
PREDICTING DEMAND-RESPONSIVE 

TRANSIT SCHEDULE VARIATIONS 

USING NEURAL NETWORKS 

A Thesis 

Submitted to the College of Graduate Studies and Research 

in Partial Fulfillment of the Requirements 

For the Degree of 

Master of Science 

in the Department of Electrical Engineering 

University of Saskatchewan 

by 

Kimberley Allan Young 

Saskatoon, Saskatchewan 

December, 1996 

The author claims copyrights. Use shall not be made of the material contained 

herein without proper acknowledgement, as indicated on the copyright page. 



Copyright 

The author has agreed that the Library, University of Saskatchewan, may 

make this thesis freely available for inspection. The author has agreed that 

permission for extensive copying of this thesis for scholarly purposes may be granted 

by the supervising professor(s) or, in their absence, by the Head of the Department 

or the Dean of the College in which the thesis work was done. It is understood that 

due recognition will be given to the author of this thesis and to the University of 

Saskatchewan in any use of the material in this thesis. Copying or publication of 

any other use of this thesis for financial gain without approval by the University of 

Saskatchewan and the author's written consent is prohibited. 

Requests for permission to copy or to make any other use of the material in 

this thesis in whole or in part should be addressed to: 

Head of the Department of Electrical Engineering 

University of Saskatchewan 

Saskatoon, Saskatchewan 

Canada, S7N 5A9 



ACKNOWLEDGEMENTS 

The author would like to express his appreciation to Dr. H. Wood for his 

guidance throughout the course of this work. Appreciation is also extended to Gord 

Pierce, of the Saskatchewan Research Council, who provided supporting material and 

ideas to the project. Their advice and assistance in the preparation of this thesis is 

thankfully acknowledged. The cooperation of the Saskatchewan Abilities Council 

and International Road Dynamics (IRD) was invaluable. Both organizations provided 

information and support throughout the project. 

The author also thanks the committee for their useful suggestions. 

ii 



PREDICTING DEMAND-RESPONSIVE 

TRANSIT SCHEDULE VARIATIONS 

USING NEURAL NETWORKS 

ELECTRICAL ENGINEERING (96A453) 

Student: K.A. Young Supervisor: Professor H. Wood 

M. Sc. Thesis submitted to the College of Graduate Studies and Research 

December 1996 

ABSTRACT 

Scheduling and dispatching procedures in transit systems have been 

increasingly automated, resulting in higher efficiencies and reliability. However, 

automated systems often lack the flexibility to adapt to external changes. The 

problem becomes more acute with transit systems that provide demand responsive 

service. 

The project described in this thesis considered the use of an artificial neural 

network to assist in determining the impact of external factors on the demand service 

scheduling system operated by the Saskatchewan Abilities Council. The study 

focused on two primary external variables, the effect of weather, and the time and 

date. The neural network was designed to provide an indication of expected 

schedule deviation for the transit system. 
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The components of an acquisition system that would acquire and process 

data from a weather station and from either real time or stored bus data were 

determined. The acquisition system's main components were developed, consisting 

primarily of processing software that extracted and formatted weather and bus data 

for a neural network. An initial simulation showed that the neural network approach 

was viable. Additional simulations, using training data based on representative 

conditions, indicated that the neural network learned well and predicted schedule 

impacts on previously unseen data with a mean absolute error of less than 2%. 

The neural network approach has been shown to be very promising for the 

application of determining weather and time impacts on transit schedules. 
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1. Introduction 

1.1 Background and Objectives 

Scheduling vehicles in an urban setting for purposes of mass transit has been 

a challenging process. The process involves allocating resources, such as vehicles 

and drivers, setting up timing schedules and adapting to external factors such as 

changing traffic densities and weather changes. Many operators use manual 

scheduling methods that require experienced personnel in order to adapt to altering 

circumstances. 

The process is more complicated with transit systems that must incorporate 

demand scheduling, that is, allowing users to request pickups at specific times and 

locations. Providing transportation to special needs people is an example of this 

requirement. In addition to the problems faced with fixed route scheduling, systems 

incorporating demand features must allocate resources differently each day and, in 

some cases be prepared to handle a substantial fluctuation in resource usage. 

The Saskatchewan Abilities Council has provided transportation to special 

needs users on a fixed schedule and demand basis in Saskatoon for the past several 

years. The organization used a manually operated scheduling system until recently, 

but shortcomings became apparent with increasing fleet size and higher demand. 
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Conflicts in scheduling, allocating the proper number of buses and difficult 

transitions when changing schedulers were some of the problems encountered. 

A computerized scheduling and tracking system was developed by 

International Road Dynamics (IRD) for the Abilities Council for the purpose of 

automating the scheduling and tracking of the urban bus system. The system 

consists of a central communications station which communicates with receivers on 

each bus. The central station logs and assists the dispatcher in scheduling trips for 

the week. All requests from users, as well as regularly scheduled trips, are entered 

on the central dispatching station. The system ensures conflicts are flagged and 

provides continuity between operators. It provides estimates on resource 

requirements for each day. The computerized scheduling system is also used to 

monitor the location of each bus, its velocity, time of pickup and dropoffs, and 

number of riders, allowing the scheduler to maintain a real time picture of the 

system. The scheduler can quickly react to user requests for service by having an 

accurate idea of where the buses are located, their destinations and current usage. 

While the computerized system improved efficiencies and made scheduling 

easier, there were areas that required improvement. Taking into account vehicle 

location, rush hour traffic and influences of the weather were some of the issues 

recognized as areas that could be improved. There were several systems available 

that provided, in a black box format, the ability to add to the scheduler the capability 

to adjust for location and varying traffic densities. There are limitations with the 

packages, such as the customization required for the geographic location and the long 
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response time (up to several minutes to calculate an adjustment while a user was on 

the phone requesting service). Because the IRD system was designed to monitor 

and collect data from the buses, there was a desire to have the collected data used for 

analyzing and improving system performance. Most add on schedulers could not do 

that. As well, there was a requirement that other factors, such as weather conditions, 

be taken into account. 

Therefore, the requirement to investigate methods to improve the scheduling 

system arose. In particular, the proposed project would explore means to improve 

the scheduler's capabilities to adapt to changing factors. These factors would include 

location, time and date (as related to varying traffic densities), bus type and driver, 

unplanned interruptions such as construction, and weather related factors. It was 

intended that the investigation examine ways to use the previously collected data to 

aid in predicting the effects of these factors. 

The general guidelines or system requirements stated that a means be 

developed to access necessary data in a timely manner. Data acquired by the 

scheduling system was to be used and related information such as weather 

parameters were to be made available to the system. The proposed scheme would 

calculate the effect of the aforementioned factors within a minute or less and provide 

an output that would be usable by the scheduler software. An accuracy of 10 percent 

or less would be acceptable. 

As part of the overall investigation, it was proposed that a neural network 

solution be examined. Neural networks are based on a mathematical model that 
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provides pattern classification and prediction capabilities based on past patterns. 

Systems which have undefined or poorly defined relationships can be modeled, in 

many cases, by a neural network. The neural network approach, on the surface, 

provided a means to adapt to the complex relationships involved and to use the 

historical data that would become available. 

This thesis is a description of the work done in developing key system 

components to acquire and process information which would be processed by a 

neural network. The scope of the work was defined at the beginning, given the time, 

available data and effort required. The project was limited to evaluating test models 

because the quantity of collected data was not sufficient (the data acquisition 

component of the scheduling system was also under development during this project). 

The factors investigated were confined to time and date (as related to varying traffic 

densities) and weather related parameters. The weather related factors were 

considered important because little work had been done in this field and in certain 

geographic areas, weather has significant impact on transit systems. The time 

parameter was closely related to traffic flow densities that also contribute to 

deviations in a scheduling system. 

The specific objectives of the project were to, first, develop the key 

components of a system that would collect and preprocess meteorological and time 

related data to present to a neural network, and second, to test a neural network 

model with simulation data. 
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The data collection and processing system would form the basis for a future 

system that would provide the scheduler with information on how external factors 

will affect the schedule. Testing a neural network model would indicate the 

feasibility of this approach and point out the best means for applying it. 

1.2 Methodology 

The methodology followed in the project was to, first, carry out a literature 

review of related work in this area. This included acquiring literature on neural 

network applications to scheduling systems, effects of weather on transportation, and 

information on the instrumentation involved. Second, selecting a source for weather 

or meteorological information and determining the instrumentation required was 

done. A means for acquiring the meteorological data and incorporating it with the 

scheduling system data was developed. Finally, using data that would be 

representative of the information from the data acquisition system, a neural network 

model was tested and evaluated. The results of testing the model provided an 

indication of the feasibility of this approach. After investigating the feasibility of 

using a neural network, a second simulation study was carried out for the purpose of 

refining the simulation data and determining factors that could improve the network 

performance. 

The second chapter in this thesis is a summary of information derived from a 

literature search. Studies related to neural networks applied to transportation systems 
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were reviewed. Weather related effects on transportation were also examined as well 

as instrumentation used to measure common weather parameters. 

Selection of a weather instrumentation set and development of processing 

routines are described in the third chapter. This included investigating the types of 

instruments available for measuring weather parameters and selecting appropriate 

devices. Developing a method to transfer and process the data from the weather 

devices for use by the neural network was also done. 

The simulation studies, using data representative of weather and time, were 

described in the fourth chapter. A neural network was presented with simulation 

data and, with changes to the data and to the neural network program used, a model 

was developed that could be used for future incorporation with the scheduling 

system. 

1.3 Background on Neural Networks 

An Artificial Neural Network (ANN) is a parallel, distributed processing unit 

that consists of processing elements connected in a variety of topologies. ANN's 

have been used for pattern recognition, decision making, prediction and problem 

diagnosis. Their structure lends them to complex problems that cannot be easily 

modeled and may require adapting to changing conditions. 

The basic element in an ANN is the neuron, shown in Figure 1.1. The 

neuron is a mathematical element that consists of a summing junction, an activation 

function and an output[27]. The summing junction adds weighted inputs from other 

6 



neurons while the activation function generates an output dependent on the summed 

inputs. The output is connected to one or many other neurons but may also serve as 

the final network output, not connected to any other neuron. 

X1 wi 

X2 - w2 I-

liN WN 

F(x, w) 

Figure 1.1 Basic Structure of Neuron 

The topology of the network is important in defining its operation. A typical 

architecture for pattern recognition applications is the feedforward network. This 

network consists of an input layer, an output layer, and a number of hidden layers 

(not usually more than two or three). A simple neural network is shown in 

Figure 1.2. 

7 



X1 

Y1 

Y2 

X4 

Input Layer Hidden Layer Output Layer 

Figure 1.2 Simple Neural Network 

Many neural network topologies exist, each with its own characteristics. 

Feedforward networks can be classified by the activation function (linear or 

nonlinear) and by the learning method (supervised and unsupervised). Other 

networks are feedback or recurrent networks where the network inputs are tied in 

some manner to its outputs. Jordan and Elman networks are examples of recurrent 

topologies. 

The output of a neuron can be mathematically described as follows: 

Y = F ( 1Wi Xi) for15_i _N (1.1) 

where Y is the output, Wi is the weight of the i th input, Xi is the i th input value and F 

represents the activation function whose output is dependent on the weighted sum. 

The activation function is typically a nonlinear function. The sigmoidal function is 

often used as an activation function. The sigmoidal function can be expressed as: 
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F(x) = tanh (x) = (ex - e-x)/(ex + e-x) (1.2) 

An important attribute of a neural network is its capability to learn. It does 

this by altering the weights on the input nodes when the input changes. Several rules 

can be used to adjust the weights, but a common one is the backpropagation rule. In 

the backpropagation technique, a pattern is presented to the network and the resulting 

outputs are compared with the desired output. The output errors are squared and 

summed for each pattern in a set. The weights are adjusted using a gradient descent 

algorithm where the system attempts to minimize the error through small changes to 

the weights. Once a minimum has been found, the system is considered to have 

learned the pattern set. Some adjustments to the learning process are required to 

ensure the system does not settle in a local minimum or become incapable of 

finding a minimum. 

Other issues related to learning include the learning rate and momentum. The 

learning rate is the amount by which the weights are adjusted per step in response to 

a certain error. The larger the learning rate, the larger the weight changes per step 

and the faster learning will go. Oscillation, or the inability to converge to a 

minimum, may occur if the learning rate is too large. One method to allow faster 

learning without oscillation is to make the weight change a function of the previous 

weight change. The momentum factors determines the proportion of the last weight 

change that is added to the new weight change. 
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There are a variety of parameters used to measure the performance of a 

training network. The parameters used are dependent on the user and supplier of the 

network. 
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2. Literature Review 

A significant volume of literature about scheduling, traffic flow studies, 

Intelligent Vehicle Highways Systems (IVHS), and general transportation related 

work exists. Surveys or compilations of neural network applications to transportation 

provided a comprehensive review of work in this field. In a survey of neural 

network applications [1], the authors listed uses of neural networks in transportation 

related fields that ranged from vehicle recognition to pavement defect classification. 

The report also provided a means for sourcing relevant literature. Dougherty [2] 

compiled a list of research papers concerning the application of neural networks to 

transportation. In most applications, the multilayer, feedforward networks with 

backpropagation were the most commonly used network structures in transportation 

related projects. Faghri and Hua [3] describe applications of neural networks to 

specific transportation problems. In one specific investigation, several ANN models 

are reviewed along with learning methods. When applied to a trip forecasting 

problem, the authors found that the backpropagation technique was more efficient 

than other algorithms for learning. 

Traffic flow studies using conventional techniques were many. While this 

project was not concerned with analysis of traffic flows, information on how neural 

networks were applied was considered useful. Nakatsuji et al. [4] discussed 
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mathematical formulations that described the relationships in density, flow and speed. 

Using a neural network model, they improved regression precision in describing the 

nonlinear and discontinuous relationships among traffic flow variables. A related 

paper by Smith and Demetsky[5] discussed the use of an ANN in traffic flow 

prediction. Traditional prediction methods included prediction from historical data, 

time series models, and simulations. The historical models were not easily adapted 

to new settings while simulations were difficult to create and without significant 

computing power, were not fast enough for real time prediction. Time series models 

had also been used, with more success. The authors proposed to use an ANN model 

on data from a congested traffic area and compare it to other prediction methods. 

Instrumentation used included loop detector stations, a video camera, and an 

automated weather monitoring system. Weather data collected included temperature 

and wet/dry conditions. Predictive models were developed by creating a traffic and 

weather data base. A performance analysis was done for three prediction schemes 

including historical averaging, time series, and an ANN. The historical average and 

ANN performed the best with the ANN being better for peak period performance. In 

a more detailed study of peak period prediction, the ANN followed the actual trends 

relatively better than the other two methods. The authors recommended further work 

be done to apply the model to actual data. 

Dispatching, in a scheduling environment, must usually be done by 

experienced people who can use past knowledge of their work to optimize routes and 

schedules. Several studies have been conducted with the purpose of automating this 
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function. Kalaputapu and Demetsky [6] describe a study done to model time 

deviations in a scheduled bus route. They proposed to develop a schedule behaviour 

model, based on past system behaviour with the potential use as a prediction tool. 

They stated that no automated procedures were available to evaluate the effect of 

service control strategies. The modeling approach focused on specific routes 

because of the different physical, traffic and environmental characteristics of each 

route. The authors considered the problem to be a spatiotemporal one with 

sequencing of the schedule-deviation information. Thus they proposed the use of 

recurrent networks because information on the previous state was considered useful 

in the calculation of the current state. Besides using a feedforward, backpropagation 

network, the authors also evaluated two recurrent networks. The Jordan network, 

similar in layout to the feedforward type, returned the output to a state unit that was 

then connected to the hidden layer. This allowed the network's hidden units to see 

the previous network output, allowing behaviour to be shaped by previous responses. 

The Elman recursive network contained a set of additional units at the input level 

called context units. The context units contained previous state information of the 

hidden layer resulting in the same number of context units as hidden units. Both 

recurrent networks essentially contained some memory of the past information. 

The overall accuracy of the models fell between 70 and 80 percent. The 

lower accuracy was attributed to an inadequate training set, nonoptimal network 

training, and a short input time series. One month of time series data was used to 

train the network but the authors felt that at least six months was required. The 
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recurrent network's performance increased when storage for past time series values 

increased. The Jordan and Elman models showed no perceptible difference between 

them, but both did better than the feedforward network. 

The authors concluded that modeling schedule behaviour with ANN's was 

feasible. No definitive conclusions could be made on their comparative performance 

because little work existed using statistical or other traditional methods. 

In a related paper, the same authors [7] used historical data from an automatic 

vehicle location system with the objective of modeling and predicting schedule 

behaviour using a neural network. One observation made was that schedule 

deviations caused by abnormal circumstances are not easily predicted by the network. 

