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ABSTRACT

One of the most important factors in crop growth is weather, therefore, weather
forecasting is vital for agricultural production decision making. For crops such as peaches and
blueberries, low temperatures during the bloom period can result in crop damage. Thus frost
forecasts are important to provide a warning to farmers, who can then take appropriate actions to
minimize damage to their crop. However there are no local short-term frost forecasting systems
available at the moment. The complex and non-linear nature of the relationships between various
meteorological factors cannot be easily modeled. The goal of this research was to develop a
decision support system using Artificial Neural Networks (ANNs) to forecast temperatures in
hourly increments from one to twelve hours for any location in south Georgia region, for which,
current weather data was available.

INDEX WORDS: Artificial Neural Networks, Frost Prediction, Temperature Forecast, Air
Temperature, Weather Data Network, Decision Support System.
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In this case while the scope of predictions for DP1 ended when the temperature conditions were
still below 0°C, ANNs using data of DP2 and DP3 were in a position to predict when the freeze
conditions would end. ANNSs using data of DP2 predicted the end of the freeze conditions one
hour prematurely by predicting the first non-freezing temperature after predicting a freezing
temperature at 0800 hours on January 22, whereas the first non-freeze temperature occurred at
0900 hours on January 22. The same was observed for ANNs using data of DP3; however, the
magnitude of the over estimation of the temperature is less than that of the ANNs using data of
DP2 (ANNs using data of DP2 predicted the first non-freeze temperature as 1.12°C and ANNs
using data of DP3 predicted 0.38°C while the observed temperature at that time was -1.13°C. The
accuracy of the predictions of the ANNs increased as the decision points were closer to a
temperature event.

The results of a similar simulation using data from Alma from 1700 hours on January 7,
2002 to 1300 hrs on January 2002 are shown in Figure 2.8. DP1 for this simulation was at 1700
hours on Janaury 7, 2002. It was ten hours before the first freeze temperature which occurred at
0300 hours on January 8 (Figure 2.8). The freeze event was randomly selected and then data
prior to this event was used to run the simulation. The ANNs using current observed data of DP1
failed to predict any freeze temperatures. In contrast, the ANNs using data of DP2 (at 2100 hours
on January 7) successfully predicted most of the freeze temperatures. It was observed though that
the ANNs predicted the first freezing temperature two hours prior, then predicted the subsequent
temperature to rise above 0°C and subsequently drop again to below 0°C. The second time the
ANNS predicted the temperature to drop below 0°C is when the actual freezing temperature was
observed. The first observed freeze temperature was -1.07°C and the ANNs predicted a

temperature of -0.98°C (Figure 2.8). ANNs using current observed data at DP3 (at 0100 hours on
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January 8) did not actually predict a below 0°C temperature for the first freeze temperature but
predicted all below 0°C temperatures subsequently.

For this simulation, ANNs using data of DP1 and DP2 could not be used to predict the
end of the freeze event as their scope ended before the freeze event was over. The scope of
prediction for any DP is twelve hours after the DP. In this case the freeze event lasted longer
than twelve hours after the DPs. However ANNs using data of DP3 were in a position to predict
the end of the freeze. They accurately predicted the end of the freeze event. The first non-
freezing temperature was 2.16°C and occurred at 1000 hours on January 8. ANNs using data of
DP3 predicted 0.56°C for that time (Figure 2.8). None of the decision points accurately predicted
the severity of the freeze event. The lowest temperature observed during the simulation was -
4.1°C while the lowest temperatures predicted by the ANNs using data from DP2 was -1.54°C
and the lowest temperature predicted by DP3 was 1.51°C.

