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Abstract: Outdoor recreation is one of the most important leisure activities of urban 
residents, with urban greenspace accruing the highest value of benefits among 
all greenspaces in the UK. However, access and trip-making to outdoor 
greenspaces by urban residents remain poorly understood. Existing trip-
making prediction models that have been established for assessing the 
recreation benefits of outdoor greenspaces have dealt separately with visits to 
urban and rural greenspaces. This makes it difficult to assess greenspace 
strategies when considering them as a whole infrastructure. Meanwhile there is 
a risk of misjudging the value (e.g. double counting) when they are summed 
mechanically. This research aims to investigate the strengths and weaknesses 
of predictive models of outdoor recreation travel. An output of the research is a 
new model with two components: (a) predominantly local trips and (b) 
predominantly non-local trips. The resultant model is able to make an 
assessment that seamlessly combines urban and rural greenspaces. It also links 
the spatial distribution of visits to key spatial factors, such as distribution of 
population, location of recreational sites, transport accessibility and travel 
time. The resulting quantification of the impacts of policy interventions 
provide a robust basis for decision making  

1. INTRODUCTION 

Greenspace generates a wide range of valuable ecosystem services in urban 
areas. Outdoor recreation is one of the most important leisure activities of the 
urban residents, with urban greenspace accruing the highest value of benefits 
among all greenspaces in the UK (Natural England, 2013). In a recent survey 
from Nature England (2013) it is estimated that 2,858 million outdoor 
recreational visits were made in England during 2012, entailing direct 
expenditure of over £20 billion. The main benefits include recreation, aesthetics, 
and improved physical and mental health (Davis et al., 2011), yet land-use 
decisions often ignore the value of these services (Bateman, 2013).  However, 
access and trip-making to outdoor greenspaces by urban residents remain poorly 
understood. In particular, travel prediction models used for transport planning 
purposes tend not to focus on access and travel to outdoor spaces; there is a 
resultant lack of precision in trip-making predictions; on the other hand, trip-
making prediction models (for example, the UK National Ecosystem 
Assessment/NEA) that have been established for assessing the recreation 
benefits of outdoor greenspaces distinguish between visits to urban greenspaces 
and those to outside cities or towns. The separation of destinations makes the 
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assessment of greenspace strategies difficult because there is no evidence to 
prove that either people’s choice of outdoor recreational destinations nor 
greenspace planning/design strategies’ intent indicate that urban and rural areas 
should be treated separately. It would be useful to have a method that is able to 
assess consistently the benefits regarding the spatial distribution of the 
greenspaces. Meanwhile, the existing valuation methods have very limited 
spatial granularity, particularly in urban areas; this limits their use in local 
studies.    
In this research a logit discrete choice model was used, which has been widely 
recognised in the transport planning area, and new predictive model was 
developed with two components: (a) predominantly local trips, and (b) 
predominantly non-local trips. This method allowed the prediction of the 
number of trips continually in the sense of spatial distributions. Meanwhile, site 
location, size and some other social-demographic characteristics were linked 
with a prediction of the number of trips. The resultant model had significantly 
improved capabilities in assessing policy interventions regarding allocation and 
design of urban greenspaces. 
The main research questions we aim to answer in this paper are: 
1) Existing models in UK NEA (Sen, et al., 2013; Perino et al., 2011) deal 
separately with (a) visits to urban greenspaces and (b) those to rural areas, while 
people’s choices are continuous in space – can the two models be integrated into 
one to reflect destination choice behaviour? 
2) Existing models have very limited spatial granularity which limits their use in 
local studies – can the model incorporate more local details through applying 
travel demand modelling techniques? 
The remainder of this paper is organised as follows. Section 2 is reviewing the 
exiting research related to outdoor recreational value and the discrete choice 
modelling. Section 3 contains a description of the data and the empirical 
methodology for building the trip prediction model. In Section 4 the model 
results are set out and in section 5 the manuscript concludes with an evaluation 
of the future works for this research. We aim to develop a new predictive model, 
which can estimate the outdoor recreational behaviour consistently. It will 
improve significantly the capabilities of choice modelling in assessing policy 
interventions regarding allocation and design of urban greenspaces. 