Their suggestion was that additional information on the cause of large delays would 

provide better results. 

Rodriquez and Fischer [8] developed an ANN model that provided on-line, 

real-time traffic control. Optimizing traffic flow through lighted intersections was a 

difficult problem due to changing daily traffic patterns. Techniques in use included 

manual calculations, off-line computer techniques (both of which do not provide real-

time adjustments) and on-line computer techniques, which at the time of writing, was 

incapable of providing control over a network of intersections because of the inherent 

time delays. The authors proposed an ANN model that would optimize traffic signal 

operation, by providing low vehicle delay time and high throughput, as a function of 

time of day and day of week. Other dependent variables included demand and 

behaviours at adjacent intersections. 
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Each intersection was modeled by an ANN in the standard feedforward 

network. Inputs included phase demands at the intersection, the time of day 

encoded in binary values, a stop clock (indicating the length of time a light was red) 

and current phase information at adjacent intersections. Learning was accomplished 

by using a feedforward network with backpropagation. 

The authors developed a program to simulate the behaviour of a 5 intersection 

network; the outputs were used to build up the training and test patterns for the 

network. A small set (20) of training patterns was used and the network converged 

after 35 passes. Using the model with 280 input patterns, the network predicted with 

a 65% level of accuracy, but with no demand the accuracy dropped to 20%. The 

authors concluded that the network did well only under conditions the network had 

previously seen. Novel conditions caused lower performance; this was considered to 

be caused by the low number of training patterns. Also, representing the time of day 

with binary values (zero or one) caused discontinuities and problems with learning. 

Adapting traffic flow patterns to seasonal variations (implied climatological 

factors) was the subject of an investigation carried out by Faghri and Hua [9]. The 

authors investigated the use of a neural network to adjust average annual daily traffic 

(AADT) according to seasonal variations. The authors conducted a study to 

determine the best method for calculating the seasonal effect on roadway traffic 

volumes. Cluster analysis is a method where each observation is placed in a cluster, 

and the closest observations are merged to form new clusters until a preset cluster 

number is reached. Regression analysis was the second model used to analyze the 
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relationship of seasonal variations in traffic volume. As a third pattern classifier, the 

authors used adaptive resonance theory (ART) type neural networks as an 

unsupervised learning method. The ART network was constructed to enter binary 

values, so continuous data was represented discretely, in matrix form. Seasonal data 

was extracted from existing stations and comparisons of the three methods were 

made. The average error for the first two methods was between 20 and 25%, while 

the ART model average error was about 5%. The authors concluded that the neural 

model exceeded the performance of conventional methods. 

While the above sources showed a neural network approach was a feasible 

method in many transportation related applications, information on studies of the 

impact of time of day and weather on traffic speed was required. As well, 

information on the relationship between weather and traffic was considered useful. 

This information was used later in this project to derive a model based on 

experimental data. 

Pursula and Elolande [10] gave an overview of a variety of weather 

conditions and their impact on traffic volumes and speeds. The paper was in 

Finnish, but the key headings, abstract and figure titles were translated to English. 

Traffic speed as a function of precipitation and traffic density showed the significant 

effect of precipitation. The effects of poor weather were more pronounced at higher 

traffic densities (i.e., rush hour). There was also a lesser difference between daytime 

and nighttime driving. Especially noticeable was the reduction in travel speeds due 

to wet snow. The phase change of water to snow seemed to significantly affect 
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travel speeds (20 to 30% from ideal conditions), thus temperature had to be 

considered to indicate the type of precipitation. Traffic density was an important 

factor in all cases; higher densities resulted in a lower average speed. In good 

weather conditions, the relationship was nearly linear, except at the extremes where 

speeds varied non linearly. 

A related paper by Maeki [11] described the effects of wet roads on travel. 

Little was reported on general climatological conditions and their effect on driving 

conditions. A precipitation event caused approximately a 10% reduction in vehicle 

speed. 

Many papers described investigations relating driving speeds and weather in 

accident prediction. Andrey and 011ey [12], discussed research on relationships 

between weather and road safety and the usefulness of weather service data in 

studying these relationships. The effect of precipitation on road travel was a 

predominant theme in their review of papers. Part of their work included a case 

study based on weather data from Edmonton. One objective was to determine if the 

weather conditions observed at a single station represented the weather conditions 

across the entire city. Results showed that in nearly 85% of the situations, the 

general weather condition observed at the scene was the same as that observed at the 

weather station. They concluded that it should be possible, in many instances, to use 

weather data from a single climate station to approximate the weather condition for a 

larger geographic area for the purposes of measuring the impacts of weather on road 

safety. 
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Satterthwaite [13] examined the relationships between weather and accidents 

on the road. The author, in a short review of previous work, stated that weather has 

a significant effect on driving conditions. Past work showed that the accident rate 

was sensitive to temperature, precipitation and barometric pressure, but seasonal 

variations were not as important. Falling barometric pressure was an indicator of an 

increase in traffic accidents. Peak accident totals occurred on wet days, especially on 

wet winter days and during times of high traffic flow. The smallest number of 

accidents occurred during cloudy, but dry weather. The author attributes this last 

observation to less "dazzle" from the sun, and possibly lower traffic flows. In his 

conclusions, the author indicated the great effect that wet weather had on accident 

totals. Once extreme days were removed, the variance was reduced significantly and 

picking out a seasonal pattern was easier. 

Doherty et al. [14] conducted a study that examined the adjustments made by 

drivers to varying weather conditions, especially to precipitation. The authors found 

that greater speed reductions were made during rainfall than during wet road 

conditions. They also found that speed reductions were more significant on 

highways than city streets. Traffic volumes decreased significantly during 

thunderstorm events, at an amount up to three times that of other rain events. 

Andrey and 011ey [12], in a study relating to safety on the roads, presented 

information on weather related effects on transportation. They indicated that there 

was little empirical information, among other things, on the impacts of different 

precipitation events and their intensities. They referred to earlier studies that show 
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that traffic volumes are marginally less in inclement weather and travel speeds are 

decreased. They stated that the information on weather related effects were not very 

extensive. 

Weather indices, as related to transportation, were used in a study conducted 

by Duffel [15]. In a paper describing the sensitivity of car travel to economic and 

weather factors, the author develops a weather score used to predict effects on traffic 

volumes. The score was a function of the mean temperature plus the average hours 

of sunshine per day. The choice of this measure was based on traffic turnover with 

respect to temperature, sunshine, and precipitation. The study found that extremes in 

weather produced significant changes in car travel. 

A similar approach was used in a related paper, by the same author [16], 

where traffic to recreational areas was monitored. The author derived a relationship 

among temperatures, sunshine, and rainfall, three climatological factors that seemed 

to have significant impact on traffic flows and speeds. Temperature, sunshine, and 

rainfall information were taken from a nearby weather station. The author derived 

simple relationships between each weather variable and an "indice of use", which 

described traffic use of parking areas. It was found, by regression analysis, that 

sunshine and temperature produced high correlation coefficients, while precipitation 

scored lower. Temperature was the most reliable variable in describing the level of 

demand. The author also noted the strong interdependence among parameters. 

Other literature described the use of neural networks in a variety of 

transportation related problems. Chin, Hwang and Pei [17] used a neural network to 
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synthesize flows in a traffic circle. They used a feed-forward network with the 

backpropagation algorithm as a learning technique. They found that insufficient data 

caused learning problems. Presenting the network with all possible scenarios, even if 

the data was simulated, aided the network's learning capability. 

20 



3. Instrumentation 

3.1 Introduction 

The first project objective was to develop the components of a system to find 

and process data for the neural network. The network output would then be used by 

the dispatching system to adjust the schedule. The proposed system block 

diagram is shown in Figure 3.1. 

Weather 
Instrumentation 

Bus 
Instrumentation 

Data 
Acquisition 

and 
Preprocessor 

Artificial 
Neural 

Network 

Scheduling 
System 

Figure 3.1: Neural Network Acquisition and Processing System Block Diagram 
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The neural network was presented information from two sources. The first 

source was a set of meteorological instruments that provided information on 

parameters such as temperature, precipitation, and sunshine. A second array of data, 

including bus position, velocity, time and date was derived from the existing transit 

scheduler and monitor operated by the Saskatchewan Abilities Council, known as the 

TransView system. The data from both sources underwent preprocessing before 

being presented to the neural network. 

The neural network acquisition and processing system was developed by, first, 

defining a source for the weather parameters. After a meteorological site was 

selected, the instrumentation was reviewed and devices selected that would provide 

the required information to the system. The process of selecting instruments 

included defining necessary parameters, reviewing specifications, and examining 

typical output data from the instruments. A means was then developed to collect the 

selected instrument data and make it available to the preprocessor. 

Bus information, including time and date, location, and vehicle speed, was 

available on the TransView system, and required only preprocessing. The 

preprocessed data were then presented to the neural network for prediction purposes. 

3.2 Meteorological Instrumentation 

Part of the process of developing a system for the project was to find a means 

of acquiring necessary weather data. The following sections describe the weather 

instrumentation site and the devices available. The instruments were grouped by 
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parameter and are briefly described, along with typical output data and signals. The 

appropriate instruments were then selected for the system. 

3.2.1 General Requirements and Site Selection 

The meteorological parameters were only generally specified. They were to 

include basic weather measurements such as temperatures, sunshine level, 

precipitation, humidity and pressure. The accuracies required were not beyond 

normal meteorological specifications. It was required that the measurements 

originate from a local site and that the data be readily accessible by the scheduling 

system. 

The above requirements were met by a site operated by the Saskatchewan 

Research Council in Saskatoon. The instrumentation was located on the north east 

corner of the city in a fenced prairie area. The location of the station is latitude 52 

09' N, longitude 106 36W with an elevation of 497 meters. The site, called the 

Climate Reference Station (CRS), is used to monitor and record weather related 

parameters for research projects. The station is within city limits and contained the 

necessary array of instruments. Access to the data was provided under specified 

conditions that met the project requirements. 

The station has several instrument types including radiation sensors, 

temperature sensors, precipitation gauges, wind speed devices, pressure, and humidity 

sensors. The instruments are connected to a central datalogger programmed to 
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measure and save information from the sensors. The recorded data can be accessed 

via a modem. 
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Figure 3.2 Climate Reference Station (Saskatoon) Instrument Layout 

Figure 3.2 shows a layout of the instruments and their relative location. The 

diagram is not to scale but serves to show the general instrument layout. 

The reference material by Wittrock [18] provided information on the local 

meteorological station, specifically instrument specifications, location and use. 
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3.2.2 Solar Radiation Instruments 

It was required that a measurement for sunlight be made for differentiating 

between night and day, and cloudy and sunny days. There was a preference for 

measurements to be taken in the visible wavelength region as it would be more 

representative of a person's response. 

There are many devices used to measure the incident and reflected radiation 

from the sun. The various sensors are each sensitive to a certain wavelength of solar 

radiation. The CRS instruments included a pyranometer, net radiometer, 

photosynthetic aperture radiation (PAR) sensor, sunshine recorder and pyrgeometer. 

The pyrgeometer is used to measure low infrared radiation, below the visible 

spectrum. The PAR sensor and sunshine recorder are not commonly used at other 

stations. Because having the system adapted for other sites would be useful, these 

instruments were not selected for this project. The net radiometer and pyranometer 

are the most common solar radiation instruments and are sensitive to the visible 

spectrum. 

Understanding the operating principles of the solar radiation instruments was 

useful in selecting the devices. Net total radiation is a measure of the incoming 

short-wave and long-wave radiation measured together (differentially) with the 

reflected radiation. The short-wave solar radiation consists of the direct component 

of sunlight and the diffuse component of skylight. When measured together, this 

integral is referred to as the global radiation. There is also a reflected component of 

short-wave radiation. The wavelength of these components is from 0.3 to 5 rim. 
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Long-wave radiation originates from the incoming atmospheric component (i.e., 

downward emission by the gases of the atmosphere). The reflected long-wave 

component also exists. The wavelength of the long-wave components is typically 3-

100 gm. 

Shortwave radiation is measured with the pyranometer, specifically, the 

precision spectral pyranometer (PSP). This instrument is described in reference [19]. 

Long-wave radiation is measured with long-wave radiometers or, pyrgeometers, as 

mentioned previously. 

Two types of pyranometers were available. The first, called an albedometer, 

is a unit consisting of two PSP units mounted back to back in a custom aluminum 

case with a stainless steel support. The upper pyranorneter provided a reading of the 

direct sunlight component, while the lower sensor provided a reflected short-wave 

component. The other pyranometer incorporated a shading arrangement to screen off 

the sun, providing the diffuse sky component. For the project, the measurements 

from the upper pyranometer on the albedometer were used as they provided the best 

delineation between night and day, and cloudy and sunny days. A representation of 

the albedometer is shown in Figure 3.3. 

The albedometer outputs a voltage proportional to the power per unit area. 

Typical sensitivity would be 10 microvolts per W/m2 of radiation, while typical daily 

sunshine would result in 700 W/m2 reading. The device is accurate to within 1 

percent over the specified temperature range. 
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Figure 3.3: Sketch of Albedometer Instrument 

Figure 3.4 is a plot of solar radiation down (which is the energy detected by 

the top pyranometer) on the albedometer. Nighttime values are near zero W/m2

while daytime values can range from 100 to 1000 W/m2, depending on the time of 

year and sky conditions. 

A related parameter, net radiation, is the incoming total hemispherical 

radiation minus the outgoing total hemispherical radiation. Net radiation is the 

energy retained by the earth's surface for heating soil and air and for water 

evaporation. 

A net radiometer [20], manufactured by Radiation and Energy Balance 

Systems (REBS) measures only net radiation and is sensitive to wavelengths from 

0.25 to 60 urn. The net radiometer contains a thermopile with nominal resistance, 

and outputs a millivolt signal proportional to the net radiation level. The thermopile 
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Figure 3.4 Solar Down Radiation Vs. Time (Measured on upper Pyranometer) 

is housed in a glass reinforced plastic frame with a built-in level. Polyethylene is 

used to shield the surface as it is transparent to the long and short-wave energy. 

Figure 3.5 shows a sketch of the net radiometer. The net radiometer outputs a 

voltage proportional to the incoming power. Typical sensitivity values are near 10 

mV per W/m2 of solar radiation. 

Net radiation measurements exhibit a similar pattern to the pyranometer but 

show a small negative reading at nights. The instrument outputs the net value of 

incoming and outgoing energy resulting in a high positive value during the day 

(typically 100 to 700 W/m2) and a low negative value at night (0 to 50 W/m2). The 
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nighttime values are a result of the earth emitting energy to the atmosphere. Figure 

3.6 shows a plot of a typical net radiometer output. 

Output = (Incident - Reflected) Energy 
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Figure 3.5: Sketch of Net Radiometer 
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Figure 3.6 Solar Radiation vs. Time for Net Radiometer 
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In both cases, the instruments are measured on a differential voltage channel, 

multiplied with the calibration constant and stored as a power reading. The proposed 

system would use the albedometer with the net radiometer being used for backup as 

these instruments respond in the visible region and are commonly used at other 

weather sites. 

3.2.3 Precipitation Instrumentation 

Instrumentation required for precipitation had to be capable of measuring both 

rain and snowfall. Detecting trace levels of precipitation was also useful because 

small precipitation amounts could have significant impact on travel times. 

Precipitation is measured at the CRS with three instruments: the Belfort 

Weighing Gauge, the Tipping Bucket, and the Snow Depth Gauge. Only the Belfort 

Gauge can be used year round. The Tipping Bucket gauge is used to measure 

rainfall and the Snow Depth Gauge measures depth of fallen snow. All the devices 

can be used to provide information on total precipitation volume and rate. Using 

more than one device provides overlapping measurements, which is useful in cases of 

instrument failure. 

The Belfort Instrument Company's Rainfall Transmitters [21] provide year 

round measurement of precipitation and are commonly used in meteorological sites. 

The device consists of three major components: the collector, weighing mechanism 

with potentiometer, and the case. Figure 3.7 shows a sketch of the Belfort Gauge in 

field use (with the case). 
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Figure 3.7: Belfort Weighing Gauge 

Precipitation is directed into the collector, which is typically a galvanized 

bucket with a 12-liter volume. The collector is situated on a weighing mechanism 

that consists of a spring scale and platform. The weight of the collected precipitation 

is transferred through a lever and gear mechanism to a low torque potentiometer. 

Newer models use an encoder in place of the potentiometer. The entire mechanism 

is enclosed in a cylindrical case provided with a sliding door. The accuracy of the 

Belfort Gauges is 0.5% Full Scale. Precipitation is measured as a weight that can be 

translated to height of precipitation by using a simple conversion formula that relates 
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weight to inches of rainfall. Figure 3.8 is a diagram of the inner weighing 

mechanism and collector. 