A simulation was carried out using data from Blairsville. Figure 2.9 represents the
simulation using data from Blairsville starting at 1900 hours on January 21, 2001 and ending at
1500 hours on January 22, 2001. DP1 was at 1900 hours on January 21, twelve hours prior to the
first freezing temperature that occurred at 0700 hours on January 22. From this DP only the first
freeze temperature could have been predicted and the ANNs using the current observed data
from DP1 predicted it correctly. The first freeze temperature was observed to be -0.16°C and the
ANNS predicted a temperature of -1.92°C (Figure 2.9). ANNSs using data of DP2 (at 2300 hours
on January 21) overestimate the severity and duration of the freeze events. The ANNs predicted
the start of the freeze event two hours prematurely at 0500 hours on January 22. They predicted
the lowest temperature to be -2.63°C while the lowest observed temperature was -1.16°C (Figure

2.9). The ANNs using data from DP2 accurately predicted the end of freeze. The first non-freeze
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temperature was observed at 1100 hours on January 22 with temperature of 0.92°C. The ANNs
predicted the first non-freeze temperature to be 0.89°C at the same time (Figure 2.9). ANNs
using data of DP3 (at 0300 hours on January 22) hovered very close to the 0°C temperature. The
first below 0°C temperature was observed to be -0.16°C and the ANNs predicted the temperature
to be 0.06°C at the time. ANNs using data of DP3 accurately predicted the time at which the
freeze would end. They predicted their first non-freeze temperatures to be 1.15°C (Figure 2.9).
In this case the duration of the freeze itself was small (the freeze lasted for only about four hours
with temperatures at the beginning and the end of the freeze hovering just below 0°C) which
could be an explanation for the ambiguity vis-a-vis the temperature predictions from DP3.

As was stated previously South Georgia experienced an unexpected late and severe frost
in 2002. For example, in Fort Valley the last freezing temperatures were recorded as low -1.18°C
on March 23, 2002 and in Alma the last freeze temperatures were recorded as -1.39°C on March
6, 2002. Both the locations are in the south Georgia region. Thus an analysis was conducted on
predictions of the ANNSs for the year 2002 for these two locations that are in the region. In the
year 2002, Fort Valley experienced seventeen frost events of which the model failed to predict

only one. Alma experienced twelve frost events and all were correctly predicted by the model.

SUMMARY AND CONCLUSION

ANN models were developed to predict hourly temperatures in hourly increments for
three locations in Georgia. Experiments were conducted to determine the important weather
variable inputs, which included temperature, relative humidity, solar activity and wind speed. It
was found that the duration of prior data needed depended on the period of prediction as well as

the location. For the prediction periods one to three hours for Fort Valley the duration of prior
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weather data with the smallest MAE was two hours and for other prediction periods it was six
hours. In case of Alma and Blairsville, for prediction periods one and two hours the smallest
MAEs were associated with two hours of prior data and for other prediction periods they were
with six hours of prior data. The Ward ANNs produced the highest accuracy: the optimal number
of hidden nodes varied between 5 hidden nodes per slab to 45 hidden nodes per slab depending
on location and period of prediction. When an ANN model developed for a particular location
was used to predict temperatures for another location, the accuracy was less than when using a
model developed for the original location.

In a simulation of the proposed DSS for Fort Valley, Alma and Blairsville, the system
predicted both the temperatures and the duration of freezing temperature conditions reasonably
well. Future research will focus on developing a general ANN temperature predictor based on
data from multiple locations. Such a general model is needed because a location may not have

historical weather data to be able to develop a model.
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Table 2.1: Four hour temperature prediction for various combinations of inputs for Fort Valley,

GA
Temperature™ |Rel. Humidity™| ~ Wind™ Solar Radiation™ | Rainfall™ MAE*
°C
X 1.41
X X 1.19
X X 1.34
X X 1.35
X X 1.44
X X X 1.15
X X X 1.17
X X X 1.21
X X X X 1.12
X X X X 1.16
X X X X X 1.14

* - The MAE was calculated only for observed temperatures below 5°C in the model evaluation
set (data from 2001-02)

[a] — For any given term there are 4 prior data values (corresponding to 4 hours of prior data
corresponding to 4 input nodes), 4 A values (corresponding to another 4 input nodes) and current
value (corresponding to one more input nodes)