2. LITERATURE REVIEW 

2.1 Existing outdoor recreational value models 

The Millennium Ecosystem Assessment (2005) not only demonstrated the 
importance of ecosystem services to human well-being, but also showed that at 
the global scale many key services are being degraded and lost. As a result, in 
2007 the House of Commons Environmental Audit recommended that the 
Government should conduct a full Millennium Ecosystem Assessment type 
assessment for the UK to enable the identification and development of effective 
policy responses to ecosystem service degradation. The resultant UK National 
Ecosystem Assessment (UK NEA) was the first analysis of the UK’s natural 
environment in terms of the benefits it provides to society and continuing 
economic prosperity. 
Many previous studies for recreational sites focus on either single habitat 
recreational sites (Public Opinion of Forestry, 2013; Inland Waterways Visits 
Survey, 2013; National Park Visitor Survey, etc.) or on a particular type of 
activity (Great Britain Tourism Survey, since 1989; International Passenger 
Survey; NI Sports and Physical Activity Survey, 2009 etc.). Sen et al. (2014) 
developed a flexible, interdisciplinary and readily transferable methodological 
framework relying on off-site household survey data which can be applied to 



38 IRSPSD International, Vol.3 No.3 (2015), 36-49  
 
estimate recreational demand and values for any area, spatial unit and habitat 
mix. They implement a two-step statistically driven model of open-access 
recreational visits and their associated values in Great Britain. First, they 
develop a trip generation function (TGF) which models the expected number of 
visits from a given outset area to a given site. This is modelled as a multi-level 
Poission regression of several independent variables including the characteristics 
of the outset location (including socioeconomic and demographic characteristics 
of the population and the availability of potential substitute sites), the 
characteristics of the destination site (habitat type) and the travel time (and 
hence cost) of the journey. This model is based on a large sample, annual in-
house survey carried out by Natural England since 2009. In the second step, they 
developed a trip valuation meta-analysis model, which combined data from 
approximately 300 previous assessments of the value of outdoor recreational 
visits, to determine the recreational use value of predicted visits. 
The strength of this model is its ability to provide estimates of the annual 
number of visits and the value of visits across Great Britain for both the current 
situation and any future time. However, this model works best at the regional 
and national levels (Personal communicate with Sen). Local level models can 
only be successful if the local variations adequately reflect the real reasons 
behind trip variability. In fact the variations normally happen at a much smaller 
scale, such as the individual site. Therefore, it is clear that more work will have 
to be done at the local level to make this tool more implementable for local 
authorities. The research reported here takes a step in that direction.       
Key ecosystem services provided by urban greenspace are valued using the 
benefit transfer method, including three different valuation methods: hedonic 
pricing, contingent valuation, and expert interview (Barnaby 2009, Carolyn et al, 
2006, 2007, CabeSpace, 2005). Perino et al. (2011) carried out a meta-analysis 
based valuation of urban greenspace in the UK. They estimated marginal value 
functions of proximity to formal recreation sites (parks, gardens, accessible 
recreation grounds and accessible woodlands of at least 1ha), city-edge 
greenspace and general greenspace and found that the marginal value functions 
are monotonically decreasing in distance, income and population and 
monotonically increasing in relation to the size of a Formal Recreation Site. A 
limitation of this research is that the key benefits derived from urban 
greenspaces are measured as a bundle and, therefore, it is not possible to 
disentangle individual value categories. 

2.2 The discrete choice modelling 

Aggregate demand models, as discussed above, are either based on observed 
relations for groups of travellers, or on average relations at the zone level. On 
the other hand, disaggregate demand models are based on observed choices 
made by individual travellers or households. In general, discrete choice models 
postulate that “the probability of individuals choosing a given option is a 
function of their socioeconomic characteristics and the relative attractiveness of 
the option” (Ortúzar & Willumsen, 2011, p227). 
The discrete choice model is based on random utility theory (Domencich and 
McFadden, 1975; Williams, 1977). Individuals have been categorised into a 
given homogeneous population Q. Each option has an associated net utility for 
an individual. The utility can be represented by two components, first is a 
measurable part (e.g. travel time, travel cost) and the second part is a random 
part which reflects the idiosyncrasies and particular tastes of each individual. 
Error terms are assumed to be independently and identically distributed (IID) 
following the double exponential (Gumbel Type II extreme value) distribution. 
Together the function calculates the probability of an individual’s choice of a 
destination for an outdoor recreational purpose. 
The multinomial logit model is the simplest and most popular practical discrete 
choice model (Domencich and McFadden, 1975). The choice probabilities are: 
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𝑃𝑃𝑖𝑖𝑖𝑖 =
exp (𝛽𝛽𝑉𝑉𝑖𝑖𝑖𝑖)

