. For example, Li and Lu [10] developed the regression
model at the county scale (>1000 km2) in China, which was significantly larger than the
suburb scale (1–26 km2) considered in this study.

The relationship between population density and total imperviousness in this study
is poor because there are some significant outliers in data. As shown in Figure 5, there
are some outliers which refer to suburbs with low population density and high total
imperviousness. It is found that they are mostly associated with suburbs where non-
residential imperviousness (e.g., industrial areas, shopping areas and public services) is
a significant component of the total imperviousness. For example, three of the outliers
shown by red color are suburbs with imperviousness of more than 80%. In contrast, two
of the outliers shown by blue color are suburbs with residential imperviousness of more
than 90%.
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3.3. Relationship between the Population Density and Residential Imperviousness

The range of residential imperviousness and population density used in this study
is within 0.7–51% and 365–4762 persons/km2. Linear and three nonlinear regression
models were developed between population density (PD) and residential imperviousness
(Ir) (Table 1). Based on R2, MAE, and RMSE, residential imperviousness in the 154 suburbs
can be estimated with a higher accuracy by linear regression model than power regression
model. Therefore, the linear regression model which leads to lower error is selected as
the best model in this study (Figure 6). Exponential and logarithmic models, however,
significantly estimate the residential imperviousness with lower correlation and accuracy
compared to the linear and power models. Figure 6 also shows predicted residential
imperviousness by the best model and observed data.

Figure 6. (a) Relationship between population density (PD) and residential imperviousness (Ir) at
suburb scale, and (b) observed versus predicted residential imperviousness (Ir).

Results reveal a stronger relationship between population density and residential imper-
viousness than that between the population density and total imperviousness (Figures 5 and 6).
This is mainly owing to removal of important non-residential impervious areas such as
service buildings (hospitals, universities, shopping centers), industrial areas, and major
highways in each suburb. If the current land use map could separate other non-residential
impervious areas such as streets and pedestrian pathways, a stronger model than the recent
linear regression model (Table 3) can be developed. In this model, errors related to building
structures are the major source of error which reduces accuracy of the developed model
between population density and residential imperviousness. Having said that, information
about height of building, as an important characteristic of building structure at suburb
scale, is not available in this study.

Table 3. Linear and nonlinear regression models developed between population density (PD) and
residential imperviousness (Ir).

Type of Regression Equation R2 MAE RMSE

Linear Ir = 0.0108 PD + 0.16 0.77 4.4 5.4

Nonlinear (power) Ir = 0.0039 PD1.13 0.76 4.5 5.55

Nonlinear (exponential) Ir = 5.33 e0.0006PD 0.67 5.84 7.43

Nonlinear (logarithmic) Ir = 16.68 ln(PD)− 104.52 0.71 4.84 6.01
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3.4. Accuracy Assessment of the Two Methods for Dense Residential Suburbs

Non-residential impervious area per person (M) for the 67 suburbs was equal to
approximately 12 m2. As mentioned in Section 2.6, total imperviousness from the two
methods was estimated and compared. RMSE and MAE between observed and estimated
total imperviousness derived from method 1 and method 2 was approximately 7.2 and 6.2,
and 6 and 5, respectively. It is demonstrated that our recommended method (method 2)
had a better overall accuracy than method 1 to estimate total imperviousness in 67 dense
residential suburbs in the SEQ.

Figure 7 shows observed total imperviousness and its corresponding predicted values
derived from the two methods for each dense residential suburb. Compare to method 2,
method 1 overestimated total imperviousness in most of the dense residential suburbs.
Additionally, in suburbs that both of the methods show overestimation, method 2 predicted
lower overestimation than method 1. Moreover, analyzing the results revealed that average
of total imperviousness in all suburbs was overestimated by up to 15% by method 1;
however, near 2.5% underestimation was observed using method 2. It demonstrates the
overall overestimation of total imperviousness in the 67 dense residential suburbs predicted
from method 1 compared to method 2 in this case study.

Figure 7. Observed and estimated total imperviousness values derived from methods 1 and 2 for the
67 dense residential suburbs.

3.5. Prediction of Total Imperviousness for New Urban Regions in 2057

Method 2, as the more accurate method than method 1, was used to predict total
imperviousness in this study. Population density projections in 2057 for three potential
development areas (PDAs) were used to predict residential imperviousness by the linear
regression model (Table 3). Residential imperviousness, as the main part of development
in the PDAS, is expected to occupy 28.3%, 18.2%, and 24.7% area of Ripley Valley, Greater
Flagstone, and Yarrabilba. Moreover, according to the non-residential impervious area per
person (M = 12 m2), non-residential imperviousness is expected to be approximately 3.1%,
2%, and 2.7% in the PDAs (Table 4). Totally, this study predicted that total imperviousness
would be around 31.4%, 20.2%, and 27.4% for the three PDAs. Results showed that more
than 20% of area of the PDAs would be replaced with impervious surface area (ISA) in the
future. Therefore, sustainable environmental management decisions should be taken to
reduce adverse effects of the expected increase in the imperviousness on the ecosystem of
these regions.
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Table 4. Predicted total, residential, and non-residential imperviousness for PDAs using the method recommended by
this study.