X — Denotes which terms were used

Table 2.2: Accuracy of one hour and twelve hour temperature prediction accuracies for various
prior data durations, Fort Valley, GA, 15 minute data format

Duration
for Prior | Prediction Period | MAE"
Data (hours) (°C)
(hours)
2 1 0.59
4 1 0.64
6 1 0.66
2 12 2.49
4 12 2.48
6 12 2.47

" - Model Evaluation data set, 2001-02 weather data
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Table 2.3: The best results for each period of prediction for Fort Valley, GA

Prediction| Duration of | MAE
Period | PriorData | (°C)
(hours) (hours)

1 2 0.59
2 2 0.94
3 2 1.21
4 2 1.41
5 2 1.6
6 2 1.77
7 2 1.91
8 2 2.05
9 2 2.18
10 2 2.27
11 2 2.4
12 2 2.49

" - Model Evaluation data set, 2001-02 weather data in 15-minute format

Table 2.4: The best results when using only one model for all periods of prediction for Fort

Valley, GA
Prediction | Duration of | MAE"
Period | Prior Data | (°C)
(hours) (hours)
1 2 0.67
2 2 0.98
3 2 1.43
4 2 1.45
5 2 1.64
6 2 1.81
7 2 1.93
8 2 2.10
9 2 222
10 2 2.35
11 2 2.52
12 2 2.63
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Prediction | Duration of | MAE
Period Prior Data | (°C)
(hours) (hours)

1 2 0.56
2 2 0.9
3 2 1.17
4 6 1.37
5 6 1.55
6 6 1.7
7 6 1.83
8 6 1.96
9 6 2.09
10 6 2.18
11 6 2.32
12 6 2.36

Table 2.5: The best results for each period of prediction for Fort Valley, GA

" - Model Evaluation data set, 2001-02 weather data in hourly format

Table 2.6: The best results for each period of prediction

Prediction Alma Blairsville
Period Duration of | MAE™ | Duration of | MAE"
(hours) Prior Data | (°C) | Prior Data | (°C)

(hours) (hours)
1 2 0.56 2 0.65
2 2 0.97 2 1.07
3 6 1.28 6 1.42
4 6 1.52 6 1.7
5 6 1.71 6 1.94
6 6 1.89 6 2.14
7 6 2.05 6 2.31
8 6 2.19 6 2.5
9 6 2.32 6 2.64
10 6 2.4 6 2.78
11 6 2.49 6 2.86
12 6 2.6 6 2.96

" - Model Evaluation data set, 2001-02 weather data in hourly format
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2003 weather data in hourly format

Table 2.7: The best results for each period of predictions for final model evaluation data set,

Prediction Period MAE ( °C)
(hours) Alma Blairsville Fort Valley
1 0.53 0.62 0.54
2 0.93 1.01 0.88
3 1.2 1.33 1.16
4 1.44 1.63 1.36
5 1.58 1.9 1.56
6 1.77 2.13 1.7
7 1.87 2.31 1.87
8 2.05 2.47 2.0
9 2.15 2.6 2.13
10 2.25 2.79 2.24
11 2.32 2.88 2.4
12 2.44 2.98 2.41

Table 2.8: The accuracy of an ANNs developed for Fort Valley, Blairsville and Alma, and

evaluated for weather data from the three locations

Evaluation Prediction Models
Data Period —
(hours) Alma Blairsville Fort Valley
(MAE °C) (MAE °C) (MAE °C)
Alma 1 0.56 0.83 0.61
12 2.60 3.37 2.71
Blairsville 1 0.75 0.65 0.75
12 3.27 2.96 3.28
Fort Valley 1 0.58 0.73 0.56
12 2.44 2.98 2.36

" - Model Evaluation data set, 2001-02 weather data in hourly format
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one year of data available for model development, the MAE associated with the locations
specific model for predicting temperature one hour in the future was 0.68°C, while that
associated with nine-location data models was 0.62°C (Table 3.2). Similarly the location specific
models had MAEs of 1.74°C (Table 3.3), 2.50°C (Table 3.4) and 2.98°C (Table 3.5) associated
with four, eight and twelve hours period of prediction, respectively. The MAEs for the same
periods of predictions, for the nine-location data models, were 1.66°C, 2.46°C and 2.79°C
respectively. For those target locations that had three or more years of data available for model
development, the four periods of predictions for all the locations had smaller MAEs than that of
the general model.