∑ exp (𝛽𝛽𝑉𝑉𝑖𝑖𝑖𝑖)𝐴𝐴𝑗𝑗𝜀𝜀𝐴𝐴(𝑖𝑖)
 

Where the utility functions usually have the linear in the parameters： 
 

𝑉𝑉𝑖𝑖𝑖𝑖 = �𝜃𝜃𝑘𝑘𝑖𝑖𝑥𝑥𝑖𝑖𝑘𝑘𝑖𝑖
𝑘𝑘

 

There is a certain set A = {A1, …, Aj} of available alternatives and a set X of 
vectors of measured attributes of the individuals and their alternatives. A given 
individual q is endowed with a particular set of attributes x ∈ X and in general 
will face a choice set A(q) ∈ A.  The parameters 𝜃𝜃 are assumed to be constant 
for all individuals in the homogeneous set, but may vary across alternatives, and 
the parameter 𝛽𝛽 cannot be estimated separately from the parameters 𝜃𝜃 in  𝑉𝑉𝑖𝑖𝑖𝑖 is 
known as theoretical identification. Some useful properties summarised by 
Spear (1977) are: 
a). Disaggregated demand models are based on theories of individual behaviour 
and do not constitute physical analogies of any kind. Therefore, it is more likely 
that disaggregate demand models are stable or transferable in time and space. 
b). Disaggregated demand models may be more efficient than aggregated 
models in terms of information usage; fewer data points are required as each 
individual choice is used as an observation, and in principle, disaggregated 
demand models may be applied at any aggregation level.  
c). Disaggregated demand models are less likely to suffer from biases due to 
correlation between aggregate units.  
d). The explanatory variables included in the model can have explicitly 
estimated coefficients. In principle, the utility function allows any number and 
specification of the explanatory variables.  
The Discrete choice model has been used as a serious modelling option in 
transport modelling since the 1980s (Ortúzar & Willumsen, 2011). However, 
travel prediction models used for transport planning purposes tend not to focus 
specifically on access and travel to outdoor spaces, thus lacking precision in 
trip-making predictions. 

3. METHODOLOGY  

3.1 The trip generation function 

The trip generation function models a dependent variable defined as the 
expected number of visits from a given outset area to a given site. Individuals 
have been categorised into a given homogeneous population Q, we use 
socioeconomic groups (UK Census, 2011). Each option has an associated net 
utility for an individual. The utility can be represented by two components, 1) 
travel time, and 2) a random part. In the logit discrete choice model, the random 
part is assumed to be independently and identically distributed (IID) following 
the double exponential (Gumbel Type II extreme value) distribution (see Section 
2.2). This random utility has then been weighted by the area of available 
greenspace within each destination. Together the function calculates the 
probability of an individual’s choice of a destination for an outdoor recreational 
purpose. To generate an estimate of the number of visits, it is then multiplied by 
the mean total of trips per person per year (data from Natural England, 2009-
2013) and the total population in each socioeconomic group (UK Census, 2011).  
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Figure 1. Schematic representation of the model methodology 
Through initial analysis of observation data (Natural England, 2013), we 
categorised recreational trips into two major types (See Figure 2). The first 
group of trips are predominantly local trips which are generated for short visits 
at the destination. Those are mainly daily visits to green spaces nearby as day-
to-day routine trips. The second group of trips are predominantly non-local trips. 
Those trips are for long visits to destinations such as the countryside, coastal 
areas or other cities or towns away from home. They usually happen during 
weekends or holidays, where attributes of the destination are more important 
than distance. This assumption is based on the travel time budget theory 
(Makhtarian and Chen, 2004), which states “At the aggregate level, travel 
expenditures initially appear to have some stability. Similar travel time and 
money budgets may be found within a sub-population and in certain areas”. The 
method to define the local and non-local trips is based on a review of previous 
studies on how long people will spend on traveling in average. Eg. 1.1–1.3hrs 
per traveller per day (Zahavi and Ryan, 1980; Zahavi and Talvitie, 1980), about 
430hrs per person per year (Hupkes, 1982), 50mins to 1.1hrs per person per day 
(Bieber et al., 1994), 1.1hrs per person per day (Schafer and Victor, 2000) or 
1.3hrs per person per day (Vilhelmson, 1999). In conclusion, Travel Time for 
Local Trips (day trips) is likely to be less than 1.3hrs (78mins) per person. 
Considering an 8min penalty for people to get into their cars, a trip’s travel time 
that is less than 35mins (about 40km driving) is defined as a “Local Trip”. In 
this paper, we have used 40km as a benchmark distance to separate local trips 
(distance equal or less than 40km) from non-local trips. 
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Figure 2. Greater Manchester outdoor recreational trips’ distance choice. X axis represents 
distance (m) and Y axis represents number of trips per year. Observation data from the MENE 

