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ABSTRACT 

There are some issues that have to be addressed for 

further understanding and improving scenic beauty management. 

First, the conventional model, preference rating based on 

fixed scene and direction, may not sufficiently reflect the 

reality of visual experience. Rather, visual and scenic 

preference is construed of a spatial experience. Second, the 

predictors are chosen based on measuring the composition of 

landscape features shown in the image. The measurement may not 

necessarily represent the contents of the physical 

environment. Third, judgements of scenic preference are 

complicated tasks. Simple linear regression analysis, with 

limited degree of freedom and some statistical constraints, 

may not represent the complexity of human judgments. 

An integrated model was developed by integrating the 

Scenic Beauty Estimation (SBE) model (Terry, 1976), the 

geographic information system (GIS) and, the artificial neural 

network. (ANN) . The results suggested the integrated model 

might be utilized as an automatic scenic preference mechanism 

for policy making. Implications for future research are also 

suggested. 
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1 INTRODUCTION 

Providing recreation and landscape scenic beauty has been 

a major mission in U.S. Forest Service management for the past 

30 years (White House Conference 1965; the National 

Environmental Policy Act 1969) . Magill (1990) pointed out that 

inadequate knowledge of the visual consequences of management 

actions, lack of management alternatives to satisfy public 

scenic demands, and inadequate knowledge of publics 

perceptions, expectations, concerns and demands for visual 

quality impede effective management of scenic beauty. Over the 

past 20 years applied science and technology has provided new 

methods and information that can facilitate scenic beauty 

management. This chapter describes relevant previous research 

and defines research objectives to explore new technology to 

assist scenic beauty management. 

1.1 Problem Statement 

Shuttleworth (1980) noted that actual on-site landscape 

experience involves movement through a three-dimensional 

environment. Most scenic beauty perception research, however, 

has used still slides or photographs with a restricted range 

of view, as a surrogate to elicit participants. Scenic 

preferences (Shafer et al., 1969; Shafer and Brush, 1977; 
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Buhyoff et al, 1978, and Sheppard, 1989). Bishop (1992) 

stressed that the estimates of the visual iirpact of landscape 

change should be based on its effect on locations, and not on 

specific circumscribed views. Therefore, the visual 

environment at any point should be considered as the entire 

360-degree surroiindings of the observer, rather than any 

specific restricted view. 

Quantifying the visual quality of the environment 

presents problems because of the diverse environmental and 

psychological variables required to estimate or to predict it 

(Bishop and Hull, 1991). Research (Shafer et al., 1969; Shafer 

and Brush, 1977; Buhyoff et al. 1981) has tried to derive and 

quantify physical landscape variables by laying grid squares 

over photographs, and then measuring the area perimeter or 

other parameters of two-dimensional features on the 

photographs. This approach provides a "reliable and predictive 

tool" to predict scenic preferences from photographs. However 

measuring variables on photographs only gets the composition 

of physical variables as projected on a two-dimension "picture 

plane. " Such measurement cannot be consistently related to the 

geographic locations of physical variables in the three 

dimensional world. Picture-based scenic beauty prediction 

models are, therefore, difficult to integrate into 

environmental management actions. 

The majority of previous research adopted statistical 

methods to analyze the correlationships between identified 
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physical variables and scenic preferences (e.g. Kaplan, 1979; 

Kaplan et al. 1989; Gobster & Chenoweth, 1989; Steinitz, 1990; 

Shafer & Smash, 1977; Buhyoff et al. 1978; Bell, 1988, etc.). 

High R-square values showed chosen physical variables are 

adequate for predicting scenic beauty. According to Deardon 

(1980) there are three weaknesses applying statistical methods 

in such assessments. First is the assumption that the 

landscape can be reduced to a number of separate components 

and each component can be measured independently. Complex 

landscape components may not all be treated effectively as 

statistical variables, and statistical methods lack the 

ability to deal with interdependencies among variables. While 

both waterbodies and woods may separately increase scenic 

preferences, what combination of these features is the most 

preferable? Second, landscape appreciation is no less 

subjective than the "whim" of the designer. Third, 

measurement methods typically make use of nominal or ordinal 

scales, making the frequently arithmetic procedures depend on 

the data. Scenic beauty relationships are not necessarily 

linear; a scene that has twice the size of water body doesn't 

mean that it is twice as beautiful as another scene. Limiting 

the number of variables used in conventional prediction models 

result in simplifying the relationships among physical 

features. In addition, predictor physical features without 

spatial references make hard to quantify those features in 

management. It is, therefore, necessary to find an 
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alternative model that can possibly overcome those weaknesses 

and still maintain the strength of previous prediction models. 

1.2 Goals and Objectives 

Most scenic beauty modeling research has focused on near 

view perceptions, where viewers are located within the forest 

canopy, and their views are limited to a few hundred meters. 

Daniel (1995) has noted that there has been relatively little 

effort toward developing vista scenic beauty models, 

especially models that are based on geographically referenced 

physical features of forest areas that would typically be 

available from forest data bases or models. The goal of this 

research is to develop and examine an alternative model for 

vista scenic beauty prediction based on biophysical landscape 

features. 

The specific objectives identified to achieve the research 

goals were: 

1. To identify suitable physical variables from 

geographic databases that reflect the scenically 

relevant landscape features of forest settings; 

2. To develop an appropriate presentation medium for 

eliciting vista scenic preferences; 

3. To develop a neural network model to classify scenic 

beauty from geographical data. 
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4. To examine the predictive ability of the neural net-

based SBE model to predict scenic beauty in a 

wilderness settings. 
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2 REVIEW OF LITERATURE 

2.1 Scenic Beauty Estimate Method 

Scenic beauty is a product of a human observer' response 

to his/her surrounding landscapes (Zube 1987). Scenic beauty 

is affected by physical features, such as topography, 

vegetation patterns, slope and aspect, and by observer 

characteristics, such as motion, personal background, 

location, and view angle. A quantitative scenic beauty 

assessment model can be developed for a given (ideal or 

average) viewer if the products (scenic preferences) and the 

causes (the physical and tangible landscape variables) can be 

identified. If scenic preferences can be associated 

consistently with the physical landscape features, then, the 

latter can be used as a predictor of the former. There has 

been a tremendous amount of research on visual quality 

assessment and scenic beauty prediction based on this 

assumption, (e.g., Daniel and Boster 1976; Shafer and Brush, 

1977; Zube et al 1989; Gobster and Chenoweth, 1989; Steinitz, 

1990; Kroh and Gimblett, 1992; Bishop, 1992). One of the major 

efforts is the Scenic Beauty Estimate Method (SBE), introduced 

by Daniel and Boster (1976). It provides a precise 

quantitative measurement and predictive model that can be 

easily integrated with other resources management 
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technologies. Participants use a rating scale to report 

perceived beauty values for landscape scenes or photographic 

surrogates of those scenes. Once scenic beauty estimates are 

obtained, statistical analyses are used to relate variations 

in perceived scenic beauty with variations in the physical 

landscape variables. Many studies have applied the basic 

scenic beauty estimation approach and obtained good prediction 

ability (Brown and Daniel 1984; Dearden 1980; Rise, 1990). A 

detailed discussion on Scenic Beauty Estimation methods (SBE) 

can be found in Daniel and Boster (1976) , Brown and Daniel 

(1984), Hull (1989), Hull et al. (1984), and Bishop and Hull 

(1991). 

2.2 Artificial Neural Networks Model 

Although traditional statistical techniques, such as 

multiple linear regression and logistic regression, play an 

important role in SBE methods. They suffer from several 

weaknesses as mentioned before those limit their 

effectiveness. Techniques have been developed to improve those 

weaknesses. One of those techniques that have been in 

existence for nearly fifty years are Artificial Neural Network 

(SNN) models. ANN models have been applied in a variety of 

disciplines. Applications of ANN for resource assessment begin 

to present its potential in the late 80s' as a landcover 

classification techniques (Hepner and Ritter 1989). Recently, 
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ANN has been readily adopted in many fields where problems 

cannot be efficiently solved by using traditional approaches. 

Those problems include landscape planning (Gimblett et. al, 

1996); recreation opportunity assessment (Gimblett et al, in 

press); landscape/architectural design (Coyne & Yokozawa, 

1992); prediction of visual quality (Bishop, 1994); landuse 

suitability (Wang, 1993); travel decision-making (Jeng, 1994). 

ANNS' are based on mathematical models that tend to mimic 

brain-like fxinctions to process information. ANN'S organized 

data, analyze statistics, spot trends, adapt and leam from 

the data, take corrective control action, and predict future 

products (Nelson & Illingworth, 1990). The neural network 

technique can be thought as an advanced foinn of the 

traditional regression models that are currently used to solve 

many environmental problems. In landscape analysis situations, 

the integration of ANN with GIS has proven to be a viable 

approach for resource assessment and prediction tool when 

compared to conventional regression approaches (Aim & 

Gidalizon, 1990; Steinitz, 1990; Brown, 1990; Lynch & 

Gimblett, 1992; Hadrian, 1988; Bishop & Hull, 1991). 

A neural network is a statistical technique that 

calculates weights for predictor characteristics (e.g. slope, 

visual area) by "self learning' from data examples 

(participants' landscape preferences). When the comparing NN 

based models with regression models the following 

characteristics of neural networks have been found. First, 
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unlike regression models, neural networks learn by example to 

solve problems rather than applying preprogrammed algorithms. 

Second, neural nets can process complex nonlinear 

relationships even when the input information is fuzzy, 

incomplete, noisy, and imprecise. Third, ANN requires fewer 

data resources than other techniques; for example, the more 

variables a regression model has, the more difficult it is to 

arrive at a stable model solution. ANN can handle an immense 

number of variables, therefore, it is suitable to be employed 

in simulating relationships in complex, non-linear spatial 

data analysis, especially in a GIS context. Fourth, specific 

distribution assumptions of the input data are not required as 

for statistical approaches. This characteristic is veiy useful 

in scenic beauty modeling, because the input data is often 

incomplete, and may not quality for the statistical 

assumptions (Openshaw, 1993) . Furthermore, once neural nets 

are built, they can be updated continuously with new data to 

improve performance. Although some research has considered 

the training time of the neural nets to go quite long, the 

training of a neural net usually can be quickly accomplished. 