Galvanized 
Precipitation 
Collector 

Spring 
Pinion Gear 

-4-- Potentiometer/Encoder 

-4-- Base w/ Leveling 

Figure 3.8: Belfort Weighing Gauge Weighing Mechanism 

The Belfort Weighing gauge, while capable of providing a precipitation rate, 

is best suited for long term (over days) precipitation trends. Figure 3.9 shows the 

precipitation over a period of days for a typical Belfort. Small variations in the 

readings can occur due to system inaccuracies and external factors such as wind or 

evaporation. However, significant rainfall events, defined as more than 1 mm/hr, are 

easily detected. Trace precipitation is more difficult to detect with the Belfort. 
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Figure 3.9 Accumulated Precipitation for Belfort (mm) vs. Time 

The Tipping Bucket Raingauge is used to measure rainfall, typically in the 

months from April to late October at the latitude of Saskatoon. During the summer, 

the tipping bucket gauge provides the best indication of precipitation rate as the 

resolution is 0.1 mm compared with the 1 mm resolution of the Belfort. 

The tipping bucket, shown in Figure 3.10, measures rainfall in 0.1 mm 

increments. The gauge funnels rain into a bucket mechanism that tips when filled to 

a preset level. The bucket will tip and, a magnet attached to the tipping mechanism 

yill activate a reed switch. The momentary switch closure is recorded by a pulse 

counter. The collected water is funneled out of the bottom of the gauge after each 
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Figure 3.10: Tipping Bucket Rain Gauge 

bucket tip. Figure 3.11 is a diagram of the tipping mechanism and electrical 

connections. 
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Figure 3.11: Tipping Bucket Mechanism 
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The tipping bucket device [22] best provides precipitation rate information, 

but it can only be used for rainfall. Figure 3.12 shows a plot of rainfall over a 

period of time for the tipping bucket device. 

The tipping bucket provides a series of switch closures that must be detected 

on a digital counter channel of a datalogger or measuring device. The closures are 

low frequency, less than 5 Hz. 
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Figure 3.12 Accumulated Rainfall for Tipping Bucket (mm) vs. Time 

Winter measurements of snowfall are taken with the Belfort and snow depth 

sensor. Specifically, the CRS has a Campbell Scientific UDG01 depth sensor, used 

for measuring depth of snow above the ground. The snow depth sensor works on the 

principle of timing a reflected ultrasonic signal from a surface. The primary 

components of the sensor are an ultrasonic transducer and a ranging module. During 

operation, a short burst of ultrasonic energy is transmitted from the transducer to the 

ground. The sensor measures the time until the return echo is detected and then 

calculates the distance based on the travel time of the signal. Since the speed of 

sound is highly dependent on the temperature, the device incorporates a thermistor, 

allowing compensation for temperature during calculation of distance. 
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A sketch of the snow depth sensor is shown in Figure 3.13. The sensor is 

mounted at least 0.6 m from the ground. The sensor has an accuracy of +\- 6 mm 

and has a resolution of 0.5 mm. 

2 m or  
greater 

UDG01 Depth 
Sensor 

Measured Depth 

(Typical mounting 
height is 2 m) 

Figure 3.13: UDG01 Snow Depth Sensor 

Measurements are obtained from the depth sensor in a serial digital format. 

Connections include a device select line, a clock line and a data input/output line. 

The protocol for data transmission consists of the calling device sending a "start 
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read" instruction, and the sensor sending back a 32 bit word on the synchronous 

clock line. The word represents the depth in millimetres. 

The snow depth gauge is similar to the Belfort, in that it is best suited for 

long term readings. The data is noisier than the Belfort readings because of erratic 

readings from the top layer of snow. Snowfall events of less than 5 min/1r are 

difficult to separate, in a short term of hours, from noise. Figure 3.14 is a plot of a 

typical snow depth output (during a melting period). 
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Figure 3.14 Snow Height from Ground for Snow Depth Sensor (mm) vs. Time 
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The Belfort gauge and tipping bucket device were selected as the main 

sources for precipitation data. The tipping bucket provides the best resolution (for 

trace rainfall) but is only available for part of the year. The Belfort gauge provides 

year round data but does not give a good indication of trace precipitation. These 

devices are commonly used at many measuring stations. The snow depth sensor 

could be used at sites where it is available to provide additional information on 

snowfall. 

3.2.4 Temperature 

Temperature is measured at the CRS in the soil and the air at specified depths 

and heights from the ground surface to allow measurement of the temperature 

gradient in both media. Sensing devices include RTDs (platinum resistance 

thermometers) and thermistors. 

Air temperature at the 2-meter level, being representative of typical surface 

temperature, was chosen to represent the temperature for this project. The device 

used was the 107F thermistor. The thermistor is enclosed in a Gill Shield that is a 

series of stacked plates. The Gill Shield, shown in Figure 3.15, provides an 

environment for the thermistor that is closer to true ambient temperature. The 

spacing of the plates provides a means for air movement to equalize the plate 

temperature to ambient. 
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Typical accuracy for the thermistor is 0.2 degrees C. The logging device 

must compensate for the non-linear relationship between resistance and temperature 

for the thermistor. Lead length must also be taken into account. 

.0-- Gill Shield 

Mounting 
Pole 

Clamp 

Thermistor 
Mounted in 
Center 

Figure 3.15: Gill Shield Enclosure for 107F Thermistor 

Temperature measurements are shown in Figure 3.16. Daily variations 

typically are a few degrees and seasonal variations can be several tens of degrees. 
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Figure 3.16 Temperature Output (degrees C) vs. Time 

As previously mentioned, the literature states that temperature is an important 

weather factor. Variations are significant over a day, and even more so, over a year. 

The temperature can be used to determine the phase change of precipitation that, near 

the freezing point, can significantly affect vehicle travel. 

3.2.5 Pressure and Humidity 

Atmospheric pressure is the force per unit area exerted on a surface by 

the weight of the atmosphere above. The station pressure is equal to the weight of 

the vertical column of air above the station site, on a unit area. Sea level pressure is 
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measured at sea level elevation; stations not at sea level must calculate it by adding 

the station pressure to an equivalent weight of air from station elevation to sea level. 

Mercury or aneroid barometers are used to measure air pressure; both are 

recorded and calibrated manually. Automatic stations use pressure transducers that 

provide an electrical signal proportional to the pressure. 

The CRS site measures pressure using an SBP270 barometric pressure sensor. 

The device is enclosed in a fiberglass enclosure and is typically mounted at a 2-m 

height. The sensor output is 0 - 250 mV, linearly related to 800 to 1100 mbars of 

pressure. 

Pressure measurements are usually corrected to sea level. Because 

barometric pressure is affected by elevation, the site elevation must be accurately 

determined. The correction is given by: 

P = 1013.25 [ 1 - ( 1 - Elevation/44307.69)5-25 (3.1) 

where P is the pressure in millibars and Elevation is the altitude measured in meters 

above sea level. This calculation is usually done in the datalogger. 

Pressure, in kilopascals (kPa), is plotted in Figure 3.17. The range of 

pressure measurements is small, typically ranging from 94 to 102 kPa. Variations in 

pressure of only a few kPa can result from significant weather changes, so 

postprocessing must allow for this. 
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Figure 3.17 Pressure Output (kPa) vs. Time 

Humidity is a measure of the water vapour content of the air. It can be 

expressed in terms of dew point temperature and relative humidity. Dew point is the 

temperature at which the air would become saturated if cooled (at constant pressure) 

with no moisture added or subtracted during the process. Relative Humidity (RH) is 

the ratio of the amount of water vapour in the air to the saturated amount of water at 

that temperature. 

The relative humidity (RH) is measured using a combined RH and 

temperature device mounted in a Gill Shield enclosure. The RH sensor is a Vaisala 

capacity relative humidity device. A thermistor, similar to the device used in the 
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107F temperature probe, is incorporated into the enclosure. Temperature 

measurements can be used with the RH readings for compensation and calculation of 

related parameters. 

The humidity is expressed in % RH. Humidity variations can be quite large 

over several hours as Figure 3.18 shows. 

The pressure and RH measurements may not be as important as the previous 

parameters described. Most of the studies reviewed for this project used sunshine 

level, temperature and precipitation as the primary weather variables. A small 

number of papers referred to pressure and relative humidity. For comprehensive 

purposes, these two values were made available, though the option of discarding 

these variables was also provided. 
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Figure 3.18 Relative Humidity (% RH) vs. Time 
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3.2.6 Datalogger 

A critical part of the data acquisition and reporting process was the 

datalogger, which is used to read the sensors, store the data, and provide preliminary 

data manipulation. The CRS site uses a CR21X datalogger, manufactured by 

Campbell Scientific. This datalogger is designed for climatological data acquisition 

and incorporates many data handling routines for weather related instrumentation. 

The datalogger is a battery operated device (12 VDC), in a case measuring 

20 cm by 15 cm by 8 cm. A numeric keypad and 12 digit numeric display provide 

an interface to the user. The front panel contains screw terminal connections for 

sensor inputs. 

The datalogger contains four excitation outputs (-12 to +12 V) for use with 

bridges, and eight differential analog input ports (or 16 single ended). The 

datalogger has a 14 bit resolution with a voltage input range of -5 to +5 VDC. A set 

of pulse inputs allows the user to measure contact closures and high frequency pulse 

signals. Digital and analog outputs are available and can be used for control 

purposes. 

Data is stored in random access memory (RAM) in a ring buffer 

configuration. Memory size is limited to 20K storage locations. As an example, 

reading an instrument every five seconds and averaging the readings every 15 

minutes (typical of this type of program) would require 96 readings per day per 

instrument. With 10 instruments, this would result in 20 days of logging before the 

data is written over. 
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Programming the datalogger is done by using supplied software. General 

instructions are included, for measuring differential input voltages and other inputs. 

There are also instructions that pertain to specific instruments. For example, the 

107F temperature probe is commonly used in climatological monitoring, so an 

instruction is included in the set for this probe. 

Data must be transferred periodically since the system has limited storage 

capabilities. The datalogger contains a serial port that allows transmission of data in 

an RS-232C format. The CRS site has a modem connected to the serial port 

allowing a host at another site to call the datalogger and download the stored 

information. The manufacturer supplies a simple calling program to access the data 

serially, and the protocol for data transfer, if the user wishes to develop the calling 

program. 

The data is stored in an ASCII format as a series of data lines; each line 

terminated with a CR/LF. An example of the ASCII output format is shown below. 

AA BB DDD TTTT SS MMMM MMMM MMMM MMMM CRLF 

where, 

AA is the data point ID (set by datalogger), 

BB is the output array ID (set by datalogger), 

DDD is the day of year on the Julian calender (day of year ranges from 1 to 365), 

TTTT is the time in hours and minutes, 
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SS is the seconds reading, 

MMMM is a typical data reading, and 

CRLF is the carriage return/line feed delimiter for the line. 

3.3 Bus Instrumentation 

The second major component of the neural network acquisition and 

processing system was the bus instrumentation. The instrumentation used with the 

Saskatchewan Abilities Council vehicles was part of the TransView system that is an 

integrated hardware and software scheduling and dispatching system. The 

TransView system contains Global Positioning System (GPS) receivers, radio 

frequency data communications, monitoring units in each vehicle and a computerized 

scheduling system. Figure 3.19 shows the system block diagram. 
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Figure 3.19: TransView System Block Diagram 

The information available on the TransView system was limited because 

proprietary issues were involved as the system was under development during this 

project. The following sections provide a brief overview of the system and its 

capabilities. 

3.3.1 Base Computer System 

The base computer system consisted of a number of computers connected in a 

peer network. Part of the system was dedicated to administrative duties (e.g., storing 

logged data) and part to dispatching. The dispatching terminals were used by 
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operators to schedule rides for callers by providing the operator with bus locations, 

free time slots and vehicle capacity. 

The base computer used Microsoft Windows NT as its operating system. The 

operating system provided real-time networking and multiprocessing for the 

TransView application. 

The base computer used the "caller id" feature from the local telephone 

company to provide the dispatcher with the number and name of incoming callers. 

This information was kept in a log for future reference. 

Each dispatch computer was connected to a radio modem connected to a base 

radio. The base radio provided a data channel to each bus. Data was sent in 256 

byte packets with cyclic redundancy checking (CRC). The existing radio system 

used a simplex radio technique that meant only one data channel was available to the 

sender and receiver. Data was coded as frequency shift keying and sent over an 

audio channel at rates of between 1200 and 2400 baud. 

The base computer established communications with each bus periodically. 

The time between communications depended on the number of buses used in the 

system but in the application with the Saskatchewan Abilities Council, the time 

between calls was less than two minutes for each bus. 

Data acquired from each bus was stored on disk for immediate use by the 

system or for future reference. The information acquired included time and date of 

the call, bus number, position and speed. No additional information was required for 

the neural network acquisition system. 
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The neural network was to be incorporated on one base computer and 

eventually made part of the TransView system. For this reason, the only information 

not readily available was the weather data. As previously described, the base 

computer could access the weather data using a modem. 

3.3.2 Mobile Instruments 

Each bus was equipped with a microprocessor based Mobile Data Terminal 

(MDT), designed and built by IRD. The MDT is a small (20 cm by 18 cm by 8 cm) 

device mounted near the steering column of each bus. It was oriented so that the 

driver can read and reach the front panel while operating the bus. Figure 3.20 shows 

the front panel view of the MDT. 

The MDT contained the driver's display, keypad, GPS receiver, radio modem 

and power supply. It provided drivers with information on where to pickup or drop 

off passengers by displaying names and addresses on the front panel display. This 

information was transmitted to the MDT from the base computer. 

An important feature of the MDT was the global positioning system (GPS) 

receiver. The GPS receiver provides continuous, all weather, three dimensional 

positioning, velocity, and time parameters in a common navigational grid. The 

receiver picks up signals from an array of satellites positioned around the world at an 

altitude of about 20,000 km. Signals are transmitted from the satellites at two 

frequencies, one at 1.5 GHz, the second at 1.2 GHz. Nonmilitary GPS receivers 

have access to the 1.5 GHz frequency that provides a coarse and precise measure of 
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location. Coarse measurements can provide nearly 50 meters accuracy, though the 

accuracies have been improving with more advanced signal processing techniques. 
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Figure 3.20: Mobile Data Terminal (MDT) Front Panel 

3.4 Data Preprocessing 

The two primary input elements of the neural network acquisition and 

processing system have been described in previous sections. Both elements provide 

information to the data preprocessing subsystem as shown in Figure 3.1. 

The preprocessing unit is further detailed in Figure 3.21. The weather data 

was acquired by the base computer and submitted to a limit checker and extraction 

program. The bus data, available from the base computer, was extracted and 
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submitted, along with the weather data, to the neural network. The neural network 

was to be situated on the base computer as part of the TransView system. 

Weather 
Station 

(w/Datalogger) 

BUS 
(w/MDT) 

TELCOM 
(Acquire Data) 

Base 
Computer 

(w/RF modem) 

LIMIT 
(check limits) 

IRD 100 
(get data and 

extract) 

EXTRACT 
(get selected 

data) 
_ 4. 

ANN 

Figure 3.21 Preprocessing Unit Block Diagram 

To 
Scheduler 

---).. 

The programs for the preprocessor were written using Borland C/C++, V3.1, 

for DOS. The platform was a 486-based PC using DOS 6.1 and Windows 3.1 as 

operating systems. 
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3.4.1 Weather Data Preprocessing 

The system was required to access climate information from archived files or 

available on a real time basis. Archived data would be used for training purposes 

where the network would be trained on past situations. Archived data was available 

on diskette; real time data had to be acquired directly from the data logger. In both 

cases the data format was the same. 

The first step was to develop a means to access the information from the 

datalogger. The program, "Telcom.exe," was a DOS based program supplied by the 

datalogger manufacturer. It established a communication link with the datalogger, 

over a standard modem, and acquired stored data for a specified period going back 

from the current time. The data were stored on the system drive in an ASCII text 

format. The data could be acquired anytime and repeatedly, if necessary, as the 

datalogger retained the data collected after an access. 

Once the data was collected, a program was run that would do basic limit 

checking on the data. This step was necessary as instrument failures would 

occasionally result in out-of-range values. The precipitation gauges especially, 

having mechanical movements, were susceptible to malfunction. The program, 

"Limit.exe," was developed for limit checking and indicating whether the data file 

existed. In rare cases where a telephone line was down, "Limit.exe" would detect 

the lack of a data file and would indicate this to the succeeding program. If data 

were available, the program scanned each data column, and depending on the 
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parameter, would flag out-of-range conditions. These conditions occurred 

occasionally due to data spikes, power loss, or other factors. 