(2013) survey, charts are drawn by the author. 
 
The pattern of predominantly local trips gives similar results to Perino et al. 
(2011) in terms of a steep distance decay profile in destination choices (See 
Figure 3). On the other hand, the analyses of predominantly non-local trips 
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prove the assumption from Sen et al. (2013), that the longer distance visits are 
strongly affected by other variables such as the attributes of the greenspaces 
rather than distance. 

Figure 3. Distance decay function of marginal value for a 10ha park. Source: Perino et al, 
2011 

 
Building on the above assumptions, we estimate the TGF using a discrete choice 
logit model through two parts: 
 

𝑉𝑉𝑉𝑉𝑖𝑖𝑖𝑖𝑖𝑖 =
𝑆𝑆𝑖𝑖𝑏𝑏 ∗ exp�−𝜆𝜆𝑖𝑖𝑡𝑡𝑖𝑖𝑖𝑖�

∑ 𝑆𝑆𝑖𝑖
𝑏𝑏 ∗ exp�−𝜆𝜆𝑖𝑖𝑡𝑡𝑖𝑖𝑖𝑖�𝑚𝑚

𝑖𝑖=0
∗ 𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖 

 

𝑉𝑉𝑉𝑉𝑖𝑖𝑖𝑖𝑖𝑖 =
𝑆𝑆𝑖𝑖𝑏𝑏′ ∗ exp�−𝜆𝜆𝑖𝑖′𝑡𝑡𝑖𝑖𝑖𝑖�

∑ 𝑆𝑆𝑖𝑖
𝑏𝑏′ ∗ exp�−𝜆𝜆𝑖𝑖′𝑡𝑡𝑖𝑖𝑖𝑖�𝑚𝑚

𝑖𝑖=0
∗ 𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖 

 
VLijx denotes average number of local recreation trips per person per year from 
residential neighbourhood i to destination j, in socio-economic group x. VNijx 
denotes the number of non-local recreation trips from the same origin to the 
same destination and for the same group of people. Sj is the size of greenspace 
within destination j and m is the total number of destinations. b and 𝜆𝜆  are 
parameters for local trips, b’ and  λ𝑖𝑖 ’ for non-local trips. x indicates 
socioeconomic group x. tij denotes the travel time from residential 
neighbourhood i to destination j. Alix and Anix denotes the average total of 
predominantly local or non-local trips per person per year from neighbourhood i 
in socioeconomic group x. 
 

N(j) = ∑ [∑ (V𝑉𝑉𝑖𝑖𝑖𝑖𝑖𝑖 +  VN𝑖𝑖𝑖𝑖𝑖𝑖) ∗  𝑃𝑃𝐴𝐴𝑖𝑖𝑖𝑖𝑘𝑘
𝑖𝑖=0

𝑟𝑟
𝑖𝑖=0 ] 

 
N(j) is the total annual number of visits at destination j. r represents the total 
number of socioeconomic groups. k is the total number of residential 
neighbourhoods i. Plix means the population of socioeconomic group x in 
residential neighbourhood i. 

3.2 Data 

Observations of outdoor recreational visits were taken from the MENE 2009-
2013 survey (Natural England, 2013). It is a questionnaire based annual survey 
of how and why people engage with the natural environment. Individuals from 
selected households are interviewed for diary records of their recreational trips 
in the week running up to the interview date. One of these trips is then selected 
at random and the geographic location of the destination is recorded. The latest 
survey was carried out from March 2012 to February 2013. The observation data 
we used for calibration and validation purposes amounted to 2,900 interviews in 
the Great Manchester area, and more than 650 places have been identified.  
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Figure 4. Destinations from MENE survey data 2009-2013. 
 