Bishop (1994) suggested that a neural network used in scenic 

beauty prediction had better performance than traditional 

statistical approaches. 

Ra(-;k-P-rnpaga1-inn 

During training, neural networks employ an effective 
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technique that leams relationships through repeated exposure 

to data and adjustments of the weight values. Although there 

are many training methods exist, the back-propagation neural 

network (BPNN) model developed by Rumelhart et al. (1986) is 

one of the most successful approaches, used in this study to 

illustrate how the neural computing technology can be combined 

with GIS modeling for scenic beauty prediction. BPNN was 

named by the way it processes the errors created by forward 

propagating the input through the hidden layer (s) to the 

output layer. Error is determined at the output layer, and 

then the errors are propagated back through the network from 

the output layer to the input layer. 

How they work 

Typically, Back-Propagation neural networks have at least 

three interconnected levels. The first layer is mad up of 

predictor variables, so called input (e.g. landcover, relative 

elevation). This layer processes the predictor variables 

entering the network for learning or training. The middle 

layer contains processing elements that include transfer 

functions. This layer allows neural networks to model non

linear data. Also, process elements in the middle layer can be 

viewed as derived variables that pass information to the next 

layer. The third layer produces the neural network output or 

the predicted outcome (e.g. landscape preferences, scenic 

beauty value). 
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As mentioned before, A BPNN consists of a number of 

processing elements called nodes (or PE) . Its architecture 

includes one input layer, one or many hidden layer (s) , and one 

output layer (Figure 1) . A node is an elementary processing 

unit. Organized nodes form layers. The connections between 

nodes are associated with variable weights. All the nodes, 

besides the input nodes, have two functions. The first 

function of the node is to receive data from the previous 

layer, and the second is to launch an activation to successive 

nodes after the input data has been processed. Nodes of the 

input layer process input data by activation and pass 

activated signals to successive nodes. Figure 2 shows a 

simplified neural network. That is, the nodes of the input 

layer can be considered as sensors of people that receive 

stimuli (viewing scenes) from the surroionding environment. The 

nodes of the output layer can be thought vary responses of 

people (e.g., preferences). 

BPNN has to be trained (or leam) . Training requires 

input and desired output training pairs. The neural network 

findss patterns associating the given input with the desired 

output. This is so-called "supervised training". Additionally, 

training of a neural network adjusts the connection weights 

systematically to establish the desired input-output 

relationships. 
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Output Layer 

Hidden Layer 

N+l Input Layer 

Figure 1 A general neural network (n, m, and o are very-

depending on the input variables and output classes) 

Output Path 

^1 Transfer^ Processing 
Sum Element 

WjCX WjlWj2 Wjn WeigJitsXjn 

xO xl x2 xn InputsXn 

Figure 2 the processing function o£ a single node in a 
network. Each input connection has associated with variable 
weight. The output corresponds to the desired solution or work 
a s  t h e  i n p u t  t o  a n o t h e r  n o d e s .  ( I  =  Z w j i X j  S u i n m a t i o n ,  Y j = f ( I ) )  



22 

2.3 Geographic Information Systems 

To manage landscapes effectively, environmental data is 

required that accurately represents the geographic 

distributions of relevant features (Gimblett, 1990), Computer-

based operating software packages, GIS, are designed to input, 

store, retrieve, process, analyze, and display geographically 

distributed information efficiently and systematically. Many 

researchers have integrated GIS into the modeling of visual 

quality (Bishop, 1992, 1994; Wyatt and Itami, 1994) and visual 

resource management (Bishop and Hull, 1989). 

Applying GIS on vista scenic beauty models can satisfy 

the following purposes: 

1) The storage of accurate data representing on-ground 

conditions provides the ability to extract physical 

variables, such as slope, aspect, and geographic 

orientation. GIS presents three types of information 

about real world objects; a) their position with 

respect to a known coordinate system; b) their 

attributes, such as vegetation type and elevation, 

and; and c) their spatial interrelationships with each 

other (Burroughs, 1986). 

2) The systematic analyses of spatial geographic 

relationships use a set of fxanctional capabilities. 
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They include matrix algebra and neighborhood analysis 

(Wissler 1993). 

3) Data can be imported from external sources and can be 

easily updated to provide new information assisting 

management decisions. 

4) It provides an interface for users to manipulate 

geographic information. 

5) It yields cartographic products so that the results of 

analyses can be easily presented and communicated with 

experts and clients. 

Owing to these characteristics, high levels of accuracy 

of spatial analysis can be achieved. For example, a given 

viewpoint can be delineated, the visual frequencies, the 

location, area, attributes and spatial relationships of 

physical features and the relationships between given 

viewpoints and those physical variables can be identified. 

This information can be used to reflect the features of the 

real 3-D world into the "picture plane" to determine effects 

on views from specified viewpoints. 

Summary 

GIS is a useful tool for spatial data analysis and 

management. Quantified and geo-referenced physical features 

from GIS can be used to map and understand the spatial 

relationships among variables. These types of data can be used 

as physical variables of an ANN. The physical variables 
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comprise the landscape for the input to a neural network 

model. Scenic beauty preferences are contributed as the 

desired outputs of the ANN for training. An ANN offers many 

advantages over traditional regression approaches. It explores 

and identifies the relationships between scenic preferences 

(desired outputs), and landscape features (inputs) ; by knowing 

which photographic stimuli have been taken and SBE acquiring 

ratings from these view-based locations. It is possible to 

incorporate an ANN with SBE model and to predict scenic beauty 

in wildness settings, especially, vista scenes. Together, the 

SBE method, GIS and neural network model have great potential 

to strengthen vista scenic beauty prediction abilities. 
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3 RESEARCH METHODOLOGY 

This chapter describes the methods employed to adhere the 

goals of the research. This chapter is presented in three 

parts: vista scenic beauty estimation, geo-spatial data 

analysis, and neural net modeling. The basic concept is shown 

in Figure 3. 

Figure 3 the concept of the Neural-Based Vista Scenic Beauty 

Model 

Source of Images Predicted Scenic Beauty Maps 

Image Processing 

Image Presentation 

Scenic Preference Scale 

SCENIC BEAUTY 
ESTIMATE METHOD 

o 
-a C/3 

r 
GEOGRAPHIC 
INFORMATION 

SYSTEM 

O o 
5. S2. 

r'̂ il NEURAL NETWORK 

Subjects Sources of Ground 
Information 
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3.1 Vista Scenic Beauty Estimation 

This study was aimed at developing a better understanding 

of the relationships of landscape features to human scenic 

preferences. Scenic beauty estimation methods were used to 

elicit and to quantify scenic preferences from observers. 

Vista landscape scenes (panoramas) were used to represent the 

studied landscape areas. 

ObgeT-ve-rgi 

Previous research (Daniel and Boster 1976, Arthur 1977) 

has shown that scenic judgments by students and by the general 

public are highly correlated. Although individuals vary in 

their scenic preferences and perhaps due to their cultural 

backgroxinds, active purposes etc; there is still substantial 

agreement across varying groups with respect to scenic 

preferences (Zube et al, 1982) . Although individual 

differences are important, it is useful to first understand 

general trends. For this reason, differences among people will 

be considered as "noise" in the data. In addition, the purpose 

is not to generalize the universal phenomenon, but to test the 

feasibility of using neural network models for the puarpose of 

predicting scenic beauty. Thus, it is reasonable to derive 

"average" scenic beauty judgments from groups of students to 

represent general public scenic preferences. Students from the 

University of Arizona with a wide range of backgrounds, 
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therefore, were selected to be the subjects for the preference 

experiment. 

Measnrement 

A 10-point rating scale (0-9) was used to report scenic 

beauty judgement, where a 9 indicated the highest beauty, and 

0 indicated the lowest. Five problems associated with 

interpreting rating scale responses have been identified: 

unequal judgment criterion scales (origin differences), lack 

of interobserver correspondence, linear differences between 

criterion scales (interval size), lack of intraobserver 

consistency, perceptual and criterion shift (Brown and Daniel 

1990) . These problems can be solved and controlled through 

careful research design and statistical processes. If scenes 

are consistently rated by an observer, then the relative 

ratings will reflect perceived differences among those scenes. 

In order to partial out intraobserver inconsistencies and 

perceptual or criterion shift effects, the assumption was made 

that any two people who rate scenes in the same relative way 

have the same perception of scenic beauty, even if their 

absolute ratings differ. Differences among observers' relative 

ratings are treated as "error" (statistically) or "noise" 

(neural net concept) in the scenic beauty data (output) . 

Additionally, the problem of unequal judgement criterion 

scales was ameliorated by presenting a set of individual 

"preview" images sampled from four directions from each 
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panorama. The previews depicted the range of characteristics 

represented by the panoramas subsequently to be rated and 

allowed subjects to establish appropriate rating criteria for 

the rating session (Brown et al, 1990) . Still, different 

observers may use the 10-point rating scale differently, but 

"perception is a relatively consistent process that is 

strongly related to the features of the stimulus" (Brown & 

Daniel 1990). Thus, linear differences among observers' 

ratings were fallen to indicate differences in rating, not 

differences in perceptual preferences. Therefore, the second 

problem, lack of interobserver correspondence, can be solved 

by preprocessing scenic ratings to a common standardized scale 

before using as the output of the ANN. RMRATE, a useful 

statistical package, was utilized in this study. The detailed 

explanation of RMRATE can be found in the papers Brown and 

Daniel (1990) and Brown, et al (1990) . 

There were four considerations involved in the selection 

of vista for the study. The first was that views should be 

typical of the study area forest landscape with diverse scenic 

qualities. The second was that views should be relatively 

extensive covering larger diverse forest areas. The third was 

that the features in the view should be representative of 

those relevant to managers and planners. According to these 

considerations, twenty-one vistas (viewpoints) were selected 
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to represent vista views in the high-elevation spruce forest 

study area. 