TELCOM.EXE 

Initiate 
Request 

I 
TELCOM CRS 

Station 
I

Run LIMIT 
on Data 

I 
Run Extract 

on Data 
1 

End Request 

• Set up call on modem 
• Establish link 
• Acquire data for "N" 15-minute 

periods 
• Disconnect 

LIMIT.EXE 

• Determine if data file exists 
• Scan data for abnormal values 

and flag 

EXTRACT.EXE, 

• Extract temperature, albedo-
meter, precipitation, etc. values 
for current hour 

• Save in text file 

Figure 3.22 Block Diagram for Weather Programs 

The last program, "Extract.exe" was used to extract current meteorological 

conditions from the data file. Each file line represented a 15 minute reading. 

Radiation measurements were summed over 15 minutes while other parameters such 

as temperature, humidity, and pressure were read on the 15 minute mark only. The 

last line in the file was the most current reading and this line was extracted for 
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current weather data. Data from other devices not required were left out of the final 

output file. A block diagram for the weather programs is shown in Figure 3.22. 

3.4.2 TransView Data Preprocessing 

The data from the buses were stored on the base computer as a text file, so 

no acquisition development was required. The preprocessing for the bus information 

consisted of extracting the necessary data and storing it in an output file for the 

neural network. 

Data from each bus was saved in a daily log file. Each line in the log file 

contained information on each bus called and the time of the communication 

(typically every minute). A header in each line described the type of information 

saved. The model required information from headers beginning with "MESSAGE 

RECEIVED." A line contained a series of values and when parsed into fields 

provided information on location, time and velocity. A sample line was formatted as 

follows: 

:G1163167218339215500102175741 

where 11 was the bus number, 631672 the longitude, 183392 the latitude, 155 the 

bearing, 001 the velocity, 02 the quality of the GPS transmission, 17 the hour, 57 the 

minute and 41 the seconds. 

The program, "IRD100.exe," was developed to search the files (which could 

be over a megabyte in size) and extract parameters from appropriate lines. The 

layout of the program is shown in Figure 3.23. 
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The parameters were extracted and output to an ASCII text file that could 

then be merged with the weather data output file. Appendix 1 contains a sample 

input file processed by the program "IRD100" and the resulting output. 

Select File 

Search for 
Message String 

Extract 
Parameters 

Process 
Parameters 

Output 
Parameters 

Figure 3.23: IRD100 Extraction Program Block Diagram 

3.5 Neural Network 

The final element of the neural network acquisition and processing system 

was the neural network itself. Data from the weather station and the TransView 

system were made available to the neural network by the previously described 

blocks. 

Because several neural network programs were available, it was decided that 

a commercial version be used. As part of the testing process described in the next 

chapter, two neural network programs were used. These programs are described in 
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the next chapter. The neural network programs did a certain amount of 

preprocessing and could be customized to accept the formats supplied by the 

preprocessing programs. In particular, data normalizing was done by the neural 

network package. 

Completing the link between the neural network and the scheduler was left 

for future work. The TransView system was under development during this project 

and there were insufficient data from the scheduling system available for use. As 

well, the requirements used to link the neural network output to the scheduler was 

not finalized during the project. 

3.6 Discussion 

The objective of the work described in this chapter was to develop the main 

components of an acquisition and processing system that would prepare weather and 

bus data for the neural network. The weather instrumentation was selected, by 

reviewing the various instruments available and matching them to the required 

parameters. For simulation purposes, the data format, including typical values and 

range, for each instrument was documented. The data represented in the graphs 

contained in this chapter were used to develop simulation tables used in the next 

chapter. 

Processing programs were developed to extract and prepare data for the neural 

network. The programs consisted of limit checking and parameter extraction for the 
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weather data. The bus data was available on the base computer so only an extraction 

program was required for this data. 

The following chapter describes the simulation carried out with the neural 

network. In a final operating system, the processed data derived from the subsystem 

described in this chapter would be submitted to the neural network for processing. 

At present, the programs were used to extract data for simulation purposes only. 
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4. Simulations and Results 

4.1 Introduction 

The last chapter described the system developed to acquire the data for the 

neural network. The data came from two main sources, a weather station and the 

bus monitoring subsystem. With this system in place, data could be supplied to the 

neural network for testing and operation. 

As mentioned previously, the TransView system was not at a development 

stage where actual bus data was being collected in sufficient amounts for analysis. It 

was considered useful to conduct a simulation on the neural network with test data. 

The results would provide an indication of the feasibility of using a neural network 

in this application. The work would also show weaknesses and strengths in the 

approach or the set of data used. 

The simulation was carried out in steps. The first test, using a DOS based 

neural network package, operated with test data derived heuristically. The first test 

provided guidelines for running additional simulations and helped determine the 

feasibility of the approach. The subsequent tests, using a Windows based neural 

network, were used with better defined test data. These tests were used to refine the 

network and the input data presented to the network. 
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4.2 Simulation Scope 

The scope of the simulation was defined by determining the number of 

variables to be examined. Kalaputapu and Demetsky [12], in work with a fixed 

route system, limited the study to specific routes. They found that with variable 

routes, the problem became too complex. For the project described in this thesis, the 

variables were constrained to weather, time of day, and date (which indirectly 

indicates traffic flow density). It was assumed that traffic flows were repeatable and 

abnormal conditions such as construction delays were not present. 

The inputs to the preliminary neural network model were temperature, 

sunshine, precipitation, humidity, pressure, time of day, time of week and time of 

year. The data were presented to the neural network in tabular form. 

The form of the output of the neural network had to be defined. In its final 

configuration, the network had to describe the effect on the transit system of changes 

in the input parameters. One proposed measure was the average speed of the transit 

system's vehicles. A low average speed resulted in fewer pickups and a greater need 

for resources. A high average speed meant more customers could be serviced with a 

fixed amount of resources. A modified measure of average speed was proposed that 

would be more relative and flexible for future work. This measure was called 

"impact." The impact was defined as an amount by which the average transit time 

would be affected by certain input variables. A high impact value would indicate a 

significant increase in transit time, while a value near zero would indicate overall 

transit times to be near average. The definition of impact allowed negative impact 
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values to mean decreased transit times, although this situation was not usually 

observed. A similar approach was followed by Duffel [5] and [6], in two studies 

where a score was used as a relative indicator of weather. Kalaputapu and Demetsky 

[12] used the factor, "schedule deviation," to define a factor to represent changes in a 

fixed schedule. Schedule deviation was defined as a function of traffic and 

environmental variables. 

The impact value could be calibrated with actual system data when these 

became available. Using the impact parameter also allowed some latitude in relating 

the input to the output values. 

4.3 Feasibility Simulation 

An initial simulation was done for the purpose of determining whether the 

proposed neural network approach was viable. A set of variables was chosen that 

included several possible time and climatological parameters. These variables were 

put in a spreadsheet, with each row representing a vector and containing values for 

all the variables. The values for each variable were changed independently resulting 

in a set of 152 vectors. The vectors were then submitted to a program that 

calculated the output using a series of predefined nonlinear relationships between the 

input variable and the output. 
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4.3.1 Selection of Training Variables and Training Set 

Two types of variables were used as inputs to the neural network. The first 

was time related and the second, weather related. 

The neural network output was defined as "impact" on transit time. Impact 

values ranged from -100 to +300. Values near zero indicated there was little impact 

on transit time, that is, average speed could be assumed. Large positive values, 

(100 and above) suggested that transit time would increase (average speeds will 

decrease), while negative impact values would result in shorter transit times or higher 

than average speeds. Large impact values would occur in situations where weather 

or high traffic flows impede the traffic flow. Negative or low impact values would 

occur in ideal driving conditions with little or no traffic volumes. 

Another output variable, called "Validity" or "Not Impact" was added to 

verify whether the neural network was properly learning. It was the opposite polarity 

of "Impact." After training, the network was to produce the opposite numbers for the 

two outputs. If it did not, the network was assumed not to be learning. 

Variables were grouped into time/date and climatological sections. The 

time/date group contained time of day and day of week. Seasonal variations were 

represented by "Winter," "Summer" and "Spring/Fall." The spring and fall 

conditions were thought to represent similar driving conditions. Special yearly 

parameters such as "University," "School" and "Holiday" were added to provide the 

ability to take into account changing travel times due to special conditions. 
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Meteorological parameters used were temperature, sunshine, precipitation, 

relative humidity, and barometric pressure. The relative importance of each variable 

was not known, but more weight was given to temperature and precipitation. Factors 

such as RH and barometric pressure were assumed to have the least effect. While 

there was probably overlap in some variables, the extra information was not 

considered detrimental to the network. 

Table 4.1 describes the variables used, the ranges and comments on how the 

values were assigned. 

Table 4.1: Input Variables for the Transd20 Model 

Variable Units Range Comments 

TDay Hours 0 - 2300 Time of Day in hours 

WDay Day 0 - 6 Day of Week (0 = Sunday, 1 = Mon. etc.) 

Winter 0/1 If winter, input = 1, else input = 0 

Sum/Fall 0/1 Same as above for Summer and Fall 

Spring - 0/1 Same as above for Spring 

Univ - 0/1 University in session (1) or not (0) 

School 0/1 School in session (1) or not (0) 

Hol 0/1 Holiday (1) or no holiday (0) 

Sun W/m2 0 - 1.0 Scaled value of sun level 

Prec mm/hr 0 - 40 Precipitation Rate in mm/hr 

Temp degrees C -40 to 40 Temperature 

Pres kPa 990 - 1000 Barometric Pressure 

Hum %RH 30 - 100 Humidity 
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A training set was created by varying time, seasonal, and meteorological 

variables independently. The time of day was varied by one hour while other 

parameters, such as sunshine and temperature, were kept constant. Varying time of 

day or year resulted in changes in sunshine and temperature. The day of the week 

was then varied while keeping the other parameters constant. Seasonal changes were 

represented by varying the winter and summer/fall columns. The remaining variables 

were varied with related parameters until all values showed some variation across the 

training set. A listing of the inputs is shown in Appendix 2. 

The impact for each line (or pattern) in the training set was calculated by 

using non linear relationships between each variable and the impact and then 

summing the separate impacts. For example, the time of day was grouped into zones 

that represented specific traffic flows; rush hour effects were higher than non rush 

hour impacts. If the time was during rush hour, a positive impact resulted. 

The training set was created as an ASCII text file in a spreadsheet format. 

Each column represented an input variable; the last two columns, "Impact" and 

"Validity," represented the outputs and were blank. By varying the inputs 

independently, 151 training patterns were created. The text file was then processed 

by a program, "Tran100," which calculated the impact (and validity value) for each 

training vector. The program created an output text file, similar in format to the 

input text file, but with the impact and, validity columns filled out. The equations 

used to relate the inputs to the impact are contained in the module "conv.cpp" which 
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is part of the "Tran100" program. As an example, the function relating time of day 

to the impact was defined as: 

I = -25 for Td < 700 and Td > 2100, (4.1a) 

I = 30 for 700 5_ Td 900, 1600 Td 5_ 1800, (4.1b) 

I = 10 for all other cases, (4.1c) 

where I is the impact and Td is the time of day in hours. Other functions followed a 

similar stepwise format. 

4.3.2 Neural Network Software 

The neural network program used for this model was supplied by California 

Scientific and ran on a DOS platform. The software allowed the user to setup a 

feedforward network with multiple layers. Each line in the training set was called a 

vector. The network was set to train until the tolerance of all training vectors fell 

below a preset value. Tolerance was defined as the difference between the expected 

value and actual output value divided by the expected value. 

The program required an ASCII training set from which it randomly extracted 

a test set of 15 pattern or vectors (10% of the 151 training vectors). The program, 

after reading in the training set, randomly ordered the training vectors to improve the 

training process. During training, the network did not see the extracted test set. After 

the network was trained with the training set, the test set was applied to the network 

and the results were used to measure the effectiveness of the network. If the 
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network could accurately match the test set outputs, the system was considered to 

have trained well and be capable of responding to new situations. 

The program allowed the user to set network parameters for the training run. 

The momentum was set to 1.0, the tolerance to 0.1 (or 10%), the number of inputs 

was set to fourteen, the number of outputs was set to two and one hidden layer with 

fourteen neurons was included. Each neuron used the sigmoidal function as its 

activation function. 

The network was considered trained when all the patterns or training vectors 

fell within a predefined tolerance. For example, with the default tolerance of 0.1, the 

network was trained when all outputs were within +1- 0.1 of their training output 

(this assumes the inputs have been prescaled to the range 0 to 1). By lowering the 

tolerance, the network would take longer to train, but would provide better 

performance. The application software was limited in that it did not provide other 

training or performance statistics. 

4.3.3 Implementation and Results 

The California Scientific software provided automatic training and displayed 

statistics on the network performance. A series of training runs was done; after each 

run, changes were made to the training set or the tolerance was adjusted. The last 

five runs with results are shown in Table 4.2. A discussion of each run and its 

results follows the table. 
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Table 4.2: Network Training Cycles for Transd20 Model 

Filename # of Runs Tolerance Comments 

Tranj3 > 10000 0.1 Training set would not train completely 

Tranj3-1 336 0.1 Network trained 

Tranj3-2 834 0.08 Reduced tolerance 

Tranj3-3 2282 0.06 Training stopped 

Tranj3-4 4516 0.07 Trained 

The first run, Tranj3, did not converge and indications were that it would not 

train properly. The network was halted and the training set examined. There were 

inconsistencies in the training set such as rush hour traffic causing low and high 

impacts in different vectors. The contradictory training vectors were removed (three 

in this case) and a new model (Tranj3-1) created. 

The second model trained very quickly after the inconsistent vectors were 

removed. The test vectors were applied, but many test vectors did not fall within 

tolerance limits. It was decided that the tolerance should be reduced so that the test 

set would respond better, so the next model, Tranj3-2 was created using the same 

training set. 

The tolerance was decreased for Tranj3-2; all other parameters were the same 

as the previous model. The network trained until the training set tolerance was less 

than 0.08. As expected, the number of training runs was higher, but the test set 
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performed better with this network. There was a small portion (2-3 vectors) in the 

test set that did not fall within tolerance. 

The tolerance was again decreased to improve performance with the model 

called Tranj3-3. There were some inconsistencies in the training data that seemed to 

cause training problems. These inconsistencies were harder to correct because they 

occurred in several vectors and required major changes to the software that generated 

the training set. The model was halted during training when it was apparently not 

improving. 

The last run, Tranj3-4, resulted in a trained network. The tolerance was 

higher than the previous model, but this change allowed the network to train better. 

The number of training runs in all the models was relatively low. Other 

applications require training runs of many tens of thousands of times, but usually 

have a lower tolerance level. 

The results of running the model transj3-4 network with its test set are shown 

in Figure 4.1. The plot shows the expected and actual impact values for each test 

vector (transj3-4). The impact values are shown on the vertical axis. The test vector 

number is displayed on the horizontal axis. 
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Figure 4.1 Actual and Predicted Impact for Model Tranj3-4 Test Set 

Overall, the test results were positive. Expected and actual results varied by 

10-20% (partly due to the high training tolerance), and while this was a higher error 

than expected, it was acceptable for the initial application. The results showed the 

network could predict the effects on transit times to a reasonable degree of accuracy. 

The initial simulation showed that the neural network model can be used to 

predict the impact of external factors on the schedule of a bus system. While the 

problem did not incorporate complex relationships that may exist in actual situations, 

the system included very nonlinear functions. The neural network displayed an 

69 



ability to learn among all the nonlinear associations and provide a response that fell 

within reasonable limits. 

There were additional advantages to using the neural network to calculate 

schedule deviations. In the feedforward mode, which is the operating mode, the 

network could process the input data very quickly and respond with results in a 

short time (< 1 second typically). This was important to the overall requirements 

that the dispatcher have modifications done very quickly. 

Another advantage was that the system can be updated and trained with new 

data as they become available. The flexibility of the system allows the scheduler to 

adapt to changes over time without significantly altering the routines. While training 

takes longer, it needs only be done periodically and can be done off-line. This 

feature maintains a network that is responsive to changes over time. 

The neural network was tolerant of "surprises" or exceptions in the system. 

There were some problems with contradictory data, but even then, the outputs were 

within reasonable limits. Given enough historical data, the system should be able to 

adapt to these infrequent occurrences. 

It was believed that there were many improvements that could be made to the 

model. Reducing the number of variables in the input would simplify the model and 

provide better performance. While it was useful to incorporate many inputs to cover 

all the possibilities, some variables were redundant. For example, humidity could be 

removed as its effects were probably contained in the precipitation input. Pressure 

change also has a minimal effect. 
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The functions relating impact to a specific input variable were not well 

defined; the assumptions made as to the effect on transit time of each input were 

simplistic and contained many discontinuities. The actual relationships are probably 

more complex and continuous. The functions could be better defined by 

investigating the empirical relationships between input variables and transit speed. 