PDA Population Density
(Persons/km2)

Non-Residential
Imperviousness (%)

Residential Imperviousness
(%) and 95% Prediction

Intervals

Total Imperviousness
(%) (Method 2)

Ripley Valley 2609 3.1 28.3 (±3.7) 31.4
(27.7–35.1)

Greater Flagstone 1667 2 18.2 (±3.6) 20.2
(16.6–23.8)

Yarrabilba 2273 2.7 24.7 (±3.6) 27.4
(23.8–31)

Here, some sources of uncertainty which may affect the reliability of the predicted
total imperviousness are discussed. First, there is uncertainty in the predicted residential
imperviousness using the linear regression model (Table 3). The 95% confidence intervals
were calculated to show the uncertainty interval for the predicted residential impervious-
ness. Detailed description to calculate 95% confidence interval for predicted values from
regression models was discussed in, e.g., Bewick et al. [51]. The 95% confidence interval
was predicted to range from 3.6% to 3.7% for the three PDAs (Table 4). Considering these
prediction intervals, a range of total imperviousness for the three PDAs are presented in
Table 4. For example, total imperviousness in the Yarrabilba was predicted to range from
23.8% to 31%. Second, uncertainty in population projections was yet another source of
uncertainty in the predicted total imperviousness for the PDAs. While, it is difficult to
quantify the uncertainty in estimates of population increases. Simple analysis showed
how sensitive the predicted imperviousness could be to population projection uncertain-
ties. For example, a 10% increase in population projection would lead to increase in the
impervious area between 2% and 3.1% for the three PDAs. The last source of uncertainty
source is related to the M ratio which was used to estimate non-residential imperviousness
in the PDAs. Analysis showed that there is 45 m2 of non-residential area per person
in all 154 suburbs, because non-residential area in some of the suburbs was extremely
high. Considering 45 m2 would lead to overestimation of non-residential area, thus, our
recommended method could present a low uncertain level of non-residential area for the
predicted non-residential imperviousness in the PDAs. Due to the increased land value
and population density, our estimate is likely to be the upper limit based on established
dense residential suburbs in SEQ.

4. Discussion

In reality, population density is mostly available in large areas such as counties in
China [10] and suburbs in Australia. On the other hand, imperviousness can be accurately
derived at the corresponding scale with population density (large area) by several advanced
sub-pixel classification techniques such as linear spectral mixture analysis (LSMA) or neu-
ral network [17,21] from high to medium resolution satellite images, e.g., Landsat [16].
However, this imperviousness represents total imperviousness involving residential imper-
viousness and non-residential imperviousness. Residential imperviousness simply refers
to residential buildings where people live. Non-residential imperviousness encompasses
industrial areas, commercial buildings, or transportation infrastructures. Both residential
and non-residential impervious areas have different characteristics in terms of their rela-
tionship to population size. For example, for a high non-residential suburb (e.g., industrial
suburb), where population density is often low, total imperviousness estimation is seriously
underestimated based on population density alone and vice versa.

This indicates the importance of estimating residential and non-residential impervi-
ousness separately by taking land use types into consideration. However, satellite-derived
imperviousness cannot directly be separated without incorporating land use data [43].
Due to the lack of land use data, underestimation and overestimation of total impervious-
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ness is common for non-residential regions where high total imperviousness exists and
for residential areas where low total imperviousness exists [52]. Therefore, considering
land use data is of great importance to develop separate residential and non-residential
imperviousness estimation models.

In an urbanized region, another important factor resulting in different patterns of total
imperviousness is building height. For highly populated areas, suburbs with multi-story
(tall) buildings, overestimation of population density is common [52,53]. To address this
problem, Lidar data which provide data on height of buildings (structure of buildings)
could be used in the future studies to test whether or not relationships between population
density and residential imperviousness could be improved at suburb scale.

5. Conclusions

This paper provides a new approach to predict total imperviousness for residential
suburbs, based on the established relationship between population density and remote-
sensing-derived residential imperviousness and a value (M) representing overall non-
residential area per person at the suburb scale. It is concluded that (1) the LSMA sub-pixel
classification approach had an overall good accuracy to retrieve total imperviousness in
this case study, (2) linear regression models could reproduce both total and residential
imperviousness by population density at suburb scale, (3) there was a stronger relationship
between population density and residential imperviousness than that between total im-
perviousness at suburb scale, and (4) the proposed method provided a more accurate and
reliable model to predict total imperviousness in 67 dense residential suburbs in Southeast
Queensland, Australia. The proposed method is especially valuable for regions where
new suburbs would be developed to meet growing need for homes (house buildings).
Although this research demonstrated that residential imperviousness could be predicted
more accurately by population density, errors related to structure of buildings (heights of
the buildings) led to uncertainty in the established model. More research is needed in the
future to integrate heights of the buildings into remote-sensing data to develop a more
reliable residential imperviousness estimation model.
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