Computer presentation was used to provide 360° panoramic 

views to represent each viewpoint/viewshed. The panoramic 

presentation allows viewers perceiving any direction of 

scenery from the viewpoint. Subjects were able to control the 

time spent on each segment of each panorama. 

The presentation images were obtained by the following 

procedure. At each selected viewpoint, camera with a 35 x 50-

mm lens was mounted and leveled on a tripod to reduce vertical 

frame shift. The tripod was kept stationary and the camera was 

rotated 360° clockwise starting from due north. Each slide in 

the panorama overlapped (approximated 10°) with adjacent 

slides so those 16 single frames fully cover a panoramic view. 

Sun angle and sun direction coupled with shutter speed and 

esqsosure were factors that affected the quality of individual 

slides within a panorama. Therefore, image processing was 

required before the 360° panoramas could be composed and 

presented to observers. The purpose of image processing was to 

create a non-overlapping full 360° representation of the view 

with equivalent photographic quality exposure of all the 

images in each panorama. 

Two image-processing packages were used to preprocess 

images. Adobe Photoshop was adapted to crop and mosaic 
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individual photo images into a 360° panoramic view. 

Brightness, color, resolution and image size as well as other 

unmanageable factors (e.g. sky color, cloud, car, etc.) were 

normalized and adjusted and the images were transformed into 

an 800x600x256 with 8 bits color format. 

PANA (Environment Perception Laboratory, 1995) is a 

computer program specially developed for presenting panoramas 

on a PC computer screen. PANA allows observers to use arrow 

keys to look back and forth within a 3 60° panorama. 

A compass appeared in the lower right comer of the 

screen to indicate the view direction and, thus, which segment 

of the panorama is being presented. Subjects can look at each 

part of panorama as often and as long as they wish. When 

subjects decide to give their ratings, they simply press the 

Escape key. The screen presents the rating scale from 0 (very 

low scenic beauty) to 9 (very high scenic beauty) and asks the 

subject to enter their rating for the panorama they just 

viewed by pressing the appropriate number key. After the 

subjects enter their rating, they press the space bar to 

proceed to the next panorama. Subjects continue this procedure 

until all 21 panoramas are rated. PANA records the viewing 

time each subject spends on each segment of the panorama. It 

also records scenic beauty ratings that the observer assigns 

to the panorama. The time a subject spends on each segment of 

a panorama was hypothesized to reflect the importance of that 
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segment of the view. 

A follow-up questionnaire was included to help identify 

positive and negative landscape features and characteristics 

which observers considered to have affected their scenic 

judgments. The positive and negative landscape features 

reported were used as a reference for deriving physical 

predictor variables from the spatial database. The 

questionnaire was completed after the participants finished 

the scenic rating. 

3.2 Geographic Data Manipulation 

Geographic data manipulation included three steps: 1) GIS 

database sources, 2) the derivation of predication variables, 

3) visibility analysis; and 4) GIS database intejrpretation. 

Figure 4 shows the procedures involved in geographic data 

manipulation. The terms used here to represent GIS functions 

refer to ARC/INFO (Environmental System Research Institute, 

1987) software, which was used in this study. Figure 4 

illustrates the procedure of geographic data collection, 

manipulation, and analysis. 
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Fignre 4 the procedure of geographic data collection, 

manipulation and analysis. 
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The Study area is located in Cedar City District of the 

Dixie national forest, Utah (Figure 5). The area contains 

woods on relatively flat terrain, hills covered with trees 

(some showing evidence of insect infection), grassy meadows, 

several stream beds with marshy areas, two major lakes, 

several ponds, roads, trails, peaks, and a few man-made 

structures. The original data was provided by the Dixie 
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National Forest, Utah. Data included USGS Digital elevation 

model (DEM) on a 30 by 30 square meters grid resolution, 

USGS 1:24,000 topographic maps, GIS data base in vector 

format (district boiindaries, waterbodies, streams, and 

roads; Figure 5) , and GAP vegetation cover data (Figure 7) . 

Sample viewpoints (Figure 8) were recorded on USGS 1:24,000 

topographic maps, and covered four quads, Brian Head, Navajo 

Lake, Panguitch Lake, and Henrie Knolls, representing a 

proximately 635.68 km̂  (Figure 9). 

Predictor variables were derived from the above-mentioned 

sources. A study area boundary layer derived from a mosaic of 

the four USGS 1:24,0000 topographic maps, served as a basis 

for integrating data in different formats and scales. 
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Figure 6 The physical elements that were derived from GXS 

datedaase. 

I Water /V Roads 
/'n^/ River 
, Break line 
I I The Boundary of Study Sit 

5.6 5.6 11 



36 

Figure 7 The Positions of the San^le Veiwpoints 
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Figure 8 The Area of Study Site. 
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Derivat-jnn of Pr-P»dlgt "i on Variabltqg 

Based on review of earlier research (Martens, 1890; 

Higuchi, 1944; Lynch, I960; Litton, 1968; Norberg-Schulz, 

1971) and considering what variables might potentially be 

integrated into management actions and be analyzed by GIS 

operators, this study utilized predictor variables and 

hierarchical relationships explained as follow: 

1. Visibility: Areas that can physically be seen from a 

given viewpoint. Only physical features that can be 

seen can have influence on scenic beauty judgments. The 

total area of the landscape visible from a given 

viewpoint is defined as the viewshed for that 

viewpoint. Additionally, the SBE model is a viewer-

based model. The location of viewer, therefore, affects 

how and what viewers might perceive from surrounding 

visual environment, and also affects interpretation of 

another physical variables' appearances. 

2. Distance. Distance is an important physical variable, 

which has influence on the appearance of other physical 

variables. In terms of resolution, the farther the 

distance of objects from the viewer, the lower the 

visual resolution can be. 

3. Topography: Topography provides the basis for slope, 

aspect, elevation, and the "roughness" of the 
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landscape. An area is more to the viewer when it has 

steeper slope. There are two types of aspects: absolute 

aspect and natural aspect. The natural aspect is the 

relative relationships of the faces of terrain surface 

to the polar system. The relative aspect is the 

relative relationship of the teirrain surface (slope) to 

the line of sight from viewer's location. 

4. Physical features. According to past studies (Daniel 

and Boster, 1976; Arthur, 1977; Buhuoff and Wellman, 

1980; Schomaker, 1979), scenic beauty Judgments are 

consistently related to identifiable features of the 

landscape, such as vegetation patterns, the area of 

dominate vegetation types, waterbodies (pond, lake), 

rivers, roads (paved, unpaved, trail) and their 

orientations toward the observer. 

Table 1 defines each landscape (input) variable as 

represented for quantitative analysis in the GIS. Total forty-

three predictor variables were resulted by the three distance 

zones, as listed in Table 2 and 3. 

TaUale 1. Predictor Variables in Whole Viewshed 

Whole Area of a 
Viewshed 

Total Visible Area 
Whole Area of a 
Viewshed 

Average Elevation Whole Area of a 
Viewshed Relative Elevation 
Whole Area of a 
Viewshed 

Roughness 
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Table 2 The definition of physical features used in prediction 

model. 

Visible Area The totally visible area (viewshed 
extent) in square meter 

Distance The distance is classified to 
foreground (0-500m) , middleground 
(500-4400m), and background (4400m-
40000m). 

Slope (%) The average slope within a viewshed 

Natural Aspect The measurement of surface 
orientation defines by the polar 
system. 

Absolute Aspect The absolute measurement from 
viewer to the orientation of 
objects. 

Bearing The relative locations of objects 
to viewers. 

Vegetation Patterns The number of visible vegetation 
species within a viewshed. 

Dominate vegetation The ratios of area of dominant 
vegetation species devide the total 
visible area. 

Waterbody Visible waterbody area, including 
lack and pond. 

River Visible river. 

Roads Visible roads within veiwshed, 
including paved and unpaved roads, 
and trails. 

Majority Elevation The majority elevation in a 
viewshed. That is median in terms 
of statistics. 

Relative Elevation The difference between the 
elevation of viewpoint and mean 
elevation of a viewshid. 

Mean Elevation The average elevation of viewshed. 
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Roughness of Topography It is determined by the elevation 
variation within viewshed. That is 
std. in terms of statistics. 

Tatble 3. Predictor Variable in Each Distcmced Viewshed 

Absolute Aspect 
Natural Aspect 
Visible Area within background 
Average Elevation 
Relative Elevation 

Foreground 
Middleground 
Background 

Majority Elevation 
Foreground 
Middleground 
Background 

Slope Foreground 
Middleground 
Background Roughness 

Foreground 
Middleground 
Background 

Waterbody 
Rivers 
Roads 
The Number of Vegetation Types 
The Area of the Dominant Vegetation 
Type 

ViB-ih-i 1-i ty Analyw-i.ci 

The visibility analysis consists of four steps to transfer 

GIS database into a neural network suitable format. There 

were: 1) identification of viewpoint location, 2) terrain 

refinement, 3) viewshed delineation, and 4) interpretation of 

physical variables. 

The first step was to locate each viewpoint position so 

the landscape feature information reflects the "picture plane" 

views. The second step was terrain refinement. Visibility 
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analysis adopted a grid (cell) concept to represent a 

continuous surface consistently geo-referenced. Cells in each 

GIS theme were assigned unique values indicating its 

attributes. The value of each cell in the elevation theme, for 

example, indicated its elevation. Presumably, the finer 

terrain might have the smoother transformation of surface 

elevation from cell to cell. Abrupt elevation change from one 

grid to its neighbor cells might rarely happen. The terrain 

for visibility analysis was generated on in the basis of a 30 

X 30 square meter USGS DEM. The resolution was considered too 

coarse. Additional information was required to refine the 

topography, which included 1) the highest and lowest points on 

the ground, 2) river (or stream) lines, 3) ridge and 4) the 

elevation of waterbody, and 5) other important points. Two 

terrain maps were built using different percentage of 

important points, Vlattice used 7percent of important point 

and 50lattice used 50 percent of ground important points. The 

comparisons were undertaken to find out which terrain is more 

suitable to represent visible topography (Table 4). 