By modifying the network parameters the system should improve. This 

would include decreasing the tolerance to make the network outputs more accurate. 

Some work was done in varying the momentum and learning rate but the changes 

were not as significant as those caused by modifying the input data. Increasing the 

number of training vectors should also result in a network that would train and 

operate better. However, with the other limitations of the simulation data, this may 

not improve performance. 

The next step was to remove the deficiencies observed in the feasibility run. 

A significant improvement would be the generation of a better training set. 

4.4 Simulation Model II 

Based on the results from the first simulation sets, it was determined that the 

neural network approach was worth further investigation. The objective of the 

second simulation model was to improve the simulation data and training set and to 

improve the network response by reducing the overall error output. 

The number of inputs was reduced by removing those that resulted in 

redundant information. The remaining input variables were modeled in a more 
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detailed manner to remove the discontinuities and better represent the impact 

relationship. Finally, the neural network package was replaced with another program 

that provided improved reporting and operation. 

4.4.1 Input Variables 

The calculation of impact, or schedule deviation, required the input of several 

variables. Kalaputapu and Demetskey [11] proposed that the key factors affecting 

schedule deviation could be expressed as: 

SD (Ri, j, k, T) = f (Traffic, Driver, Vehicle, Environment, Loading), (4.2) 

where SD was the schedule deviation, Ri was the route i, j was the direction, 

k the time point, T the scheduled arrival time and f represented an unknown function 

that the network would try to determine during the training process. 

The relationship was proposed for a scheduled bus route, that is, where the 

vehicle must be at certain stops at predetermined times. The Saskatchewan Abilities 

Council system was not constrained in this way as there were no predefined routes or 

times. However, the equation provides some guidelines for the simulation model. 

The authors found, in an earlier study [12], that the model became quite complex 

when geographic location was allowed to vary. They suggested that modeling results 

were more encouraging when routes were separated or constrained geographically. 

As in the first simulation, it was decided to restrict the simulation to time of 

day and weather conditions. Other variables such as driver, pickup and dropoff 

times, and route were not used in this simulation. The output was defined as 
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"Impact" as in the first simulation. The impact reflected the change in performance 

of the transit network with changing input parameters. 

The simulation model training set was developed using a set of relationships 

between impact and time/date and weather conditions. It was assumed that the 

impact was due to two independent functions, expressed as: 

I = f(t, d) + g (temp, precip, sun) (4.3) 

where I was the impact on transit time, f was a nonlinear function relating time and 

date to impact and g was a function relating temperature, precipitation rate and 

sunshine level to impact. 

The first simulation had also used this approach but the functions contained 

inconsistencies and discontinuities that made it difficult for the neural network to 

learn and predict. 

The approach to creating the training set consisted of describing, in qualitative 

terms, the time and date and general weather conditions. A series of qualitative 

conditions was created in a spreadsheet. A program, developed for the simulation 

model, read the qualitative descriptions and derived a file that listed time/date 

parameters and meteorological values in quantitative terms. A second program was 

used to derive the impact value. The first file was called the "descriptive" file and 

the final file containing actual input values and impact was called the "training" file. 
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4.4.2 Time/Date Functions 

The time of day and seasonal variations influence travel time in urban centers. 

Pursula and Elolande[3] indicate that transit speed is a function of traffic density. 

Increased traffic density causes a decrease in average travel speed, but this 

relationship is usually valid only above a certain threshold. In turn, traffic density 

was dependent, among other factors, on the time of day and season. Overall, it was 

assumed that travel time depended on traffic density for a density greater than a 

predefined minimum. 

For purposes of simulation, it was not necessary to accurately define the 

above relationship, however, information from the City of Saskatoon, in its annual 

Traffic Report [22], provided a useful baseline. The report listed typical traffic 

densities on a street by hour for a day, by day for a week and by month for a year. 

The traffic density information was extracted from the plots and entered into an 

ASCII text file. This file is shown in Appendix 3. 

It was assumed that the impact on travel time was directly related to traffic 

density (above a minimum threshold) so that the impact on travel time was 

calculated to be: 

I = A * f (h) + B * f (d) + C * f (m) (4.4) 

where I was the impact, A, B and C were constants, f (h) was a function relating 

traffic density to hour of day, f (d) was a function relating traffic density to day of 

week and f (m) a function relating traffic density to month of year. 
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The functions, f(h), f(d) and f(m) were derived from an index table contained 

in the ASCII text file (Appendix 3). For example, given the hour of the day (0 to 

23), the corresponding travel density was extracted from the text file. Assuming a 

linear relationship between travel density and travel time, the impact can be related 

directly to the travel density values. This results in the relationship shown in 

equation (4.6). 

Plots of the functions f(h), f(d) and f(m), scaled with the appropriate 

constants, A, B and C are shown respectively in Figures 4.2, 4.3 and 4.4. The 

scaling constants were set to normalize the impact values to a range of zero to one 

hundred. The constants could be adjusted to vary the weight given to a particular 

variable. 
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Figure 4.4 Impact vs. Month of Year 

4.4.3 Weather Functions 

The weather factors used were precipitation, sunlight level and temperature. 

The literature reviewed generally used these parameters as variables in prediction and 

analysis. Duffel [9] used temperature, sunshine and precipitation to calculate a 

weather factor. In a subsequent study [10], the author used the same indices. 

Examining the correlation coefficient between variables, the author found that the 

parameters had varying degrees of impact. Temperature was most significant, 

followed by sunshine and then precipitation. Satterthwaite [11], in a review of past 

literature, stated that temperature, precipitation and barometric pressure were 

significant factors in accident statistics. The author also found that cloudy days were 

more conducive to driving as long as there was no precipitation. Smith and 
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Demetsky [14] used temperature and precipitation in their study of traffic flow 

prediction. While there are some differences in which parameters were used and the 

importance of each, the parameters most often used included temperature, sunshine 

and precipitation. 

The sunlight level was derived from the time, date and cloud cover. The 

sunlight pattern changes daily as sunrise and sunset times change, so compensation 

for these changes had to be made. The data for CRS was compiled over a year and 

typical sunny days near mid-month were chosen as representative of the month. The 

sunlight levels for each hour of the 24-hour day were extracted from the CRS data, 

as well. The sunlight data was then arranged in a table with 24 rows, representing 

the hour of day, and 12 columns, each column containing one day's data for a 

month. Appendix 3 contains a listing of the table containing the sunlight data. Given 

a month and time of day, the sunlight level (in W/m2) could be extracted for any 

time of the year or day. 

The amount of cloud cover had to be considered as well. For each month, 

the peak sunlight level during an overcast day was extracted from the climatological 

summary for CRS. This resulted in 12 values, one for each month. The same was 

done for maximum sunlight levels in non overcast conditions. To calculate sunlight 

levels for a day with some cloud cover, the sunlight level was projected from an 

interpolation between a totally sunny day and a totally overcast day as follows: 

fs = (1 - fc) * fsun * (1 - fmc/fms) + fsun * (fmc/fms), (4.5) 
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where fs was the resulting sunlight value in W/m2, fc was the percent cloud cover 

scaled between 0 and 1, fsun was the sunlight level for given time and date (from 

table), fmc was the peak sunlight level for completely overcast day, and fms was the 

peak sunlight level for a clear day. 

The temperature for a given month and time was calculated in a similar 

manner. Appendix 3 shows a listing of an ASCII file that contains, in a columnar 

direction, a daily temperature profile. There were twelve such profiles, one for each 

month. The temperature profiles were derived from the CRS monthly averages. 

Given time of day and the month, a typical temperature could be extracted from the 

table. The extracted temperature was then biased by an input factor that ranged from 

zero to ten. A factor of five represented average temperature, zero represented 

colder than normal, and ten represented much warmer than normal (all integer values 

from zero to ten could be used). 

The relationship between impact and the weather was assumed to be a 

combination of factors. The general rules used were as follows: 

a) Travel times increased in dark conditions (no sunlight). Travel times were least in 

overcast conditions and higher during full sunlight. 

b) Above a temperature of 4 degrees C, travel times increased linearly with the 

precipitation rate to a maximum value at 40 mm/hr. Between -5 and 4 degrees C, 

travel times were highest. Below -5 degrees C, travel times increased linearly to a 

maximum at a temperature of -40 C. 
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Given information on the weather conditions, an impact factor was calculated 

using the rules listed above. The relationships are shown in the figures below. 
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Figure 4.5 Impact vs. Sunshine 
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4.4.4 Training File Creation 

The training file was created from a general descriptive file. The descriptive 

file provided a means to describe driving conditions without having to detail 

temperatures, sunshine, and precipitation specifically. The file was formatted as 

follows (with an example line of data): 

Month Day Time Temperature Precipitation Cloud Intensity 

January Monday 0500 5 0 50 0 

where, Month ranged from January to December, Day ranged from Sunday to 

Saturday, Time ranged from 0 to 2300 hours in one hour increments, Temperature 

ranged from 0 to 10, with 5 representing average temperatures, 0 being colder than 
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average and 10 being much warmer than average, Precipitation being 0 represented 

no precipitation and 1 represented a precipitation event, Cloud ranging from 0 to 

100 represented approximate cloud cover, and Intensity ranging from 0 to 100 

represented precipitation intensity. 

The training file was made up by independently adjusting the variables. The 

pattern was as follows: 

a) Vary months from January to December keeping precipitation to zero, 

b) Vary day of week in each month, 

c) Vary hours of day in each day, and 

d) Set the precipitation parameter on, and vary month, day and hour with constant 

precipitation rate. 

This method resulted in a descriptive training file of 512 lines or patterns. 

The next step in the process of deriving a training file was to convert the 

descriptive test file to a file containing the numerical values for each parameter. A 

conversion program, called MODH100, was used to convert the descriptive test file 

to the final test file format. The final test file format was of the following form: 

Line No. Month Day Hour Temp Sun Precip Impact Not Impact 

1 1 1 0200 -21 300 0 340 -340 

where Line Number was the pattern line number, Month ranged from 1 to 12, Day 

varied from 1 to 7, Hour ranged from 0 to 23 representing hour of day, Temp was 

in degrees C, Sun was expressed in Watts per square meter (typical range of 0 - 
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1000), Precip was the precipitation rate ranging from 0 to 40 mm/hr, Impact, the 

calculated impact on travel time and Not Impact, the opposite polarity of Impact. 

The flow diagram of MOD100, written in C/C++, is shown in Figure 4.7. 

The coefficients for the calculation of "Impact" were contained in the auxiliary text 

file and could be adjusted. Each function in the equation was tested by setting the 

coefficients of other terms to zero. This ensured that the response to each variable 

was in a reasonable range relative to other parameters. 
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Figure 4.7 Flow Diagram of MOD100 
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4.4.5 Neural Network Software 

There were limitations in the neural network software used for the initial 

simulation, especially in the ability to change parameters and plot outputs. Another 

software package, supplied by Ward Systems Group, Inc., called NeuroShell 2 was 

used for the second simulation. 

The software allowed training sets to be presented to the network in a variety 

of standard spreadsheet formats. Preprocessing data was easier with symbol 

translation features (alphanumeric to numbers) and optional If/Then/Else type rules. 

Correlations between variables could be examined with the variable graphing 

features. 

The package included standard backpropagation structures along with 

recurrent networks. The recurrent networks could be varied with regards to which 

layer fed back to the input layer. Activation functions could be changed but the 

sigmoidal function was the default function. 

Other network architectures included Kohonen (self organizing map network - 

built for unsupervised learning), probabilistic networks (using a probability density 

function to determine activation in the output layer), and general regression neural 

networks (similar to the probabilistic type). The latter two networks were intended 

to be used with sparse data sets and would take longer to train with larger training 

sets. 

Performance measurement was done with statistical outputs. This included the R 

squared indicator used in multiple regression analysis. The R squared factor 
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compares the accuracy of the model to a benchmark value. The benchmark value is 

a model with the predicted values equal to the mean of all samples. A good fit 

results in an R squared of 1 while a poor fit gives an R squared value near zero. It 

is defined as: 

R2 = 1 - (SSE / SSyy) (4.6a) 

where, 

SSE = 1(y - yp)2 (4.6b) 

where yp is the predicted value of y and, 

SSyy = 1,(y - ym)2 (4.6c) 

where ym is the mean of y values. 

Another statistical factor used was the correlation coefficient, r. This is a 

measure of the strength of the relationship between two variables (here, the actual vs. 

predicted outputs for the neural network). The coefficient ranges from -1 to 1. 

When near either extremity, the relationship is linear while near zero no relationship 

is implied. The correlation coefficient is defined as: 

r = SSxy / (SSxx * SSyy)1/2 (4.7a) 

where 

SSxy = 1( x*Y - (( x) ( y) / n) ) (4.7b) 

SSxx = 1,(x2 - ( ( lx2) / n ) ) (4.7c) 

SSyy = 1(y2 - ( ( y2) / n ) ) (4.7d) 

where n is number of patterns, x values are actual outputs and y values are the 

predicted outputs. 
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Other terms used to describe the network performance included: 

a) Mean Squared Error, the mean of (Actual - Predicted)2 for all training sets, 

b) Minimum Absolute Error, the minimum absolute value of (Actual - Predicted) 

over the selected file, 

c) Maximum Absolute Error, the minimum absolute value of (Actual - 

Predicted) over the selected file, and 

d) Mean Absolute Error, the mean of the absolute value of (Actual - Predicted). 

There were unique network training aspects in the application software 

provided. During training, it was possible to overtrain and have the network move 

out of a minimum. For this reason, before training, the user would extract a test set 

(typically 10 to 30%) from the training data. Periodically, during training, the 

application would check the results against the extracted test set and save the 

network weights for that minimum. If, during continued training, the network did 

not improve but worsened, the training could be stopped and weights for the best 

minimum would have been saved. 

Before training, a certain number of patterns were extracted for testing the 

network after training was complete. The patterns were randomly extracted 

(typically 10% of the training file). Unlike the test file, the patterns in this file were 

never seen by the network. This file was called the "run" file. 
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4.4.6 Description of Models 

A set of three simulation runs were carried out with the training set described 

in Section 4.4.4. The simulation runs were executed using the neural network 

software described in the previous section. 

The simulation runs were labeled MOD10, MOD11 and MOD12 representing 

the order, in which they were run. The first model, MOD10, operated with the 

training set of 512 patterns generated by the MOD100 program. The performance 

was evaluated and revisions were made to the training set. The second model, 

MOD11, was run with the same operating parameters but with a modified training 

set. After evaluating the results from the MOD11 run, the training set was 

significantly altered by revising specific functions used by the generating program, 

MOD100. A new training file was generated and run as part of MOD12. Results 

from MOD12 were satisfactory and the system required no further changes. 

The following sections describe each model run. The descriptions show the 

network layout, the inputs used, network training parameters and statistical output 

values used to gauge network performance for each model. A brief discussion of the 

results is included in each section. 

4.4.7 MOD10 Model 

The descriptive file, shown partially in Appendix 4, was used as a base 

training set. The file was processed through the conversion program, MOD100, and 
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then applied to the neural network. The parameters for the network were set to the 

values shown in Table 4.3. 

Table 4.3 MOD10 Network Parameter Values 

Parameter Value 

Test Set Extracted from Training set 10% 

Learning Rate 0.1 

Momentum 0.1 

Inputs 6 

Hidden Neurons 25 

Outputs 2 

The general network structure, shown with inputs and outputs is shown in 

Figure 4.8. The number of hidden neurons was computed using a rule-of-thumb 

formula[28]. This formula calculated the number of hidden neurons to be the half 

the sum of the inputs and outputs plus the square root of the number of training 

patterns. 

The training set was transferred to memory and randomized, so patterns were 

not in the order given in the original file. After training, the neural network program 

was used to calculate the performance parameters for the main training set, the test 

file, and the run file. Training was completed after 1411 learning epochs. The 

performance results for the training, test, and run set are shown in Table 4.4. 
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Figure 4.8: MOD10 Network Structure 

Table 4.4: Results for MOD10 Network 

Parameter Training Set Test Set Run Set 

R Squared 0.933 0.957 0.941 

Mean Squared Error 234.9 138.5 220.4 

Mean Absolute Error 10.55 9.25 11.33 

Minimum Absolute Error 0.012 0.145 0.850 

Maximum Absolute Error 102.1 26.81 42.08 

Correlation Coefficient, r 0.968 0.979 0.972 

Figure 4.9 is a scatter plot of actual results versus predicted values. The 

more linear and compact the line, the better the fit between the values. An ideal 

case would result in a straight line. Figure 4.10 displays the error (actual - --

predicted) for all training, test, and run patterns. 
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Figure 4.10: Error (Actual - Predicted) for all Patterns for MOD10 
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The average error was 11.3 for the run set, equivalent to an average percent 

error of 4% for the impact range used in this model. There were occurrences where 

the error was up to 29%. The large errors occurred, at intervals, through the entire 

training set. There were large errors associated with the 4 to 7 a.m. time period and 

during the day of week transition from 7 to 1. Reasons for the relatively high error 

were concluded to result from representing the date and time with too few variables. 