 
Figure 5. Population weighted LSOA centres.  

Source: The UK Census, 2011. 
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Figure 6. Observed outdoor recreational trips distances for England, Greater Manchester and 

Salford. 
Source: The MENE Annual Report, 2013. 
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Our case study area is in the City of Salford, in North West England. It covers 
approximately 16 km2and includes 40 Census Lower Super Output Areas. We 
have used the population weighted centres as the origins for trips. The MENE 
annual report (Natural England, 2013) indicates that more than 80% of people 
are willing to travel less than 8 km for outdoor recreational purposes. These 
patterns are consistent from the whole England scale to the Greater Manchester 
area. The pattern for the Salford area does not look very stable due to the very 
small sample size (162).  
We expanded our research area by applying an 8 km radius buffer around each 
single origin, and defined the destination using 1km squares; the data in Figure 6 
show more than 80% of adults travelled less than 5 miles (equal to 8 km) for 
outdoor recreational trips. There are two main criteria for identifying 
destinations: first is the location of the destination from the MENE survey and 
second is the availability of greenspace from the Open Street Map. Eighty-one 
destinations have been located within an 8 km radius buffer and their 
geometrical centres are later used for calculating travel time. We also create a 
10km2 grid acting as a proxy for the other 20% of destinations more than 10km 
away.  

 
Figure 7. 8km (5 mile) buffer, as the MENE survey suggests, 80% of the destinations for 

adults who live in the studying area should be drawn from within this buffer area. 
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Figure 8. Destinations defined by 1 km2 grids, drawn by the author.  

 
Travel time from population weighted centroids of all LSOAs to destination 
sites were calculated using the OS Integrated Transport Network. This is a GIS 
dataset consisting of motorways, A-roads, B-roads, minor roads, pedestrian 
footpaths and cycle ways. Data from Jones et al. (2010) were employed to make 
allowances for varying average road speeds. The travel time calculated through 
the OD Matrix tool in ArcMap was validated by traveling times from Google 
Map.  
Socioeconomic status has also made a significant difference on peoples’ 
behaviours regarding outdoor recreation trips (Sen et al., 2013, Natural England, 
2013). We took account of variations by dividing the whole population into four 
different socioeconomic groups according to national census data. 
 
Table 1. Socioeconomic status classification. Source: The UK Census, 2011. 
Socioeconomic Group 

AB Higher and intermediate 
managerial/administrative/professional occupations 

C1 Supervisory, clerical and junior 
managerial/administrative/professional occupations 

C2 Skilled manual occupations 

DE Semi-skilled and unskilled manual occupations; unemployed 
and lowest grade occupations 

4. RESULTS 

The estimations of models have been presented in Table 2, below. As expected, 
travel time plays a less important role for non-local destinations than for the 
local destinations. In contrast, as the area of a greenspace increases, so does the 
ratio of the number of trips from local and non-local destinations move to favour 
the non-local trips. Meanwhile, for both local and non-local destinations, travel 
time is more important to the people who are in the lower socioeconomic groups 
when making their travel decisions.  
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Table 2. Calibrated Trip Generation Models for each socioeconomic group. 
Socioeconomic Group Calibrated Model 