Table 4 The Statistical Coinparison o£ Two Terrains with 

Different Dot Density 
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Minimum 2330 . 88 2330.88 
Maximum 3453.50 3453.63 
Mean 2828.51 2828.50 
Standard Deviation 213.56 213.55 
Covariance 45234.99 45191.51 
Correlation . 9990 .99903 

There were no apparent differences between Vlattice and 

SOlattice. Although 71attice terrain might be less 

representative of the exact topography than the SOlattice, it 

was considered to be a sufficient source for the study 

purposes. Additionally, since Vlattice terrain takes less 

analysis time than SO lattice terrain, viewshed delineation, 

was based on the 71attice terrain 

Viewshed delineation, the third step defined the visible 

area for each sampled viewpoint. Five factors affected the 

extent of the viewshed as follows: 

1. Elevation of the viewpoint in general: The higher the 

elevation, the farther the viewer can see and the 

greater the total area seen. 

2. Height of the observer: was set at 1.75 meters a 

height consistent with the eye level of the average 

viewer. 

3. The viewing angle; The natural vertical view angle of 

the human being is 14 (in both upward and downward 

directions) degrees when the viewer keep his/her head 

in noiimal position. To set viewing angle of 14 degrees 

can avoid redundant spatial analysis of GIS. 
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4. Viewing distance. Viewing distance affects the 

appearance of physical features. Although weather 

conditions affect the maximum viewing distance, but it 

is not manageable. Since all of the pictures were taken 

on sunny days, it was assumed that the farthest 

distance the naked eyes can see is 4 0km. Viewing 

distance, then, was split into three zones, foreground 

(0-500m), middleground (500-4,400m), and background 

(4,400-40, 000m) . 

5. The height of vegetation: The height of vegetation 

also affects the viewshed extent. Viewsheds were 

produced by the seen-area operated in ARC, using the 

elevation of the original (bare-earth) terrain, this 

bare-earth terrain plus the height of vegetation, which 

based on the GAP coverage. 

Finally, each viewshed, defined as above, served as a 

"cookie cutter" to extract and quantify selected physical 

landscape variables within each viewshed (e.g., vegetation 

cover, topograpology, water features). 

OTS nataha.qp Tntprpretati on 

The analysis results of ARC/INFO are too exact for the 

neural network to deal with effectively. The performance of 

neural network is better on grouped data than individual 

value. The physical variables were grouped into classes and 

their values were individually standardized to a 0 to 1 scale. 
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As result, the processed database should reduce the training 

time since neural network is able to identify the more 

restricted set of possible patterns easily. 

Table 5 Interpolated distance zone (meters) 

Foreground 0-500 3 0.3 

Mi ddleground 500-4400 6 0.6 

Background 4400-40000 9 0.8 

According to early definition, the distance was 

classified into three zones, foreground (0-500m), middleground 

(501-4,400m) , and background (4,401-40, 000m) and each zone was 

assigned a specific numerical value for input of neural 

network (Table 5). 

Each viewshed was zoned on the basis of distance. The 

roughness of topography was defined as the elevation variation 

within a viewshed, the higher numerical value indicates 

greater variation within the viewshed (Table 6). 

Table 6 Interpolated roughness o£ topography range (Standard 

Deviation) 

0-4 0.1 1 
5-10 0.2 2 
11-20 0.3 3 
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21-40 0.4 4 
41-60 0.5 5 
61-80 0.6 6 
81-100 0.7 7 
101-150 0.8 8 
151-200 0.9 9 
201-500 1.0 10 

Natural aspects were classified into nine categories, 

including north, northeast, east, southeast, south, southwest, 

west, northwest, and flat (zero slope). Increment increasing 

from the north travels in a clockwise direction. Each aspect 

covers a range of 45 degrees (Table 7). 

There were two factors considered when classifying 

topography. Previous research (Iverson, 1975) has shown that 

humans begin to sense "steep" of the slopes in excess of 30 

percent. Second, in order to incorporate with natural 

resource management in future studies, limitations involved in 

development were considered. That is, 0 to 3 percent of slope 

traditionally is considered the best range for facility 

construction and development, while slopes which exceed 3 0 

percent of slope is unsuitable for development, as a 

consequence, slope was classified to the three classes, shown 

in Table 8, Table 9, and Table 10. They explain the meaning 

of each code in the Dixie National Forest data dictionary and 

associated numerical values for analysis purpose. 
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Table 7 Interpolated Natural Aspect Classification (degree) 

Plat -1 1 0.1 

North 0 -22.5, 292.5 - 360 2 0.2 

Northeast 22.5 - 67.5 3 0.3 

East 67.5 - 112.5 4 0.4 

Southeast 112.5 - 157.5 5 0.5 

South 157.5 - 202.5 6 0.6 

Southwest 202.5 247.5 7 0 . 7 

West 247.5 292.5 8 0 . 8 

Table 8 Interpolated Slope Range (%) 

HH 
0 - 3  4 0.4 

3 - 3 0  7 0.7 

30 - 100 10 1.0 

Tad>le 9 Interpolated Values Associate Rivers' Types 

BsH 
Perennial Streams 402 2 0.2 
Large Perennial Stream 403 4 0.4 
Intermittent Stream 405 6 0 . 6 
Large Intermittent Stream 406 8 0.8 
Stream Disappearing at a 
definite point 407 10 1.0 

Table 10 Interpolated Values Associated with Trusportation 
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Layer 

E™ 
igTunn 

Scenic and Recreational 
trail 95 1 0.1 

Secondairy highway 103 2 0.2 
Dirt improved road 105 3 0.3 
Unimproved road 106 4 0.4 
Trails 107 5 0.5 
Paved improved road 517 6 0.7 
Gravel improved road 518 7 0.7 

Three categories of visible area were classified 

according to distance zones, see Table 11. Foreground was 

defined as the area within 0-500 meters of the obseirver. 

Middleground was seen between 501 and 44 00 meters, and 

background was from 4401 to 40,000 meters. The larger the area 

the stronger effect on perception, owing to the size variation 

of area in each distance zone, so that the class ranges of 

each area depend on the largest area in each distance zone and 

the variety of areas, then, three areas were divided into 10 

classes. (Table 11 and Table 12). 

TeQsle 11 Interpolated Total Visible Area at a View Point (Km^) 

0-1 1 0 . 1 

1-2 2 0.2 

2-3 3 0 . 3 

3-4 4 0.4 

4-5 5 0 . 5 
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Î EhrSSSS 1 
5-6 6 0 . 6 

6-9 7 0.7 

9-12 8 0.8 

12-15 9 0 . 9 

15-50 10 1.0 

TeUble 12 Interpolated Areas in Three Distance Zones (Km^) 

0-.0.5 0-1 1-2 1 0 . 1 
0.5-1 2-3 2-3 2 0.2 
1-1.5 3-10 3-10 3 0.3 
1.5-2 10-20 10-20 4 0.4 
2-2.5 20-30 20-30 5 0 . 5 
2.5-3 30-50 30-50 6 0 . 6 
3-3.5 50-80 50-80 7 0 . 7 
3.5-4 80-110 80-110 8 0 . 8 
4-8 110-200 110-200 9 0 . 9 
8-16 200-500 200-500 10 1.0 

^ MG = Middleground 
^ BG = Background 

Elevation change affects the relationship between objects' 

position and observers. Relative elevation is the elevation of 

observer minus the average elevation of in each distance zone. 

That is, the difference between obse2rver elevation and object 

elevation. For the vista studies, generally, the elevation of 

foreground was flatter than the elevation of the other two 

distance zones. As the point elevation increase, distance of 

view tends to increase. Similarly negative differences in 

elevation reduce the distance the observer can see. (Table 13 
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and 14). 

Table 13 Interpolated Elevation of Total Visible Area within 
a Viewshed (m) 

2300-2450 1 0.1 
2450-2600 2 0.2 
2600-2750 3 0.3 
2750-2900 4 0.4 
2900-3050 5 0.5 
3050-3200 6 0.6 
3200-3350 7 0.7 
3350-3500 8 0 . 8 
3500-3650 9 0.9 
3650-3800 10 1.0 

Table 14 Interpolated Relative Elevation within Three Distance 
Zones (m) 

E3HH •HHnMHMa 
-150~-100 -300~-240 -500~-400 1 0 .1 

-lOC-SO -240~-180 -400~-300 2 0.2 

-50~-30 -180~-120 -200~-100 3 0.3 

-30~-20 -120~-60 -100~0 4 0.4 

-20~-10 -60~0 0~100 5 0.5 

-10~-5 0~50 100~200 6 0.6 

1 Ul
 1 o
 

SCIOO 200~300 7 0.7 

0~5 100~150 300~400 8 0 . 8 

5~10 150~200 400~500 9 0.9 

10~20 200~250 500~600 10 1.0 
^FG = Foreground 
^ MG = Midground 
^ BG = Background 

Tcible 15 Interpolated Classes of Dominant Vegetation Area 
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(Km^) 

0-10000 1 0 .1 

10000-50000 2 0.2 

50000-100000 3 0.3 

100000-500000 4 0.4 

500000-2000000 5 0 . 5 

2000000-3000000 7 0 . 7 

3000000-4000000 9 0.9 

Table 15 illustrates the classes of area size of the 

dominant vegetation type. Table 16 shows the meaning of 

codes associated with each vegetation type in National 

Forest data dictionary, and the assigned numerical values 

for input to the neural network estimation model. 