For example, an increasing hour value did not necessarily represent an increasing 

impact. From 1 a.m. to 5 a.m., the impact decreased but after that, increasing hours 

meant an increasing impact. The transitions between input values may have been too 

large. This problem was also seen in the first simulation run. 

The strategy for improving the model was to increase the number of input 

variables for the time and date as well as doing smoothing of transitions in the input 

data. 

4.4.8 MOD11 Model 

Based on the results from the MOD10 model, revisions to the network and 

input data were made. The same descriptive file used for MOD10 was used with 

MOD11. The simulation program, MOD100, was modified to provide an increased 

number of input variables in the final training file. These modified input variables 

are shown in Table 4.5. 
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Table 4.5: Modified Input Variables for MOD11 

Parameter MOD10 MOD11 

Time of Day Single input (0-23) 24 inputs (1 per hour) 

Day of Week Single input (1-7) 7 inputs (1 per day) 

Month of Year Single input (1-12) 12 inputs (1 per month) 

The ASCII text file, shown in Appendix 3, containing the cross reference of 

each input parameter to its impact was reviewed and large discontinuities were 

removed or smoothed out. 

The network structure, for MOD11, is shown in Figure 4.11. 
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Figure 4.11 Network Structure for MOD11 Model 
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The network trained in 225 epochs. The results of the performance 

evaluation are shown in Table 4.6. 

Table 4.6: Results for MOD11 Network 

Parameter Training Set Test Set Run Set 

R Squared 0.935 0.9628 0.9188 

Mean Squared Error 227.8 119.7 303.8 

Mean Absolute Error 9.60 7.95 11.04 

Minimum Absolute Error 0.021 0.034 0.372 

Maximum Absolute Error 102.7 40.1 68.1 

Correlation Coefficient, r 0.968 0.981 0.966 

Figure 4.12 is a scatter plot of actual results versus predicted values. The 

more linear and compact the line, the better the fit between the values. An ideal 

case would result in a straight line. Figure 4.13 displays the error (actual - 

predicted) for all training, test, and run patterns. 

The average error was 11.4, which was equivalent to 3.5% for the impact 

range used in this model. There were several occurrences of higher errors, though, 

the maximum being 102.7, or 31% of the impact range. The scatter plot shown in 

Figure 4.12 showed many outlying values near larger impacts. This indicated the 

model deviated when conditions worsened. 

The data from the model were examined to determine where large deviations 

occurred. As a benchmark, errors of more than 6% were flagged, resulting in 43 
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flagged data sets. Further study showed that 39 of the 43 high error data sets 

occurred during precipitation conditions. 
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Figure 4.12: Scatter Plot of Actual vs. Predicted Values for MOD11 Model 
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The functions describing the weather to impact relationships were examined. 

The relationships between temperature, sunlight and precipitation were found to 

contain discontinuities at points of no precipitation to any precipitation. The 

simulation model functions did little to account for varying precipitation rates. It 

was necessary to provide smoothing for the transition from no precipitation to 

precipitation and account for varying rates of precipitation. 

4.4.9 MOD12 Model 

The simulation model was modified to provide better information on 

precipitation rates. As well, improved information on sunlight levels as related to 

cloud conditions was incorporated. 

In the previous two models, sunshine level was calculated based on time of 

day and month of year and the cloud level was linearly interpolated to arrive at a 

power level. From the sunshine level, an impact value was derived using a one 

dimensional array. A better model would incorporate the cloud level into the sun 

level calculation. For a given light intensity, driving conditions were better when the 

sky was overcast. 

For five levels of cloud cover (0, 25, 50, 75 and 100%), a table of values 

relating impact to sunshine level was derived. Higher cloud cover resulted in lower 

impacts for the range of sunlight. A plot of this relationship is shown in Figure 4.14. 

Precipitation effects on transit times were closely related to temperature. For 

precipitation rates ranging from 0 to 40 mm/hr in steps of 5 mm/hr, a table was 
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derived that provided impacts for the entire range of temperatures. Lowering 

temperatures with high precipitation resulted in high impacts; precipitation near 0 C 

also meant high impact values. Figure 4.15 shows the impact value for the range of 

temperatures and precipitation rates. 
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Figure 4.14: Impact as a function of Sunlight level and Cloud Cover 

The weather parameters were modified and incorporated into the simulation 

model. The original descriptive file was used as a source and the training patterns 

were generated using the modified simulation routine. 
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The training set was run through the same neural network model used in 

MOD11 with the same momentum, learning rate and training parameters. Results 

from the run are shown in the table below. 
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Table 4.7: Results for MOD12 Network 

Parameter Training Set Test Set Run Set 

R Squared - 0.993 0.990 0.981 

Mean Squared Error 13.7 18.0 27.0 

Mean Absolute Error 2.64 3.17 3.50 

Minimum Absolute Error 0.011 0.128 0.089 

Maximum Absolute Error 17.4 13.7 17.4 

Correlation Coefficient, r 0.996 0.995 0.991 
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Figure 4.16: Scatter Plot of Actual vs. Predicted Impact for MOD12 Model 
(includes training and run patterns) 
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The mean absolute error represented 0.7% of the full range, while the worst 

error was 4.7% of full range. The scatter plot is shown in Figure 4.18 while the 

error for each pattern is shown in Figure 4.17. 
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Figure 4.17: Error (Actual - Predicted) Impact All Patterns for MOD12 Model 
(includes training and run patterns) 

The results were much better than the previous models. While the weather 

relationships were nonlinear, the discontinuities were smooth or not present. This 

provided better performance from the network. 

A comparison of the latter three models is shown in Figures 4.18 and 4.19. 

The mean square error is shown for the entire training set and the run set for each 

model. The same was done for the maximum absolute error. In some respects, the 
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second model showed little improvement over the first model (increasing the number 

inputs). Smoothing the input functions (done for MOD12) made a significant 

difference; both the mean squared and the maximum error dropped sharply. 
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4.5 Discussion 

The simulation studies for the neural network were presented in this chapter. 

The first simulation showed that a neural network could be used to predict schedule 

deviations in constrained conditions. The errors were larger than desired, but the 

overall results showed the network could make correlations between weather and 

time related variables and the impact on the transit schedule. 

The second simulation set showed a marked increase in network performance 

by using better functional descriptions of the input variables. Changes in the number 
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of variables seemed to have little effect on the network performance. Removing 

large discontinuities significantly reduced output error. 

It is difficult to assess how the system would perform with "real-world" data. 

It was assumed that input conditions change gradually and large transitions would be 

rare. This assumption would have to be tested using actual collected data. 
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5. Conclusions and Summary 

5.1 Conclusions 

The first project objective was to develop the main components of a system 

that would acquire and process data from a weather site and a bus system for 

presentation to a neural network. The second objective was to determine the 

feasibility of using a neural network to ascertain the impact of these variables on 

travel time. 

The first objective of developing the key components for the acquisition and 

processing subsystem was accomplished. Weather data acquisition was achieved by 

selecting appropriate weather instrumentation from an existing site and accessing 

their data using a modem connection. Processing routines were developed to check 

the data and extract relevant parameters. The extracted data were then presented to 

a neural network, that could be incorporated with the scheduler to predict deviations 

in travel time. 

A set of neural network models were tested to meet the second objective. 

The simulation studies showed the approach was viable. In many ways, the neural 

network approach was well suited to the application. High output accuracy was not — - 

required as a dispatcher is interested in trends rather than absolute values. The 
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proposed system was meant to provide associations from several input variables, 

much like an experienced dispatcher would. The neural network model met this 

need as well. 

While not available during this project, the data collected from the buses is 

normally archived and presently, little analysis is done on it. Historical data is well 

suited for training a neural network; undefined parameters can be learned by the 

network over time and compensated for. Not requiring a priori knowledge of the 

relationship between the dependent and independent variables is an important 

advantage of neural networks. Complex interrelationships are difficult to model 

using traditional techniques. 

5.2 Summary 

Schedule planning and dispatching functions have become more automated 

with the advent of computerized monitoring systems. These advances have improved 

the operation of transit planning by increasing efficiencies, optimizing resources and 

providing better service to the users. 

The project described in this thesis was concerned with investigating the use 

of an artificial neural network with the computerized scheduling and monitoring 

system operated by the Saskatchewan Abilities Council. It was proposed that the 

study focus on investigating the use of a neural network to process weather, and data 

supplied from the transit system. The neural network would be designed to provide 

an indication of expected schedule deviations. 
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The project involved acquisition of information from two instrumentation 

systems, a weather site and bus monitoring system. While many factors can alter a 

schedule, the investigation was focused on the two variables of weather and time (or 

traffic density). Other significant factors, such as location, were constrained, as past 

work concluded that it was simpler and more effective to limit such studies to a few 

important variables. As well, the impact of weather on scheduling systems has not 

yet been studied in great depth. 

An existing site for measuring weather parameters was selected and a survey 

of its instruments was conducted to determine the devices that would best supply 

weather measurements to the system. From the specifications of the datalogger, 

along with data formats, a means was developed to access the logged weather 

information. Software routines were written to check the data for errors and then 

extract the specific instrument data for the project. The output data was formatted as 

a text file which was then capable of being read by the neural network. A similar 

extraction process was followed with the bus system data. Access was simplified 

because the bus data was already stored in daily log files on the transit system base 

computer. 

A preliminary model was created for the purpose of determining the basic 

feasibility of the neural network approach. A software package supplied by 

California Scientific was used to create the neural network model. A training set, 

containing data simulating weather and traffic density patterns, was created. This 

was done, first, by specifying input parameters and varying each parameter 
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independently or in conjunction with one or two other parameters. The input 

parameter list was then processed by a software program written to derive a 

simulated output, called "impact". The parameter, impact, represented a relative 

amount by which a schedule would deviate, given certain external conditions. The 

training set, consisting of the input parameters and related output (impact) was then 

submitted to the neural network for processing. 

A series of runs was conducted with the model. After each run, results were 

evaluated and either the input data was revised or the network parameters changed. 

The final run resulted in a network that met the basic requirements for establishing 

feasibility. 

The preliminary model used simulation data that contained contradictory 

training patterns (e.g. sunshine during heavy precipitation, or rush hour traffic on 

Sunday mornings). The neural network would train to a certain point with this data 

and then exhibit oscillation or no training progress. Once the more obvious 

contradictory training sets were removed, the network performance improved. 

The preliminary simulation model resulted in output errors ranging up to 10 

to 20% for the test set while the output variations on the training set were under 7%. 

The test set was always a randomly selected subset of the training set and was not 

seen by the network during training. The test set provided a measure of the 

network's capability to generalize its learning to process new or unseen data. While 

the resulting test set error was higher than would be required by the final system, 

106 



given the discontinuous input data set, the network performed well enough to show 

the approach was feasible for this application. 

A second simulation model was created to improve upon the preliminary 

model. To develop training data for the second model, a set of equations was used, 

with inputs from tabular data, to derive the impact. Inconsistent data that caused 

problems in the preliminary model were reduced by adding checks in the 

preprocessing routines. For this model, the functions used to describe the 

relationship between the inputs (time, date, weather) and the impact were based on 

more complete empirical associations discussed in the literature. From these 

relationships, a set of non linear equations was created to calculate impact. 

Using these relationships, a training set was created and applied to a different 

neural network. While the network learned most of the training sets well, there were 

still large errors when certain training vectors were applied. Many of the larger 

errors occurred when the input data changed abruptly. For example, on the input 

used to represent the day of the week, the transition from day 7 to day 1 resulted in 

large network errors. 

Other researchers recommended using separate inputs for each state of the 

input variable. Therefore, the one input for day of week was replaced by seven 

inputs, each representing a day. Values assigned to each input were binary and only 

one input could be on at a time. Inputs were also changed for hour of day and 

month of year. This resulted in a significant increase in the number of inputs, but 

removed certain discontinuities. 
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The training vectors were applied to the modified network (MOD11). While 

there was some improvement over the previous model, the performance did not 

improve significantly. Significant errors occurred under certain weather conditions, 

especially related to precipitation. The tables containing weather data contained large 

transitions between precipitation and non-precipitation events. 

The weather data tables were modified to provide varying impact with rates 

of precipitation, and the transitions between events were smoothed. This resulted in 

fewer discontinuities. The modified training set was applied to the same network as 

in MOD11 and the network was trained (MOD12). Results were significantly better, 

with the average error dropping by a factor of four from the previous model 

(MOD11). 

Using a neural network required significant attention to the input data. 

Ensuring the data was consistent and did not contain abrupt transitions contributed to 

a workable model. 

5.3 Future Work 

The work conducted in this project was preliminary. There are several areas 

that could be further investigated and researched. Once data was available from the 

transportation network, this information could be used to train the network and then 

be applied to real time operations. The training patterns could be restricted to fixed 

routes to simplify the initial training. Response over the long term would be 
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monitored to see whether the approach was viable in a real time system. Noise 

conditions, such as construction delays, could also be investigated. 

Further investigation could be carried out by altering the neural network itself. 

Given fixed routes, a recurrent network may be useful to investigate. Changing the 

number of inputs, either by adding more input variables or simplifying the network 

would be useful to check. Altering the neural transfer function, changing the layer 

structure and modifying the learning parameters are options that could be further 

researched. 

Comparison of this technique to statistical methods would also be useful. 

This would provide a measure of how the network compared against traditional 

techniques. Carrying out a study that monitored the network prediction in parallel 

with an operator and measuring the effectiveness of both would be a useful exercise. 
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APPENDIX 1 

Sample Input File From Base Computer (bus log) 
This file is processed by IRD100.EXE 

07/22/1995 10:53:02,BASECOMM START, 
07/22/1995 10:53:09,COMM ERROR,MSCOMM_ER_FRAME 
07/22/1995 10:53:09,COMM ERROR,MSCOMM_ER_RXPARITY 
07/22/1995 10:53:09,COMM ERROR,MSCOMM_ER_FRAME 
07/22/1995 11:40:48,MESSAGE RECEIVED,11:40:48 
BUS12:G0012345665432136099900235959$+$H$ 
07/22/1995 11:40:51,MESSAGE RECEIVED,11:40:51 
BUS12:G9900000000000000000000060027$ 
07/22/1995 11:41:10,MESSAGE RECEIVED,11:41:10 
BUS12:G3000000000000000000000114007$A$ 
07/22/1995 11:41:12,MESSAGE RECEIVED,11:41:12 
BUS12:G3000000000000000000000114011$V$ 
07/22/1995 11:41:18,MESSAGE RECEIVED,11:41:18 
BUS12:G3000000000000000000000114027$S$ 
07/22/1995 11:41:21,MESSAGE RECEIVED,11:41:21 
BUS12:G3000000000000000000000114027$W$ 
07/22/1995 11:42:48,MESSAGE RECEIVED,11:42:48 
BUS12:G3000000000000000000000114155$R$ 
07/22/1995 11:42:54,MESSAGE RECEIVED,11:42:54 
BUS12:G3000000000000000000000114203$ 
07/22/1995 11:43:04,MESSAGE RECEIVED,11:43:04 
BUS12:G3000000000000000000000114211$ 
07/22/1995 11:43:12,MESSAGE RECEIVED,11:43:12 
BUS12:G3000000000000000000000114219$V$ 
07/22/1995 11:44:52,MESSAGE RECEIVED,11:44:52 BUS12:d 1 1:44 AM 
07/22/1995 11:46:18,MESSAGE RECEIVED,11:46:18 
BUS88:G0012345665432136099900235959$+$H$ 
07/22/1995 11:46:22,MESSAGE RECEIVED,11:46:22 
BUS88:G9900000000000000000000114603$ 
07/22/1995 11:46:40,MESSAGE RECEIVED,11:46:40 
BUS88:G0700000000000000000000114611$A$ 
07/22/1995 11:46:44,MESSAGE RECEIVED,11:46:44 
BUS88:G0700000000000000000000114623$S$ 
07/22/1995 11:46:49,MESSAGE RECEIVED,11:46:49 
BUS88:60700000000000000000000114627$V$ 
07/22/1995 11:46:54,MESSAGE RECEIVED,11:46:54 
BUS88:G0700000000000000000000114635$W$ 
07/22/1995 11:48:26,MESSAGE RECEIVED,11:48:25 
Sample Output from IRD100.EXE 
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Extracted from File "19950722 .LG1 " 