 
Component a). Predominantly Local Trips 
 
AB 

𝑉𝑉𝑉𝑉𝑖𝑖𝑖𝑖{AB} =
𝑆𝑆𝑖𝑖0.2 ∗ exp�−0.56𝑡𝑡𝑖𝑖𝑖𝑖�

∑ 𝑆𝑆𝑖𝑖0.2 ∗ exp�−0.56𝑡𝑡𝑖𝑖𝑖𝑖�m
𝑖𝑖=0

∗ 47.73 

 
C1 

𝑉𝑉𝑉𝑉𝑖𝑖𝑖𝑖{C1} =
𝑆𝑆𝑖𝑖0.2 ∗ exp�−0.6𝑡𝑡𝑖𝑖𝑖𝑖�

∑ 𝑆𝑆𝑖𝑖0.2 ∗ exp�−0.6𝑡𝑡𝑖𝑖𝑖𝑖�m
𝑖𝑖=0

∗ 34.84 

 
C2 

𝑉𝑉𝑉𝑉𝑖𝑖𝑖𝑖{C2} =
𝑆𝑆𝑖𝑖0.2 ∗ exp�−0.72𝑡𝑡𝑖𝑖𝑖𝑖�

∑ 𝑆𝑆𝑖𝑖0.2 ∗ exp�−0.72𝑡𝑡𝑖𝑖𝑖𝑖�m
𝑖𝑖=0

∗ 34.31 

 
DE 

𝑉𝑉𝑉𝑉𝑖𝑖𝑖𝑖{DE} =
𝑆𝑆𝑖𝑖0.2 ∗ exp�−73𝑡𝑡𝑖𝑖𝑖𝑖�

∑ 𝑆𝑆𝑖𝑖0.2 ∗ exp�−0.73𝑡𝑡𝑖𝑖𝑖𝑖�m
𝑖𝑖=0

∗ 35.48 

 
Component b). Predominantly Non-local Trips 

 
AB 𝑉𝑉𝑉𝑉𝑖𝑖𝑖𝑖{AB} =

S𝑖𝑖 ∗ exp(−0.001𝑡𝑡𝑖𝑖𝑖𝑖)
∑ S𝑖𝑖 ∗ exp(−0.001𝑡𝑡𝑖𝑖𝑖𝑖)m
j=0

∗ 37.5 

 
C1 

𝑉𝑉𝑉𝑉𝑖𝑖𝑖𝑖{C1} =
S𝑖𝑖 ∗ exp�−0.002𝑡𝑡𝑖𝑖𝑖𝑖�

∑ S𝑖𝑖 ∗ exp�−0.002𝑡𝑡𝑖𝑖𝑖𝑖�m
j=0

∗ 21.35 

 
C2 

𝑉𝑉𝑉𝑉𝑖𝑖𝑖𝑖{C2} =
S𝑖𝑖 ∗ exp�−0.006𝑡𝑡𝑖𝑖𝑖𝑖�

∑ S𝑖𝑖 ∗ exp�−0.006𝑡𝑡𝑖𝑖𝑖𝑖�m
j=0

∗ 16.9 

 
DE 

𝑉𝑉𝑉𝑉𝑖𝑖𝑖𝑖{DE} =
S𝑖𝑖 ∗ exp�−0.008𝑡𝑡𝑖𝑖𝑖𝑖�

∑ S𝑖𝑖 ∗ exp�−0.008𝑡𝑡𝑖𝑖𝑖𝑖�m
j=0

∗ 11.83 

 
 
The combined result was well validated with the observed MENE data, in a way 
that satisfies the standard requirements of travel demand prediction models. 
 

Figure 9. Modelled outdoor recreational trips in the study area. 
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5. CONCLUSIONS AND FUTURE WORK 

Our integrated model has two components for (a) predominantly local trips and 
(b) predominantly non-local trips. Unlike existing methods, both components of 
our model are based on the discrete choice model, which gives a transparent 
representation of the choices of greenspace sites visited.  This is also more 
consistent with residents’ destination choice. When the model is used to test 
scenarios, it combines greenspace in urban and rural areas as a whole 
infrastructure instead of treating them separately. Component (a) gives similar 
results to Perino et al. (2011) in terms of a steep distance decay profile in 
destination choices, which is strongly influenced by travel time and socio-
economic profiles, and relatively weakly by greenspace size.  Component (b) 
gives similar results to Sen et al. (2013), with a gentle distance decay – the 
longer distance visits are strongly affected by greenspace size.  
We have realized that greenspace size alone would not be able to describe all the 
attraction for visits. More detailing of attributes, such as the percentage of 
different types of land cover within each destination will be explored in the next 
stage of work. This may provide us with the answer to “what kind of greenspace 
will attract more visits?”  This is a very hard question for urban green space 
modelling which has not been satisfactorily answered in the existing literature.  
We hope we will be able to make significant progress in the next steps. 
Meanwhile, the value of a single trip per person will also be reviewed based on 
existing literature. The ultimate objective of this study is to provide a toolkit 
which is able to quantify a greenspace’s recreational value.  
One main challenge is to obtain detailed observations for validation; it is rare to 
find origin-destination surveys or even systematic arrivals for greenspace sites. 
New social media data may have some potential in filling this gap. It would 
seem necessary to develop a new research agenda to collect such information in 
order to strengthen the empirical basis of the model. 
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