Tcible 16 Classifications euid GIS Values Associated with 
Vegetation Types 

1 4 0 .04 Water 
2 8 0 . 08 Spruce-Fir 
3 12 0 .12 Ponderosa Pine 
5 16 0 .16 Mountain Fir 
7 20 0.20 Pinyon 
9 24 0 .24 Mountain Mahogany 
10 28 0.28 Aspen 
11 32 0 .32 Oak 
13 36 0.36 Mountain Shrub 
14 40 0 .40 Sagebrush 
15 44 0 .44 Sagebrush 
16 48 0 .48 Sagebrush/Perennial 

Grass 
17 52 0 .52 Grassland 
18 56 0.56 Alpine 
19 60 0 .60 Dry Meadow 
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20 64 0.64 Wet Meadow 
22 68 0.68 Barren 
23 72 0.72 Ponderosa 

Pine/Mountain Shrub 
24 76 0.76 Spruce-Fir/ Mountain 

Shrub 
25 80 0.80 Aspen/Conifer 
26 84 0.84 Mountain Riparian 
29 88 0.88 Lava 
30 92 0.92 Agriculture 
31 96 0.96 Urban 

3 . 3 Neural Net Modeling 

A neural net-based Vista SBE model was developed for two 

purposes. First to identify GIS predictor variables. Second 

to associate these physical variables with SBE ratings' to 

predict SBE on a user basis. At present, there are many 

neural network control strategies and architectures that have 

been developed. One of the most famous and the most successful 

neural network is the back-propagation model that was 

developed by Rumelhart et al. (1986). The Back-propagation 

model was chosen in this study to illustrate how the neural 

computing technology can be integrated with GIS modeling and 

used to predict scenic beauty. 

This neural-net based Vista SBE model includes two neural 

networks; NNl and NN2 (Figure 10) . The function of the first 

neural network, NNl, was to interpolate scenic preferences. 

It can be taught to recognize and classify patterns found 

within input data (perfect training samples) and desired 
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output values (scenic beauty ratings) . The function of the 

second neural network, NN'2, was to predict scenic preference 

for vistas based on their physical features. Both networks 

were created with a typical a three-layer stmcture using 

back-propagation neural network. In NNl, the input node 

number depends on the nun±)er of observations for each vista. 

There are 13 subjects in this study. Thus NNl has 13 nodes in 

the input layer. NNl was assigned 5 nodes in the hidden 

layer, with 10 nodes in the output layer, corresponding to the 

scenic rating scale (0 - 9) . NN2 has 43 nodes in the input 

layer, representing the selected physical landscape variables. 

The desired output of NN2 was the inteipolated scenic beauty 

judgments (5 nodes) of NNl. Several different structures of 

NN2 were tested by changing the number of nodes in the hidden 

layer (from 80, to 30, to 10, to 5 nodes) in order to find the 

network which had the best performance ability. The changes 

didn't degrade the performance of network. In other words, 5 

nodes in the hidden layer nodes were sufficient for SBE 

modeling. Neural networks are trained on a file structured as 

input data patterns and their corresponding output patterns. 

The desired output patterns represent the meaning of the 

application, so that the input data can be translated to a 

meaningful form. 

Back-propagation networks, a calculus based method, was 

chosen because it is a very powerful technique for 

constructing non-linear transfer functions between several 
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continuous valued inputs and one or more continuously valued 

outputs (Neural Computing, 1991). There is no theoretical 

limit on the number of hidden layers but typically there will 

be one or two. Some work has been done which indicates that a 

maximum of four layers (three hidden plus one output layer) 

are sufficient to solve most problems. 

The internal weights used by the network in the comparison 

algorithm were set to .1 for both nets. The networks adopted 

a sigmoid transfer function, a summation function with 

learning rates at 0.9, a momentum term of 0.6, epoch 7. During 

learning, errors is propagated back through the network and 

used to update the connection weights. In order to determine 

which processing element and inter-connection should be 

adjusted, back-propagation assumes that all processing 

elements and connections transfer errors. 
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Figure 9 The Concept of Neural Networks - the Structure 
and Associated Happable Physical Variables and The 
Relationships With Stimuli. 
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TeUdle 17 The Expleuiations and Fiinctions o£ Essential 
Parameters Used in the Back-propagation Neural Network. 

Parameters Explanations, cind Functions 

Control To specify the order in which network states 
Strategy are updated for digital implementation of 

complicated learning and recall fiinctions. 

Learning Self-adaptation at the processing element 
level. Weighted connections between 
processing element are adjusted to achieve 
specified results, and eliminating the need 
for writing a specific algorithm for each 
problem. 

Learning A schedule which specifies how parameters 
Schedule associated with learning change over the 

course of training a network. 

Transfer The component of a processing element through 
Function which the sum is passed (transformed) to 

create net output. "Locally" linear is 
defined by the size of the learning 
coefficient. 

Momentum It effects learning coefficient, a smaller 
learning coefficient cause a slower learning 
speed. One the other hand, a bigger 
coefficient may cause divergent behavior 
occur near a t the points of high curvature. 
That is, it affects the detecting of global 
errors. 

Epoch An epoch is the number of training 
presentations between weight updates. It is 
a cumulating cycle, for example, there are 13 
input in this study, it is better to set 
epoch to 13 so that a whole set of data 
(values of 13 variables) can be processed at 
the same cycle. 

Table 17 provides a brief explanation of the essential 

parameters in a back-propagation neural network. Training 

continually attempts to correct and improve its performance by 

propagating the output error backward through the node 

connections to the previous layer. Training continues until 
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no further improvement in performance is made or the network 

converges to some desired level. Once learning has occurred, 

then, the entire data sets can be recalled through the net for 

optimize classification. The data sets that are recalled 

structured in exactly the same way as the training files, 

except they do not include the desired outputs. A neural 

network is capable of recognizing patterns in similar data if 

it is well trained, so that during the recall procedure, the 

neural network will be able to associate patterns among 

physical variables with predicted scenic beauty ratings. Only 

one node in the output layer (scenic beauty ratings) could be 

activated when a pattern of physical variables (a vista) is 

associated with one of scenic beauty classes. The value of 

this output node will be much bigger than the values of other 

nodes in the output layer. The reason only one node can be 

activated is due to the characteristics of back-propagation. 

Thus, it couldn't happen that a viewpoint is assigned several 

scenic beauty ratings. 
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4 APPLICATION OF METHODS AND RESULTS 

This chapter describes the application of the research 

method outlined in Chapter 3.0 and presents the results of the 

neural net-based vista scenic beauty modeling in forest 

landscape settings. 

4 .1 Experiment Procedure 

Thirteen subjects were tested and their responses were 

recorded to Vista Scenic Beauty Estimation procedures during 

May 1995. The subjects came from a variety of majors 

(landscape architecture, architecture, physics, electric 

engineering, renewable natural resources, and wildlife 

science) and nationalities (Mainland China, Greece, Taiwan, 

America, Mexico, Canada, France, and Japan), but all of them 

were students at University of Arizona. 

An oral explanation accompanied by a written introduction 

was provided to each respondent explaining the research 

purpose and methods for the experiment. A set of "preview" 

images showed representative views that were to be preseented 

to the subj ects. The preview images were individual scenes 

("40") chosen from four directions roughly 90 degrees apart in 

each panoramic view. The purpose of showing preview images 

was to provide context for the subjects and to establish the 
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use the 10-point scenic beauty rating scale to rate the 

panoramas in the experiment. 

Each site was represented by a 360-degree panorama 

presented on a 17" high-resolution computer screen. 

Approximately hundred percent of the panorama was visible at 

any time, and subjects were able to look at any segment of the 

panorama as long as they wish by using the right and left 

arrow keys on the keyboard to view different parts of the 

panoramas. The North segment of each panorama was always 

presented first. A small "compass" appeared in the lower right 

corner of the screen to indicate which segment direction of 

the panorama was being presented. Subjects looked through the 

whole panorama, and when they were ready to rate the panorama, 

they pressed the Escape key and a screen appeared asking the 

subjects to enter their rating (0-9) by pressing the 

appropriate number key. The ratings were based on the whole 

panoramic view. The next panorama was displayed after the 

subjects indicated their scenic beauty rating. The subjects 

continued this procedure until they had rated all 21 panoramas 

for the study site. 

Once subjects finished rating the forest vista panoramas, 

they were asked to recall and list the positive and the 

negative landscape features that affected their scenic beauty 

ratings. A list of typical forest landscape features was 

provided for assistance. 
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4.2 Description of the Data Set 

The sample size of this study is smaller than desired. 

None these observer-to-observer and group-to-group reliability 

coefficients were calculated. The observer to observer 

coefficient was considered low (0.33) compared with previous 

research (range from 0.75 to 0.91, Buhyoff at al, 1982), but 

the group to group reliability was considered sufficient at 

0.865. According to previous research (Hull & Buhyoff, 1981) 

group related coefficients usually range from 0.86 to 0.95. 

Since this study focused on group opinion, and did not intend 

to distinguish among individual observers' differences, the 

obtained group to group reliability was deemed acceptable for 

this pilot study. 

Original SBE scores is listing in Table 18, which was 

collected from the laboratory experiment. The original SBE 

score was used as the recall data set for NNl, and NNl was 

trained on a perfect training set (Table 19) . The desired 

output patterns direct which specific node will be activated, 

representing the SBE rating. The learning result of NNl is 

shown in Table 20. The original SBE scored can be adjusted to 

an, theoretically speaking, unbiased SBE scores. 

The SBE Rating scale is an ordinal, strictly speaking, 

scale; that is higher ratings individual with higher 

preferences, but the magnitude of the difference in 

preferences may not be responded to the magnitude of the 
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difference in ratings. That is, more highly visual-pleasing 

scenes will always get relatively higher SBE ratings. To prove 

this point, the original SBE rating scores was transformed by 

using RMRATE. RMRATE transformed the original ratings into an 

interval scale index of preference for each scene. Table 20 

and figure 11 present the relationships among 1) the results 

of NNl, 2) the mean of original rating scores, and 3) the SBE 

index. These scales were all highly correlated, mediating that 

each provides an equivalent measure of scenic preference. The 

reclassified scenic scores of each vista panorama from NNl 

were used as the training set outputs for NN2. 
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Table 18 Original SBE scores that were derived from 
participeuits. 
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Table 19 The Perfect Training Set - Scores for The First NN. 
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Table 20 The Leaimlng Result o£ NNl and The Relationships 
Among the Mean of Raw Score, SBE and Reclassified SBE by NNl. 