Columns 
Line No., Bus No., longtitude, latitude, bearing, velocity, quality, hour, min, sec 
The last four numbers are longtitude and latitude in minutes/seconds 

0,00,123456,654321,360,999,00,23,59,59,7,24,39,15, 
1,99,000000,000000,000,000,00,06,00,27,0,0,0,0, 
2,30,000000,000000,000,000,00,11,40,07,0,0,0,0, 
3,30,000000,000000,000,000,00,11,40,11,0,0,0,0, 
4,30,000000,000000,000,000,00,11,40,27,0,0,0,0, 
5,30,000000,000000,000,000,00,11,40,27,0,0,0,0, 
6,30,000000,000000,000,000,00,11,41,55,0,0,0,0, 
7,30,000000,000000,000,000,00,11,42,03,0,0,0,0, 
8,30,000000,000000,000,000,00,11,42,11,0,0,0,0, 
9,30,000000,000000,000,000,00,11,42,19,0,0,0,0, 
10,00,123456,654321,360,999,00,23,59,59,7,24,39,15, 
11,99,000000,000000,000,000,00,11,46,03,0,0,0,0, 
12,07,000000,000000,000,000,00,11,46,11,0,0,0,0, 
13,07,000000,000000,000,000,00,11,46,23,0,0,0,0, 
14,07,000000,000000,000,000,00,11,46,27,0,0,0,0, 
15,07,000000,000000,000,000,00,11,46,35,0,0,0,0, 
16,07,000000,000000,000,000,00,11,48,03,0,0,0,0, 
17,07,000000,000000,000,000,00,11,48,11,0,0,0,0, 
18,07,000000,000000,000,000,00,11,48,19,0,0,0,0, 
19,07,000000,000000,000,000,00,11,48,31,0,0,0,0, 
20,07,000000,000000,000,000,00,11,48,35,0,0,0,0, 
21,07,000000,000000,000,000,00,11,49,07,0,0,0,0, 
22,07,000000,000000,000,000,00,11,49,15,0,0,0,0, 
23,07,000000,000000,000,000,00,11,50,15,0,0,0,0, 
24,07,000000,000000,000,000,00,11,50,19,0,0,0,0, 
25,07,000000,000000,000,000,00,11,50,27,0,0,0,0, 
26,07,000000,000000,000,000,00,11,51,59,0,0,0,0, 
27,99,000000,000000,000,000,00,06,00,18,0,0,0,0, 
28,99,000000,000000,000,000,00,11,53,03,0,0,0,0, 
29,07,000000,000000,000,000,00,11,53,11,0,0,0,0, 
30,07,000000,000000,000,000,00,11,53,35,0,0,0,0, 
31,07,000000,000000,000,000,00,11,53,35,0,0,0,0, 
32,07,000000,000000,000,000,00,11,53,39,0,0,0,0, 
33,07,000000,000000,000,000,00,11,55,11,0,0,0,0, 
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APPENDIX 2 

Item TDay WDay Winter Sum/F Spring Univ School Hol. Sun Prec. Temp Win Press Hum 
1 100 1 1 0 0 1 1 0 0 0 -14 10 1000 85 
2 200 1 1 0 0 1 1 0 0 0 -14 10 1000 85 
3 300 1 1 0 0 1 1 0 0 0 -16 10 1000 85 
4 400 1 1 0 0 1 1 0 0 0 -18 10 1000 85 
5 600 1 1 0 0 1 1 0 0 0 -20 10 1000 85 
6 730 1 1 0 0 1 1 0 0 0 -16 5 1000 85 
7 800 1 1 0 0 1 1 0 0 0 -19 10 1000 85 
8 830 1 1 0 0 1 1 0 0.4 0 -16 5 1000 85 
9 900 1 1 0 0 1 1 0 0.45 0 -14 7 1000 85 

10 1000 1 1 0 0 1 1 0 0.48 0 -14 10 1000 85 
11 1100 1 1 0 0 1 1 0 0.6 0 -13 12 1000 85 
12 1200 1 1 0 0 1 1 0 0.7 0 -12 10 1000 85 
13 1300 1 1 0 0 1 1 0 0.7 0 -10 10 1000 85 
14 1400 1 1 0 0 1 1 0 0.6 0 -9 12 1000 85 
15 1500 ;1 1 0 0 1 1 0 0.5 0 -8 12 1000 85 
16 1600 1 1 0 0 1 1 0 0.4 0 -8 12 1000 85 
17 1700 1 1 0 0 1 1 0 0.45 0 -9 10 1000 85 
18 1800 1 1 0 0 1 1 0 0.24 0 -10 10 1000 85 
19 1900 1 1 0 0 1 1 0 0 0 -10 12 1000 85 
20 2000 1 1 0 0 1 1 0 0 0 -12 10 1000 85 
21 2100 1 1 0 0 1 1 0 0 0 -12 10 1000 85 
22 2200 1 1 0 0 1 1 0 0 0 -13 9 1000 85 
23 2300 1 1 0 0 1 1 0 0 0 -13 9 1000 85 
24 2400 1 1 0 0 1 1 0 0.4 0 -14 9 1000 85 
25 800 2 1 0 0 1 1 0 0.2 0 -10 10 1000 85 
26 800 3 1 0 0 1 1 0 0.2 0 -10 12 1000 85 
27 800 6 1 0 0 1 1 0 0.2 0 -12 10 1000 85 
28 800 0 1 0 0 1 1 0 0.2 0 -12 10 1000 85 
29 1200 0 1 0 0 1 1 0 0.8 0 -9 9 1000 85 
30 1200 4 1 0 0 1 1 0 0.8 0 -9 9 1000 85 
31 1200 6 1 0 0 1 1 0 0.8 0 -9 9 1000 85 
32 800 3 0 1 0 1 1 0 0.4 0 8 12 1000 50 
33 800 6 0 1 0 1 1 0 0.4 0 8 10 1000 50 
34 800 0 0 1 0 1 1 0 0.4 0 8 10 1000 50 
35 1200 3 0 1 0 1 1 0 0.8 0 16 9 1000 30 
36 1200 6 0 1 0 1 1 0 0.8 0 16 9 1000 30 
37 1200 0 0 1 0 1 1 0 0.8 0 16 9 1000 30 
38 1700 3 0 1 0 1 1 0 0.5 0 18 12 1000 30 
39 1700 6 0 1 0 1 1 0 0.5 0 18 10 1000 30 
40 1700 0 0 1 0 1 1 0 0.5 0 18 10 1000 30 
41 2100 3 0 1 0 1 1 0 0.2 0 12 9 1000 40 
42 2100 6 0 1 0 1 1 0 0.2 0 12 9 1000 40 
43 2100 0 0 1 0 1 1 0 0.2 0 12 9 1000 40 
44 800 3 0 0 1 1 1 0 0.6 0 4 12 1000 50 
45 800 6 0 0 1 1 1 0 0.6 0 4 10 1000 50 
46 800 0 0 0 1 1 1 0 0.6 0 4 10 1000 50 
47 1200 3 0 0 1 1 1 0 0.9 0 14 9 1000 30 
48 1200 6 0 0 1 1 1 0 0.9 0 14 9 1000 30 
49 1200 0 0 0 1 1 1 0 0.9 0 14 9 1000 30 
50 1700 3 0 0 1 1 1 0 0.7 0 15 12 1000 30 
51 1700 6 0 0 1 1 1 0 0.7 0 15 10 1000 30 
52 1700 0 0 0 1 1 1 0 0.7 0 15 10 1000 30 
53 2100 3 0 0 1 1 1 0 0.3 0 8 9 1000 40 
54 2100 6 0 0 1 1 1 0 0.3 0 8 9 1000 40 
55 2100 0 0 0 1 1 1 0 0.3 0 8 9 1000 40 
56 800 3 0 1 0 0 1 0 0.6 0 10 12 1000 50 
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57 800 6 0 1 0 0 1 0 0.6 0 10 10 1000 50 
58 800 0 0 1 0 0 1 0 0.6 0 10 10 1000 50 
59 1200 3 0 1 0 0 1 0 0.9 0 20 9 1000 30 
60 1200 6 0 1 0 0 1 0 0.9 0 20 9 1000 30 
61 1200 0 0 1 0 0 1 0 0.9 0 20 9 1000 30 
62 1700 3 0 1 0 0 1 0 0.7 0 20 12 1000 30 
63 1700 6 0 1 0 0 1 0 0.7 0 20 10 1000 30 
64 1700 0 0 1 0 0 1 0 0.7 0 20 10 1000 30 
65 2100 3 0 1 0 0 1 0 0.3 0 12 9 1000 40 
66 2100 6 0 1 0 0 1 0 0.3 0 12 9 1000 40 
67 2100 0 0 1 0 0 1 0 0.3 0 12 9 1000 40 
68 800 3 0 1 0 0 0 0 0.6 0 10 12 1000 50 
69 800 6 0 1 0 0 0 0 0.6 0 10 10 1000 50 
70 800 0 0 1 0 0 0 0 0.6 0 10 10 1000 50 
71 1200 3 0 1 0 0 0 0 0.9 0 20 9 1000 30 
72 1200 6 0 1 0 0 0 0 0.9 0 20 9 1000 30 
73 1200 0 0 1 0 0 0 0 0.9 0 20 9 1000 30 
74 1700 3 0 1 0 0 0 0 0.7 0 20 12 1000 30 
75 1700 6 0 1 0 0 0 0 0.7 0 20 10 1000 30 
76 1700 0 0 1 0 0 0 0 0.7 0 20 10 1000 30 
77 2100 3 0 1 0 0 0 0 0.3 0 12 9 1000 40 
78 2100 6 0 1 0 0 0 0 0.3 0 12 9 1000 40 
79 2100 0 0 1 0 0 0 0 0.3 0 12 9 1000 40 
80 800 3 0 1 0 1 1 1 0.6 0 10 12 1000 50 
81 800 6 0 1 0 0 0 1 0.6 0 10 10 1000 50 
82 800 0 0 1 0 0 0 1 0.6 0 10 10 1000 50 
83 1200 3 0 1 0 0 0 1 0.9 0 20 9 1000 30 
84 1200 6 0 1 0 0 0 1 0.9 0 20 9 1000 30 
85 1200 0 0 1 0 0 0 1 0.9 0 20 9 1000 30 
86 1700 3 0 1 0 0 0 1 0.7 0 20 12 1000 30 
87 1700 6 0 1 0 0 0 1 0.7 0 20 10 1000 30 
88 1700 0 0 1 0 0 0 1 0.7 0 20 10 1000 30 
89 2100 3 0 1 0 1 1 1 0.3 0 12 9 1000 40 
90 2100 6 0 1 0 0 0 1 0.3 0 12 9 1000 40 
91 2100 0 0 1 0 0 0 1 0.3 0 12 9 1000 40 
92 800 3 1 0 0 1 1 0 0.6 0 -20 12 1000 75 
93 800 6 1 0 0 1 1 0 0.6 0 -20 10 1000 75 
94 800 0 1 0 0 1 1 0 0.6 0 -20 10 1000 75 
95 1200 3 1 0 0 1 1 0 0.9 0 -16 9 1000 75 
96 1200 6 1 0 0 1 1 0 0.9 0 -16 9 1000 75 
97 1200 0 1 0 0 1 1 0 0.9 0 -16 9 1000 75 
98 1700 3 1 0 0 1 1 0 0.7 0 -16 12 1000 75 
99 1700 6 1 0 0 1 1 0 0.7 0 -16 10 1000 75 

100 1700 0 1 0 0 1 1 0 0.7 0 -16 10 1000 75 
101 2100 3 1 0 0 1 1 0 0.3 0 -22 9 1000 75 
102 2100 6 1 0 0 1 1 0 0.3 0 -22 9 1000 75 
103 2100 0 1 0 0 1 1 0 0.3 0 -22 9 1000 75 
104 800 3 1 0 0 1 1 0 0 10 -20 12 990 98 
105 800 6 1 0 0 1 1 0 0 30 -20 10 990 98 
106 800 0 1 0 0 1 1 0 0 40 -20 10 990 98 
107 1200 3 1 0 0 1 1 0 0.5 10 -16 9 990 98 
108 1200 6 1 0 0 1 1 0 0.5 30 -16 9 990 98 
109 1200 0 1 0 0 1 1 0 0.5 40 -16 9 990 98 
110 1700 3 1 0 0 1 1 0 0.5 10 -16 12 990 98 
111 1700 6 1 0 0 1 1 0 0.5 30 -16 10 990 98 
112 1700 0 1 0 0 1 1 0 0.5 40 -16 10 990 98 
113 2100 3 1 0 0 1 1 0 0 10 -22 9 990 98 
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114 2100 6 1 0 0 1 1 0 0 30 -22 9 990 98 
115 2100 0 1 0 0 1 1 0 0 40 -22 9 990 98 
116 800 3 0 1 0 0 0 0 0.3 10 12 20 990 98 
117 800 6 0 1 0 0 0 0 0.3 30 12 20 990 98 
118 800 0 0 1 0 0 0 0 0.3 40 12 20 990 98 
119 1200 3 0 1 0 0 0 0 0.5 10 14 25 990 98 
120 1200 6 0 1 0 0 0 0 0.5 30 14 25 990 98 
121 1200 0 0 1 0 0 0 0 0.5 40 14 25 990 98 
122 1700 3 0 1 0 0 1 0 0.5 10 14 25 990 98 
123 1700 6 0 1 0 0 1 0 0.5 30 16 25 990 98 
124 1700 0 0 1 0 0 1 0 0.5 40 16 25 990 98 
125 2100 3 0 1 0 0 1 0 0.2 10 16 18 990 98 
126 2100 6 0 1 0 0 1 0 0.2 30 16 18 990 98 
127 2100 0 0 1 0 0 1 0 0.2 40 16 18 990 98 
128 800 3 0 1 0 0 0 0 0.3 10 12 80 990 90 
129 800 6 0 1 0 0 0 0 0.3 30 12 70 990 90 
130 800 0 0 1 0 0 0 0 0.3 40 12 60 990 90 
131 1200 3 0 1 0 0 0 0 0.5 10 14 80 990 90 
132 1200 6 0 1 0 0 0 0 0.5 30 14 70 990 90 
133 1200 0 0 1 0 0 0 0 0.5 40 14 60 990 90 
134 1700 3 0 1 0 0 1 0 0.5 10 14 80 990 90 
135 1700 6 0 1 0 0 1 0 0.5 30 16 70 990 90 
136 1700 0 0 1 0 0 1 0 0.5 40 16 60 990 90 
137 2100 3 0 1 0 0 1 0 0.2 0 16 80 990 90 
138 2100 6 0 1 0 0 1 0 0.2 0 16 70 990 90 
139 2100 0 0 1 0 0 1 0 0.2 0 16 60 990 90 
140 800 3 1 0 0 1 1 1 0.1 10 -12 80 990 90 
141 800 6 1 0 0 1 1 1 0.1 30 -12 70 990 90 
142 800 0 1 0 0 1 1 1 0.1 40 -12 60 990 90 
143 1200 3 1 0 0 1 1 1 0.4 10 -10 80 990 90 
144 1200 6 1 0 0 1 1 1 0.4 30 -10 70 990 90 
145 1200 0 1 0 0 1 1 1 0.4 40 -10 60 990 90 
146 1700 3 1 0 0 1 1 1 0.4 10 -12 80 990 90 
147 1700 6 1 0 0 1 1 1 0.4 30 -12 70 990 90 
148 1700 0 1 0 0 1 1 1 0.4 40 -12 60 990 90 
149 2100 3 1 0 0 1 1 1 0 0 -16 80 990 90 
150 2100 6 1 0 0 1 1 1 0 0 -16 70 990 90 
151 2100 0 1 0 0 1 1 1 0 0 -16 60 990 90 
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APPENDIX 3 

Text File Used for MODXX Models 

* Met Info - July 8/96 - Mod12 
* Line 1 - Sun_NoPrecip values for increasing sun (21 values) 
*100 98 96 94 92 90 86 82 76 70 64 56 54 46 44 40 44 48 54 60 64 66 66 
* 

* Line 2 - Cloud_NoPrecip values - May 6/96 
*100 98 96 94 92 90 86 82 76 70 64 56 50 46 44 42 40 40 40 40 40 40 40 
* 