1 7 7.08 46.31 .587933 
2 6 5.92 0.76 .610763 

4 5 5.42 -15.93 .63344 
5 6 6.5 21.69 .673072 
7 6 6 -5.51 .626352 
8 5 5.58 -11.41 .588892 
9 5 4.42 -56.69 . 640936 
10 5 5.17 -30.14 . 675274 
11 6 6.33 14.55 . 652842 
13 7 8 82.35 .401748 
14 5 5.58 -10.59 . 567157 

15 8 8 .33 95.38 .327538 
16 7 6.92 39.38 . 59128 
23 7 6.83 38 .1 .610365 
35 6 5.83 -0.11 . 568568 
36 4 4.25 -64.73 . 651621 
37 5 4.92 -36.98 . 669634 
38 6 5.5 -17.22 .564301 

39 6 6 1.63 .656078 

41 7 5.17 -29.51 .655634 

42 4 4 -72.94 .64989 

4.3 Modeling Results 

The vista scenic beauty prediction is based on the 

identified physical features (as inputs) for each viewpoint, 

as manipulated by GIS. Thus, the structure of the training set 

for NN2 consisted of GIS-based prediction variables (input) 
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corresponding with their classified (NNl) scenic ratings for 

each vista. The training set of NN2 is shown on Table 21 and 

table 22. There were 21 viewpoints for which GIS databases 

were generated. They were randomly split into two groups, 

experimental group and reference group, for experimental 

purpose. Experimental group contained the GIS database of 16 

panoramas and was used as the NN2 training set. The NN2, then, 

was trained on only the 16 randomly selected sample GIS 

database of 16 panoramas. The reference group contained GIS 

database of 5 panorama and was used as a recall set in order 

to test the reliability of the trained neural network for 

predicting scenic scores for panoramas not in the training 

set. The structure of recall set is similar as the training 

set, but it is without the corresponding outputs. 

Additionally, the number of samples restricted the 

structure of the neural net and it's accuracy. In general, the 

more samples in the training set the greater accuracy of the 

result. The number of samples (panoramas) must exceed the 

number of physical landscape variables (inputs), or the 

capacity of neural net cannot be satisfied. 

Five viewpoints were recalled, 1, 7, 15, 23, 38. Table 23 

shows the scenic beauty predictions of NN2 after recall. The 

predictions perfectly matched the NNl classified preference 

rating score. For example, viewpoint 1 has a scenic score of 

7 and the appropriate node, 4, was activated in recall. The 

output value of each activated node is much higher than the 
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rest of nodes. In other words, by providing enough ground 

information (physical features) for the inputs of a NN1/NN2, 

both nets were able to recognize different patterns of forest 

settings and to assign correct scenic class to panoramas that 

are not in the training set. Two possible reasons might 

explain this phenomena. First, the selected input variables 

are the most representative ones and they have great influence 

on vista scenic preference. Second, the patterns presented to 

the NN from the training data set is quite easy to be 

recognized. That is, the neural network has the ability to 

assess more complex relationships between physical variables 

and scenic beauty preferences at the vista scenic beauty 

modeling. 

In order to explore the influence and relatively 

magnitude of each predictor variable, the EXPLAIN function, 

which built in Professional NeuralWork II was implored. The 

EXPLAIN function analyzed the contribution of each input 

variable across the tested panoramas and it provides a means 

for explaining contribution of each variables to the 

prediction outcome. Tables 22 lists the output value generated 

by the EXPLAIN function for the recall panoramas, 1, 7, 15, 

23, and 3 8 with their predicted scenic classes 7, 5, 8, 4, 6. 



PT TA TME TRE TR FAA FNA FA FE FRE FMJ FSLP FR FW FR FRD FV FVA MAA HNA MA HE MRE 

1 0.1 0.5 0.6 0.1 0.8 0.5 0.7 0.4 0.7 0.08 0.24 0.2 0.7 0.4 1 1 1 0.2 0.4 0.6 0.5 0.95 

2 0.1 0.5 0.6 0.1 0.5 0.5 0.5 0.3 0.5 0.08 0.9 0.2 0.7 0.3 0 1 1 0.2 0.4 0.5 0.5 0.7 

4 0.3 0.5 0.6 0.2 0.8 0.5 0.7 0.4 0.7 0.44 0.15 0.4 0.1 0.2 0 1 1 0.5 0.4 0.6 0.5 0.45 

5 0.1 0.4 0.6 0.2 0.4 0.5 0.9 0.3 0.7 0.56 0.67 0.6 0.7 0.3 0 0 1 0.3 0.4 0.5 0.5 0.1 

7 0.3 0.5 0.6 0.1 0.6 0.5 0.5 0.4 1 0.08 0.25 0.4 0.7 0.3 0 0 0 0,4 0.4 0.5 0.5 0.7 

8 0.5 0.6 0.5 0.3 0.5 0.6 0.3 0.6 1 0.64 0.87 0.6 0.4 0.3 0 1 0 0.6 0.6 0.5 0.8 0.65 

9 0.4 0.6 0.5 0.3 0.3 0.8 0.5 0.7 1 0.64 0.16 0.5 0.4 0.3 0 1 1 0.5 0.7 0.4 0.9 0.6 

10 0.5 0.6 0.4 0.4 0.6 0.9 0.8 0.7 1 0.64 0.68 0.7 0.7 0.4 0 1 1 0.4 0.8 0.4 0.9 0.6 

11 1 0.6 0.2 0.6 0.4 0.9 0.3 0.7 1 0.64 0.65 0.4 0.7 0.7 0 1 1 0.7 0.8 0.3 0.9 0.55 

13 1 0.6 0.1 0.6 0.1 0.9 0.3 0.8 1 0.64 0.19 0.7 0.7 0.4 0 0 0 0.8 0.7 0.1 0.9 0.41 

14 0.2 0.8 0.6 0.1 0.6 0.9 0.7 0.7 1 0.64 0.55 0.3 0.4 0.2 0 0 1 0.4 0.9 0.5 1 0.95 

15 0.3 0.6 0.7 0.3 0.9 0.6 0.8 0.5 0.2 0.64 0.13 0.4 0.4 0.2 1 1 1 0.8 0.7 0.7 0.9 0.1 

16 0.2 0.6 0.5 0.6 0.4 0.8 0.9 0.6 0.7 0.64 0.78 0.7 0.7 0.3 0 0 1 0.2 0.8 0.6 0.9 0.6 

23 0.2 0.7 0.6 0.1 0.4 0.8 0.7 0.6 0.9 0.64 0.67 0.6 0.7 0.3 0 1 1 0.1 0.8 0.5 0.9 0.4 

35 0.4 0.4 0.9 0.6 0.2 0.2 0.6 0.2 0.35 0.56 0.24 0.3 0.7 0.7 0 1 1 0.7 0.4 0.9 0.5 0.65 

36 0.7 0.4 0.8 0.9 0.6 0.2 0.4 0.1 0.3 0.84 0.9 0.2 0.7 0.5 0 1 1 0.8 0.4 0.9 0.3 0.5 

37 0.4 0.4 0.9 0.9 0.2 0.2 0.9 0.1 0.35 0.44 0.13 0.2 0.7 0.4 0 1 1 0.3 0.4 1 0.6 0.7 

38 0.5 0.4 0.9 0.6 0.7 0.1 0.8 0.1 0.3 0.4 0.35 0.4 0.7 0.5 0 1 1 0.7 0.3 0.9 0.1 1 

39 1 0.3 0.6 0.9 0.1 0.2 0.1 0.1 0.9 0.08 0.79 0.8 0.7 0.2 0 1 0 0.1 0.2 0.4 0.1 0.3 

41 0.2 0.5 0.8 0.5 0.4 0.5 0.6 0.4 0.65 0.56 0.83 0.2 0.4 0.2 1 1 1 0.4 0.6 0.8 0.5 0.9 

42 0.5 0.5 0.9 0.5 0.8 0.4 0.6 0.3 0.45 0.44 0.34 0.3 0.4 0.2 1 1 1 0.6 0.5 0.7 0.5 0.1 

TA Total area of each veiwshed 

TAE Average elevation of each viewshed 

TRE Observer's elevation minus average elevation o £  

TR Roughness 

*AA Actural aspect in foreground 

*NA Natural aspect in forrground 

*A Area in Eourground 

*E Average elevation in foreground 

*MJ Major elevation in foreground 

eacl'SL£Average slope in foreground 

*R Roughness in foreground 

'W Waterbody in foreground 

*R Rivers in foreground 

*RD Roads in foreground 
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PT MHJ HSLP MR HW MR HRO MV NVA BAA BNA BA BE BRE BHJ BSLP BR BW BR BRD BV BVA 