* Line 3 and 4 - Temperature - No Precip (81 values) 
*40 39 38 37 35 34 33 32 31 30 29 28 27 26 25 24 23 22 21 20 20 20 20 20 20 20 
20 20 20 20 20 20 20 20 20 18 16 14 12 12 12 
*12 12 12 12 12 12 12 12 12 12 12 12 12 12 12 12 12 12 12 12 12 12 12 12 12 12 
12 12 12 12 12 12 12 12 12 12 12 12 12 12 12 
* 

* Line 4 and 5 - Temperature - Precip 
*90 89 87 86 85 84 83 82 81 80 79 78 77 76 75 74 73 72 71 70 69 68 67 66 65 64 
63 62 61 60 64 68 72 74 78 82 86 90 94 98 98 
*98 88 78 68 58 48 48 48 48 48 48 48 48 48 48 48 48 48 48 48 48 48 48 48 48 48 
48 48 48 48 48 48 48 48 48 48 48 48 48 48 48 
* 

* Mod12 - July 10/96 - 2D tables for SUN 
100 96 96 96 96 96 72 66 60 56 48 44 40 42 44 50 56 60 64 64 64 64 64 64 
100 96 92 92 91 90 71 65 59 55 47 43 40 42 43 48 52 55 58 58 58 58 58 58 
100 96 92 86 85 84 69 63 57 53 45 42 40 41 42 45 48 50 52 52 52 52 52 52 
100 96 91 85 80 78 67 61 55 48 43 41 40 40 41 42 44 45 46 46 46 46 46 46 
100 96 90 84 78 72 66 60 54 48 42 40 40 40 40 40 40 40 40 40 40 40 40 40 

* MOD12 - July 10/96 - 2D tables for Temp - every 2 degrees 
* Row 1 - 0 mm/hr, row 2 = 5 mm/hr, etc. 
100 98 94 90 86 82 78 74 70 66 62 60 58 56 55 55 55 55 58 60 62 60 58 56 52 48 
44 40 40 40 40 40 40 40 40 40 40 40 40 40 40 113 110 106 101 97 92 87 83 79 74 
70 68 65 63 62 62 62 63 66 69 71 70 67 65 60 56 52 48 48 48 48 48 48 48 48 48 
48 48 48 48 48 125 123 118 113 108 103 97 93 88 83 78 75 73 70 69 69 69 71 75 
78 81 79 76 73 69 64 59 55 55 55 55 55 55 55 55 55 55 55 55 55 55 138 135 129 
124 118 113 106 102 96 91 85 83 80 77 76 76 76 79 83 86 90 89 85 82 77 71 67 
63 63 63 63 63 63 63 63 63 63 63 63 63 63 150 147 141 135 129 123 115 111 105 
99 93 90 87 84 83 83 83 87 91 95 99 98 94 90 85 79 74 70 70 70 70 70 70 70 70 
70 70 70 70 70 70 163 159 153 146 140 133 124 120 114 107 101 98 94 91 89 89 
89 94 99 104 108 108 103 99 93 87 82 78 78 78 78 78 78 78 78 78 78 78 78 78 78 
175 172 165 158 151 144 134 130 123 116 109 105 102 98 96 96 96 102 108 113 
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118 117 112 107 102 95 89 85 85 85 85 85 85 85 85 85 85 85 85 85 85 188 184 
176 169 161 154 143 139 131 124 116 113 109 105 103 103 103 110 116 121 127 
127 121 116 110 102 97 93 93 93 93 93 93 93 93 93 93 93 93 93 93 200 196 188 
180 172 164 152 148 140 132 124 120 116 112 110 110 110 118 124 130 136 136 
130 124 118 110 104 100 100 100 100 100 100 100 100 100 100 100 100 100 100 
* Line 6 - Constants (floating point) 
* 0-5 Scaling Constants 6-11 - Weight Constants, 12-17 - 
* Month, Day, Hour, Sun, Temp 
*3.33 0.833 0.0526 1 1 0 1 0.5 1 0.5 2 1 230 170 0 0 0 0 0 0 0 0 
*0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 
*3.33 0.833 0.0526 1 1 0 1 0.5 1 0.5 2 0 230 170 0 0 0 0 0 0 0 0 
3.33 0.833 0.0526 1 0.7 0 0.5 0.8 1 • 0.5 2 0 230 170 0 0 0 0 0 0 0 0 
* 

offsets 

* Line 7 - Traffic volume (mult. by 10) by month 
230 232 243 250 255 256 254 251 245 247 246 243 
* 

* Line 8 - Traffic volume (mult. by 10) by day of week 
237 237 245 260 279 259 170 
* 

* Line 9 - Traffic volume by hour of day 
600 400 250 200 90 80 100 210 700 1070 990 1290 144 
2000 1880 1490 1290 1150 1110 800 
* 
* 

* The following data is derived from SASKTOON.TXT 
* 

* Put this data into line 
*Month Traffic Volume 

* 
(Thousands) 

*Jan 23.0 
*Feb 23.2 
*Mar 24.3 
*Apr 25.0 
*May 25.5 
*Jun 25.6 
*Jul 25.4 
*Aug 25.1 
*Sep 24.5 
*Oct 24.7 
*Nov 24.6 
*Dec 24.3 

*Day of week Traffic Volume 
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(Thousands) 
* 

*Mon 23.7 
*Tue 23.7 
*Wed 24.5 
*Thu 26.0 
*Fri 27.9 
*Sat 25.9 
*Sun 17.0 
* 

*Hour of Day Traffic Volume Equation 
(Hourly) 

* 

*0000 600 
*0100 400 m = (400-80)/(100-500) = -0.8 
*0200 250 b = 400 - (-.8)*100 = 480 
*0300 200 TV = -0.8 * T + 480 [1] 
*0400 90 
*0500 80 m = (210-80)/(700-500) = .65 
*0600 100 b = 210 - .65*700 = -245 
*0700 210 TV = 0.65 * T - 245 [2] 
*0800 700 
*0900 1070 m = (1070-210)/(900-700)=4.3 
*1000 990 b = 1070 - 4.3*900 = -2800 
*1100 1290 TV = 4.3 * T - 2800 [3] 
*1200 1440 
*1300 1610 m = (990-1070)/(1000-900)=-0.8 
*1400 1690 b = 990 - (-0.8)*1000 = 1790 
*1500 1720 TV = -0.8 * T + 1790 [4] 
*1600 1810 
*1700 2000 m = (2000-1290)/(1700-1100)=1.183 
*1800 1880 b = 2000 - 1.183*1700 = -11.67 
*1900 1490 TV = 1.183*T - 11.67 [5] 
*2000 1290 
*2100 1150 m = (800-2000)/(2300-1700)=-2.0 
*2200 1110 b = 800 - (-2.0)*2300 = 5400 
*2300 800 TV = -2.0 * T + 5400 [6] 
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Input File Giving Typical Temperatures Over a Year by Hour of Day 
File "qtempsum.wb2" 

Hour Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 
0 -21.3 -21 -11 -0.1 8.4 15.2 12.4 12.2 6.6 1.2 -10.9 -18.4 

100 -19.7 -22.3 -11.4 -0.9 6.8 13.5 12.7 12.2 6.2 -0.2 -10.9 -18.6 

200 -19.1 -22.6 -10.3 -1.8 6.6 12.4 11.5 12.2 5.1 -0.4 -11.5 -18.4 

300 -18.6 -21.8 -10.3 -2.6 5.5 10.2 11 12.4 5 -0.2 -10.3 -18.4 

400 -18.2 -21.1 -10.1 -2.6 4 9.8 10.4 12.5 4.8 0.8 -10.9 -18.7 

500 -17.1 -22.5 -9.7 -3.6 4 9.6 9.4 12.3 4.7 0.6 -10.2 -17.9 
600 -15.9 -23 -11.1 -3.8 2.9 11 9.6 11.7 3.9 0.7 -9.7 -18.1 
700 -15.4 -22.8 -11.6 -2.4 5 12.5 11.2 10.4 3 0.5 -9.3 -18.4 

800 -15.7 -20.7 -11.8 -0.3 7.9 14.3 14.5 11.7 5.4 0.2 -9.1 -17.9 

900 -15.5 -18.6 -10.2 2.8 10 15.6 16.2 13.4 8.6 1.5 -10.6 -17.1 
is.) 1000 - 

1100 
-15.1 
-14.7 

-17.5 
-16.3 

-5.7 
-7.2 

5.9 
7.5 

11.8 
13.2 

16.8 
18 

19.6 
21.3 

16.1 
18.5 

11.4 
14.1 

4.8 
6.9 

-9 
-7.3 

-17.1 
-14.5 

1200 -14.1 -15.3 -5.8 8.4 14.4 19.1 17.2 20.6 15 7 -5.7 -12.7 

1300 -13.2 -13.9 -4.3 8.1 15.7 19.9 19.6 22 16.1 8.1 -4.5 -10.6 
1400 -12.5 -13.3 -3.7 7.7 16.8 20.2 22.9 22.5 17.1 10.5 -3 -8.7 
1500 -13.5 -11.1 -2 8.1 17.5 20.6 24.4 23.3 18 10.9 -3.7 -7.8 
1600 -12.9 -11 -1.4 8.7 17.5 20.7 24.3 23.7 18.5 10.6 -4.2 -7.7 

1700 -12.5 -10.6 -1.3 9 17.7 21.2 23.8 24.2 18.9 11.2 -5.4 -9.6 

1800 -11.8 -11.7 -2.1 9.2 17 21.5 24.4 23.3 18.6 10 -5.8 -9.8 
1900 -11.3 -12.9 -3.9 8.1 17.4 21 23.6 22.7 17.1 9.5 -6.6 -10.4 

2000 -10.9 -13.1 -5 7.5 15.8 20.6 22.1 19.6 15.1 8.8 -7.3 -11 

2100 -10.9 -12.4 -5 6.6 12.1 18.4 19.4 17.5 13.3 8.2 -7.8 -11.5 
2200 -11 -12.4 -4.9 6.2 12.1 15.9 17.3 16.5 10.2 8.7 -8.7 -12.3 

2300 -11.2 -12.9 -5.3 5.4 7.5 15.5 15.9 16.1 9.4 8.1 -9.4 -13.2 
*Monthly Average Temperature 

0 -14.5 -16.6 -6.8 3.9 11.2 16.4 17.4 17 11.1 5.4 -7.9 -14.1 

*Monthly Minimum Average Temperature 
0 -21.4 -24 -11.9 -3 8 2.8 9.1 9.2 10.4 3 -0.8 -11.5 



Input File Giving Typical Sunshine Values Over Year By Hour of Day 
File "solarsum.wb2" 

Hour Jan Feb Mar Apr May June July Aug Sept ... Oct Nov Dec 
0 -1.3 -2.43 -2.83 -1.7 -1.63 -3.51 -3.66 -4.39 -4.2 -1.16 -2.05 0.8 

100 -1.3 -2.4 -3.1 2.2 -1.3 -3.2 -1.2 -5.4 -6 -0.9 -2.1 -0.8 
200 -2 -2.7 -3.2 2 -0.8 -3.5 -2.5 -4.4 -3.3 -3.4 -2.7 -0.1 
300 -1.3 -2.5 -2.5 -1.7 -0.1 -4.1 -1.5 -3.1 -4.4 -3.2 -2.1 -1 
400 -1.8 -2.8 -2.2 -3.1 -1.6 -5.5 -1.2 -3.3 -3.7 -0.7 -0.6 -1.6 
500 -1.6 -1.8 -2.4 -1.5 -1.6 4.1 -1.1 -2.9 -1.6 -0.4 -0.4 -2.5 
600 -2.9 -0.9 -1.6 -1.1 49.5 64.3 12.8 3.2 -2.1 -1.8 -0.4 -2.1 
700 -2.6 -1.7 -1.5 64.6 177.3 183.5 151.4 87.6 4 -2.9 -0.4 -2 
800 -2 -2.6 10.5 209.5 338.9 336.1 289.2 192.1 109.9 5.4 -0.5 -2.1 
900 -2.3 13.7 191.8 365.3 508.8 482.7 484.4 313.5 259 110.3 35.7 -1.8 

1000 58.7 215 334.9 529.7 650.1 622.2 580.9 571.9 407.4 240.1 173.6 46 
1100 201.4 329 478 490.9 776.1 752.6 725.1 664.1 519.6 355.5 288.3 167.2 

1-..) 1200 283.9 438.2 600.4 710.7 863 823.7 813.2 733.1 597.1 433.7 335.6 211.5 
t•J 1300 349.6 541.3 709.5 756.4 899.1 872.4 822.7 834.7 642.1 462.5 347.8 266.1 

1400 348.7 545.4 647.1 775 877.7 871.1 833.4 799.1 641.5 443.3 304.6 208.4 
1500 287.4 506.6 548.2 713.7 812.6 829.1 794.3 743 584.7 379.4 239.1 158.3 
1600 185.4 255.1 411.9 611 706.2 725.6 706.5 645.3 473.5 264.2 83.1 70.8 
1700 47 209.5 195.3 470.3 564.8 579.7 395.1 518.6 345.8 133 29.4 5.6 
1800 -3.6 55.5 89.7 305.5 402.6 427.5 336.8 364.6 181.9 14.4 -2 2.5 
1900 -2.6 -3.7 12.3 138 228 260.8 164.2 199.7 32.6 -6 -2 -1.8 
2000 -2.2 -3.3 -0.5 16.4 76.25 103.7 67.6 54.6 -6.1 -5.2 -2 -2.1 
2100 -2.5 -1.6 -0.2 -4.7 -0.9 16 8 -5.6 -3.4 -4 -1.2 -2.7 
2200 -2.8 -2.9 -0.1 -5 -4 -3.9 -2.4 -4.2 -3 -3.3 -2.4 -3.3 
2300 -2.1 -4 -0.2 -4.1 -5.1 -3.9 -1.3 -3.7 -3.9 -3.9 -1.1 -1.3 

*Cloud_max - May 6/96 - adjust CM values - Give Sunshine Levels for Overcast Conditions 
156.8 68.7 140.2 157 117.6 202.8 419.6 135.5 682 70.7 94.6 102 
156.8 270 350 375 450 435 415 415 320 230 170 133 

"Avg_max - Maximum sunshine levels per month 
349.6 545.4 709.5 775 899 872.4 833.4 834.7 642.1 462.5 347.8 266.1 



APPENDIX 4 

Descriptive file "MODH1O.DOC" for MODXX models. 

Month 
( Vary by day) 

Day Time Temp Precip Cloud Intensity 
Level 

January Mon 0 5 0 0 0 
January Mon 100 5 0 10 0 
January Mon 200 5 0 20 0 
January Mon 300 5 0 30 0 
January Mon 400 5 0 40 0 
January Mon 500 5 0 50 0 
January Mon 600 5 0 60 0 
January Mon 700 5 0 70 0 
January Mon 800 5 0 80 0 
January Mon 900 5 0 90 0 
January Mon 1000 5 0 100 0 
January Mon 1100 5 0 0 0 
January Mon 1200 5 0 0 0 
January Mon 1300 5 0 0 0 
January Mon 1400 5 0 10 0 
January Mon 1500 5 0 20 0 
January Mon 1600 5 0 30 0 
January Mon 1700 5 0 40 0 
January Mon 1800 5 0 50 0 
January Mon 1900 5 0 60 0 
January Mon 2000 5 0 70 0 
January Mon 2100 5 0 80 0 
January Mon 2200 5 0 90 0 
January Mon 2300 5 0 100 0 
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Sample Output File Processed by MODH100.EXE 
Output File "MODO10.DOC" 

Line Month Day Time Temp Prec Sun Imp 
1 1 2 0 -21 0 0 119 -119 
2 1 2 1 -19 0 0 108 -108 
3 1 2 2 -19 0 0 101 -101 
4 1 2 3 -18 0 0 98 -98 
5 1 2 4 -18 0 0 92 -92 
6 1 2 5 -17 0 0 92 -92 
7 1 2 6 -15 0 0 93 -93 
8 1 2 7 -15 0 0 98 -98 
9 1 2 8 -15 0 0 124 -124 
10 1 2 9 -15 0 0 144 -144 
11 1 2 10 -15 0 25 139 -139 
12 1 2 11 -14 0 201 165 -165 
13 1 2 12 -14 0 283 173 -173 
14 1 2 13 -13 0 349 182 -182 
15 1 2 14 -12 0 328 186 -186 
16 1 2 15 -13 0 255 188 -188 
17 1 2 16 -12 0 154 193 -193 
18 1 2 17 -12 0 36 193 -193 
19 1 2 18 -11 0 0 186 -186 
20 1 2 19 -11 0 0 166 -166 
21 1 2 20 -10 0 0 155 -155 
22 1 2 21 -10 0 0 148 -148 
23 1 2 22 -11 0 0 146 -146 
24 1 2 23 -11 0 0 129 -129 
25 1 3 2 -19 0 0 104 -104 
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