1 0.08 0.34 0.3 0.7 0.7 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 

2 0.08 0.23 0.2 0.7 0.7 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 

4 0.08 0.23 0.3 0.7 0.7 0 1 1 0.1 0.7 0.6 1 0.45 0.12 0.24 0.3 0.7 0.7 0 0 1 

5 0.56 0.67 0.6 0.7 0.3 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 

7 0.08 0.14 0.3 0.4 0.5 0 0 1 0.2 0.6 0.5 0.9 0.85 0.08 0.14 0.3 0.7 0.6 0 1 1 

8 0.64 0.83 0.2 0.7 0.5 0 1 1 0.2 0.6 0.3 1 0.85 0.08 0.73 0.9 0.7 0.7 0 1 1 

9 0.12 0.83 0.2 0.7 0.5 0 1 1 0.2 0.7 0.3 1 0.4 0.12 0.2 0.9 0.7 0.8 0 1 1 

10 0.64 0.68 0.7 0.7 0.4 0 1 1 0.2 0.7 0.2 1 0.1 0.12 0.14 0.3 0.7 0.8 0 0 1 

11 0.64 0.65 0.4 0.7 0.7 0 1 1 0.6 0.6 0.1 1 0.55 0.08 0.83 0.2 0.7 0.9 1 1 1 

13 0.64 0.83 0.2 0.7 0.8 1 1 1 0.6 0.6 0.1 1 0.6 0.08 0.83 0.2 0.7 0.9 1 1 1 

14 0.64 0.55 0.3 0.4 0.2 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 

15 0.08 0.24 0.4 0.7 0.8 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 

16 0.64 0.78 0.7 0.7 0.3 0 0 1 0.2 0.6 0.3 0.7 0.95 0.08 0.83 0.2 0.7 0.8 0 0 1 

23 0.64 0.56 0.5 0.7 0.7 0 0 1 0.2 0.7 0.4 1 0.85 0.12 0.68 0.7 0.7 0.6 0 0 0 

35 0.08 0.24 0.3 0.7 0.9 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 

36 0.08 0.24 0.3 0.7 0.9 0 1 1 0.4 0.1 0.4 0.1 0.1 0.68 0.72 0.1 0.4 0.6 1 0 1 

37 0.08 0.24 0.2 1 0.9 0 1 1 0.2 0.1 0.4 0.1 0.45 0.68 0.73 0.2 0.7 0.6 0 0 1 

38 0.08 0.24 0.3 0.7 0.9 1 1 1 0.3 0.5 0.6 0.6 0.85 0.08 0.23 0.3 0.7 0.7 0 0 1 

39 0.08 0.24 0.3 0.7 0.8 1 1 1 , 0.6 0.3 0.5 0.1 0.35 0.08 0.14 0.3 0.7 0.9 1 1 1 

41 0.08 0.13 0.2 0.7 0.9 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 

42 0.56 0 .47 0.4 0.7 0.8 1 1 1 0.3 0.7 0.6 1 0.7 O.OB 0.34 0.3 0.7 0.9 0 0 0 

*v 

*VA 

F 

M 

B 
* 

Vegetation types in foregournd 

Vegetation area for each species in foreground 

Foreground 

Middleground 

Background 

All of the variables are the same sequency in 

Add F, M and B frond of each variables. 

fore, middle, and background 
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Note that the total area of the viewshed had more effect 

on the scenic class of viewpoint 15 than for viewpoint 23. 

Viewpoint 15 has the larger area and the higher scenic score, 

while viewpoint 23 has the smaller area and the lower scenic 

score. Figure 12, Figure 13, Figure 14 and Figure 15 

illustrate the relationships among input variables across the 

five test viewpoints. 

Tedale 23 The Scenic Score £or Each Activated Node (A), euid The 
Prediction Result of NN2 (B). 

SBE Rating 4 5 6 00
 

1 0 0 0 0 
0 1 0 0 0 

Activated Node 0 0 1 0 0 
0 0 0 1 0 
0 0 0 0 1 

Test Point SBE Rating Actovated The Output value 
Node o£ Activated Node 

1 7.0 4 0.994973 
7 5.0 2 1.003922 
15 8 . 0 5 0.997066 
23 4.0 1 1.000202 
38 6.0 3 0.997014 

The effect of the prediction variables used in the neural 

network can be interpreted similar to the variable weights in 

multiple regression models. According the result of EXPLAIN, 

the prediction variables, waterbody in foreground, relative 

elevation of total area in viewshed, the area of viewshed, the 

variety of vegetation types in both the middle and the back 
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ground, all had positive effects on scenic preference. The 

predictor variables, average elevation within viewshed and 

roads in foregrooind had the opposite tendency. 

4.4 Discussions 

What does a viewpoint with vista scenic beauty estimation 

(VSBE) value of 7 mean? What does higher VSBE value reflect to 

physical features? Merely knowing that a viewpoint has VSBE 

value of 7 is not enough. Do those physical variables are 

suitable for representing forest settings? What physical 

features are more important than other in terms of estimating 

scenic beauty? What are the relationships among those physical 

variables? Does neural network model classify and predict 

scenic beauty as expected other than recognize other 

geographical patterns? The neural net-based vista scenic 

beauty models provide some insights into the nature of vista-

view in forest settings. 

TntPrprRtatinn nf Phyairal VaT-iables 

A VSBE value is the result of different combinations of 

physical features. Apparently watebody, road, vegetation area, 

vegetation type, slop, and relative elevation are the most 

distinctive variables. They have higher relative importance in 

each scene and they have different magnitude in each distance 

zone. For example. High scenic beauty may occur where 
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waterbody (ponds and lacks) or rivers (stream and washes) is 

presented (viewpoint 15) , or hilly landform (viewpoint 32), 

smoothly landform change (viewpoint 1) , and variety of 

vegetation (viewpoint 6) . On the other hand, low scenic beauty 

may occur where roads present (viewpoint 36) , or flat landform 

with vegetation blocked view (viewpoint 23) , or viewpoint with 

relative low elevation that limited viewing distance 

(viewpoint 7) . 

Figure 12, 13, 14, and 15 indicate the relative 

importance and magnitude among each variable according to 

different distance zone. Each selected variable can be 

compared by individual viewpoint, or compare across 

viewpoints. 

1. Visible area: The bigger the total visible area 

doesn't mean the higher the vista SBE value. It is 

relatively important in affecting the SBE value of 

viewpoint 15, but not important in that of viewpoint 

1, 7, 23, 28. Three variables ̂  relative elevation in 

middleground and vegetation area in middleground, and 

the variety of vegetation in the background should be 

considered because of their interrelationships. 

2. Aspect: The results suggest that aspects have higher 

magnitude in middl eground and background, especially 

absolute aspect. Absolute aspect is aspect relative 

to the observer. The more directly a face of an 

object is tumed toward a viewer, the larger it will 



73 

appear. (Iverson, 1985) That is, absolute aspect 

determines whether an observer can perceive objects 

or not, and how much amount of objects observer can 

see. Viewpoints 15 and 38 have higher SBE value with 

higher percentage of absolute aspect within visible 

area. Results also suggest that aspects may-

interrelate with the variety of vegetation. 

3. Elevation: Several approaches for analyzing elevation 

were used- relative elevation, average elevation, and 

elevation of viewpoint. Only relative elevation will 

be necessarily used in vista SBE model. According to 

the responses of participants, high viewing location 

is preferred. But elevation is relatively speaking, 

a viewpoint has high elevation doesn't necessary has 

better view. Thus, other two types of elevation are 

considered as redundant physical variables. 

4. Distance: Distance ̂  weights^ variables differently. 

The further away objects from the observer, the 

larger it must be to give the same amount of 

impression compared to close objects. Detailed 

physical features can't be seen when they are far 

away form observers, such as roads and rivers. 

Results suggest that the variety of vegetation and 

the coverage of vegetation area in both of 

middleground and background are important (viewpoints 

7 and 15) , while ground with the less coverage of 
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vegetation and the less variety of vegetation has 

lower landscape preferences (viewpoint 23) . This 

finding strongly suggest that different variables 

should be considered to be used in different distance 

zones. 

5. Slope and roughness: There are three possible effects 

are suggested according to the results, because 

people can only sense the changes of slope and 

roughness within foreground area. (1) Slope has 

higher magnitude in foreground area, because the 

steeper the slope, the more ^ seen area^ will be 

revealed (Iverson, 1985; Shafer, 1977). (2) Slope and 

roughness may be interrelated, that is, the smooth 

the slope, the less roughness of landform is. 

Participants indicated that rolling hills are 

preferred, while steep slopes and abrupt elevation 

changes are not, cliffs and canyons are exceptions. 

6. Waterbody and river: Of the physical variables 

measured for this study, waterbody and river have by 

far the largest effect on scenic beauty and the 

greatest positive effect on scenic beauty in any 

size. This has obvious indication for scenic 

management. Any viewpoint that allows observer 

viewing waterbody or river, they deserve special 

consideration. The area that Waterbody locates 

required careful management. 
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7. Road: Roads have significant effect on scenic beauty 

according to this study. Participants also mentioned 

that artificial structures also have the same 

effects, because those scenes mean to be natural. 

Other landscape variables, such as power lines, 

campers or motor homes, fences, and signs should be 

considered in the future research. 

8. Vegetation: A diversity of vegetation patterns and 

the coverage of vegetation have higher magnitude in 

middleground and background area. 

PTRniginn and acriiT-ary nf data 

The ease of measuring landscape features and those 

physical features that are manageable are important in scenic 

beauty management. The accuracy and precision of geographical 

data are also important issues. Moffatt (1990) indicates that 

data retrial and analysis are affected by the degree of 

representing on-ground condition and accuracy of geographical 

data. For example, terrain model was driven from digital 

elevation model (DEM), it is easily updated to reflect wider 

range of landscape changes. The quality of vegetation data 

depends on the remote sensor platforms (Landsat satellite, TM, 

Spot, etc.) . How much precision is needed to store and analyze 

scenic landscape information? On one hand, the finer data 

(e.g. remote sense, digital maps, etc.) take more effort to 

process and collect them. On the other hand, physical 
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attributes that are most readily measurable and most easily 

obtained from spatial data banks are not necessarily the most 

useful. 

The represftntar.iQn o t  viewpoinr.s 

The present study is limited by the relatively small 

number of vistas, so the external validity and generality of 

the obtained neural net-based Vista SBE model cannot be 

assumed. However, this pilot model does show considerable 

potential for the incorporation of neural network techniques 

with SBE model to analyze vista scenic beauty. 

Several problems were encountered that might have 

obscured the relationship between scenic preferences and 

physical landscape variables. First, a panoramic view consists 

of a number of scenes (segments) , which may differ in their 

scenically relevant characteristics, causing conflicts and 

confusions when subjects try to overall scenic evaluations. 

Thus, each panorama may produce a "mixed-preference" 

reflecting the combination of differing scenic preferences for 

segments within the panorama. 

It is important that the ground-based information in the 

GIS database and the photo-plane image are precisely matched 

together. What subject perceives from the 2-D images must be 

constantly and accurately related to the 3-D ground 

information. There are two ways to facilitate this. One is 

that the locations of each viewpoint should precisely geo-
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referenced record by using GPS (global positioning system). 

Second the highest possible resolution should be maintained 

for the basic terrain and vegetation cover data. 

Neural nfir.worl^ 

The main advantage of using neural networks (NN) is the 

possibility to analyze non-linear relationships. Cohen and 

Cohen (1975) stated is a fundamental law of 

psychophysics that constant increase in the size of a physical 

stimulus are not associated with constant increases in 

subjective sensation.^ Previous research (Guiford, 1954; 

Steven, 1975; Buyhoff and Wellman, 1980) suggests the 

nonlinear relationship existing between scenic preferences and 

physical variables. The performance NN may be better than to 

the linear regression approach in terms of scenic beauty 

predictions and analyses, because NN allows better predictions 

of noise pollution levels than any other empirical 

relationship. Also it allowed to accounts for a large number 

of parameters (input), without particular computational 

problems. 

Future research must focus on the continuing validation 

of these visual preference models, especially with regard to 

their predictive abilities. Further studies are needed, such 

as one reported by Itami (1994) and Bishop et al. (1995), to 

compare the prediction ability of traditional regression 

models and models based neural network techniques. Successful 
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vista scenic beauty models can be incorporated with other 

environmental data and model, including recreational 

opportunity, ecological and tourism models, allowing resource 

management agencies to make resource management decisions and 

actions efficient and accurately. 

Thfq Ht-re>ngth and li mi tat-inn of T-f^pT-eHRntat ion technique 

This study introduced a new vista presentation technique 

named PANA, a computer presentation system, allowing 

interactive exploration of a full 3 60° view for scenic 

preference assessment. A primary of advantage to 360 computer-

represented panorama is that it keeps the realism of 

photographic quality. Although images are fast to produce, 

while they take tremendous time to manipulate them. 

Limitations to computer-represented panorama relate to 

the poor presentation speeds, at least for this pilot 

experiment. The "real world" sightseeing was not fully 

recreated. Additionally, it only creates a rotate movement, 

not forward movement. 

The results of this study strongly encourage further 

efforts to develop neural net-based vista SBE models based on 

direct and GIS related measures of biophysical landscape 

variables. 



Figure 11 Globe Variables for Selected Test Viewpoints 
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Figure 12 The Relative Importance of Foregrotind Predictor 
VarieUales Contribute on The Scenic Beauty Value 
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Figure 13 The Relative Importance of Background Predict 
Variables Contribute on the Scenic Beauty- Value. 
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Figure 14 The Relative Importauice of Middlegrormd Predictor 

Variables Contribute on the Scenic Beauty Value 
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5 CONCLUSIONS 

The goals in this study were to train a neural network to 

recognize patterns in scenic beauty ratings, which 

corresponded to known scenic beauty values for sample 

viewpoints and to associate those patterns with selected 

physical landscape variables. Undoubtedly, the neural network 

based vista SBE could predict vista scenic beauty. 

Although this model provides an alternative approach for 

exploring the complex relationships that exist between natural 

environment and human perception. By using neural network to 

analyze scenic beauty not only requires knowledge of 

understanding neural networks, but quality and availability of 

geographic data are essential. For instance, predict results 

can be generated in a reasonable effort, only if geographic 

data is digitized and available. 

Having used the neural network to analyze landscape 

preferences, interpreting the proportion of total variance 

explained by each predictor variable is a valuable procedure 

from a management perspective. The most important landscape 

features can be quickly identified, as well as the relative 

importance of other landscape features. In this way, not only 

are the potential areas for development can be identified, but 

potential directions for future research, management effort 

and concern are indicated. 
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Although these results pertain to a specific setting 

(forest areas) and cannot be assumed to apply in other 

environments, there still appear to reveal a promising future 

using the neural network as alternative to estimate vista 

scenic beauty in other types of settings. 

The techniques described here, together, permit a 

quantitative scenic beauty estimation. It is based on 

manageable physical features that can reflect the scenically 

relevant landscape features of forest settings. Future 

research should examine more manageable features such as 

density of tree, and grazing area, etc. that weren't used in 

this study. Their correlation with scenic beauty and with 

other variables should be examined as well. Furthermore, it 

should be noted out that physical feature is just one of 

several factors that has influence on perceiving scenic 

beauty, and indeed that scenic beauty is heavily related to 

genetic variables, cultural background and personal 

experience. Those issues should be considered and incorporate 

into the neural-based vista scenic beauty model in the future 

research. 
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APPENDIX A: INTERVIEW INSTRUCTION AND QUESTIONNAIR 
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Our research depends upon the cooperation 
of students like yourself. We are very 
grateful for your help in this study. 

Before beginning this experiment I am required to inform you 
that if at any time you do not feel completely comfortable 
participating in this experiment you should feel free to get 
up and leave --no explanations will be necessairy. The curtain 
over the door will be drawn only for ambient purposes and it 
in no way forces you to remain here at any time. 

BACKGROUND 

This study is part of a program of research to learn about 
people's perceptions of different environments. In this 
particular study we are interested in your perceptions of 
forested areas such as you might see on a visit to a National 
Forest. Forests are important for many reasons: For example, 
forests provide timber for construction, habitat for wildlife, 
and opportionities for outdoor recreation and for experiencing 
natural scenic beauty. 

The purpose of this study is to investigate people's 
perceptions of the natiiral scenic beauty of different sites in 
the western US. You will view several different forest vistas 
and rate them on a 10 -point scale, where 0 indicates very low 
scenic beauty and 9 indicates very high scenic beauty. 

THANK YOU 
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INSTRUCTIONS 

A number of different forest sites will each be represented by 
a 360-degree panorama presented on the computer screen. Each 
panorama represents the full view available from a particular 
viewpoint in a much larger forest area. The procedures for 
presenting these vistas are still experimental, so the images 
are not all of the same quality. Please try to ignore the 
variations in color, brightness and any problems with "edge 
matching" in the 3 60-degree panoramas. Use the computer 
panorama to get an idea of what the vista would be like if you 
were there. 

Please rate the forest vista not the computer image. 

You will be able to look at any part to the panorama as long 
as you wish by using the right and left arrow keys on the 
keyboard to move your view to different parts of the panorama. 
The North segment of each panorama will always be presented 
first. A small "compass" will appear in the lower right 
comer of the screen to indicate which segment of the panorama 
is being presented. 

When you have looked at each part of the panorama as much as 
you wish and you have decided how you want to rate the vista 
represented, press the Escape key. A screen will appear 
asking you to enter you rating (0-9) by pressing the 
appropriate number key. After you record your rating you can 
proceed to the next panorama by pressing the space bar. The 
first (North) scene of the next sample point will then be 
presented. You should look at each segment of the new 
panorama by using the arrow keys, and then enter Escape, 
record your rating for that vista, and press the space bar to 
go to the next panorama. 

Continue this procedure xintil you have rated all of the 
panoramas (no more scenes will appear). 
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PREVIEW 

Before you begin rating the vistas, you will look at a brief 
"preview" of the types of views you will be asked to rate. 
Samples of typical forest vistas will be shown briefly. 

Each vista will be represented by a set of four individual 
scenes, roughly 90-degrees apart, showing what the forest 
would look like from that viewpoint. 

As you look at the previews, try to imagine how you would rate 
the vista represented using the 0-9 scenic beauty rating 
scale. 

Now that you have seen the preview, you can begin looking at 
the 360-degree panoramas and recording your ratings. Remember 
that you will view and rate the natural scenic beauty of 
different vistas in a large forest area. Each vista is 
represented by a 360-degree panorama. You will be able look 
at each segment of the view as much as you wish by using the 
arrow keys. When you have decided how you want to rate the 
vista, press the Escape key, and you will be prompted for your 
rating (0-9, using the number keys) . Press the space bar to 
move to the next vista. 
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LANDSCAPE FEATURES 

Now that you have finished rating the forest vistas, please 
take a few more minutes to help us better understand what 
makes some vistas more or less attractive than others. Recall 
the panoramas you just rated, and list the positive and the 
negative landscape features that affected your scenic beauty 
ratings. (A list of typical forest landscape features is 
attached for your assistance) 

POSITIVE FEATURES NEGATIVE FEATURES 

Please look over your list of features and indicate which was 
the first (1) , second (2) and third (3) most important 
positive feature by writing a 1, 2, or 3 next to that feature. 
Please repeat the process for the negative features listed. 

Finally, please write any other comments about the vistas or 
the panorama presentation, or rating procedure that you think 
will help us better understand your ratings. (Use the back of 
this page if needed) 
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LANDSCAPE FEATURE LIST 

1. Brush covered hills 
2. Gravel roads 
3. Flowers 
4. Confined (closed in) views 
5. Open grassy areas 
6. Diversity of topography (hills, valleys, ridges, etc) 
7. Smooth elevation changes 
8. Dead trees 
9. Stands of aspen (white bark) 
10. Campers or motor homes 
11. Abrupt elevation changes 
12. Grassy areas along streams 
13. Tall dense stands of conifers 
14. Mixed stands of conifers and aspen (white bark) 
15. Rock outcrops 
1 6 .  Lakes 
17. Streams 
18. Dirt roads 
19. Buildings 
20. Rocky, barren areas 
21. Grassy meadows in front of tall dense trees 
22. Rolling hills 
23. Red rock cliffs and canyons 
24. Fences, signs, etc 
25. High viewing location 
26. A diversity of vegetation patterns 
27. Steep slopes 
28. Changes in the depth of view 
29. Wide open views 
30. Cars 
31. Power lines 
32. Diversity of landscape colors 
3 3. Paved roads 
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APPENDIX B: EXAMPLES OF THE PREVIEW IMAGES 
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Preview Images of Viewpoint 9 Preview Images of Viewpoint 10 

Preview Images of Viewpoint 
11 

Preview Images of Viewpoint 
12 
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