Further experiments were conducted with data from Fort Valley wherein ANNs were
created with only one, two, three, four, five, six and seven years of data to determine the
improvement in accuracy with addition of years of data. It was observed that the MAE tends to
become smaller as more years are added to the model development data. The reduction seems to
level out at approximately four years of data. The MAEs associated with models that were
developed with one or two years of data was slightly larger than the MAEs of the models that
were developed with three or more years of data. For example for period of prediction of eight
hours the MAE was 2.2°C and 2.1°C for models with one and two years of data but remained
2.0°C for all other models with larger number of years of data (Table 3.6).

To determine the benefit of including some data from a potential target location into
model development data, experiments were conducted as outlined in the methodology section.
The smallest MAE from the general model for predicting temperatures twelve hours in the future
for Alma was found to be 2.62°C (Table 3.7). This model used four to five years of data from

Alma, depending on the layout, as part of its model development of data. In comparison the
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largest MAE for the same period of prediction for Alma was 2.80°C for a model that did not use
any data from Alma as part of the model development data set (Table 3.7). Similarly for
Blairsville the lowest MAE of 3.05°C was observed for the data configuration that had four to
five years of Blairsville data in the model development data set configuration, while the largest
MAE of 3.28°C is seen the configuration that does not use Blairsville data in the model
development data set configuration (Table 3.7). For Fort Valley the same behavior is observed as
well, in the configuration that does not use any data from Fort Valley the MAE was observed to
be 2.48°C while the configuration that has the largest amount of data from Fort Valley, the MAE
was observed to be 2.38°C (Table 3.7). Notice that when a configuration has four or five years of
data from one particular location the accuracy of the predictions of other locations degrades. So
when the layout includes data only from Alma and Fort Valley predictions for these locations
increase their accuracy with MAEs of 2.62°C and 2.38°C respectively but the accuracy of the
predictions for other locations decreases, for example the MAE for predictions for Blairsville
from the same configuration is 3.28°C. Hence it can be concluded that significant improvement
in accuracy of predictions for a location can be achieved by including data from that location but
this causes a decrease in accuracy of predictions for other locations. Effectively the model loses
its generality by the inclusion of large of amount of data from any one location. This is further
borne out by the fact, as listed in Table 3.8, for the four periods of predictions considered, only
the nine-location data models had the smallest averaged MAEs associated with it for all the
prediction durations.

Once it was determined that the nine location configuration was the best configurations,
the best layout amongst the five layouts was chosen as the data set from which to train the ANNs

that would predict temperatures at two, three, five, six, seven, nine, ten and eleven hours in the
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future. The best layout was again chosen on the basis of least MAE and SD. The models
developed using the chosen layout had Ward architecture with the 25 hidden nodes per slab
configuration.

The MAEs associated with all the periods of predictions for Byron when 2001 to 2003
data was used as input for the general model in the feed forward mode are listed in Table 3.9.
Byron was selected as it is prototypical of a location for which the general model has been
developed. It has no historical data prior to 2001 and is located in a fruit producing region of
Georgia. Also listed in the table is a parameter called Mean Absolute Difference (MAD). This
parameter is a measure of how much, on an average, temperature can vary in space of one to
twelve hours. It was calculated by determining the absolute difference between current observed
temperature and the observed temperature at a time interval ‘t’ in the future. The absolute
difference was then averaged over the three years of data starting from 2001 to 2003 to
determine MAD. The ratio of MAE:MAD serves as an additional measure of accuracy of the
ANN with smaller the ratio the more accurate the model. This was done to put the MAEs of the
various periods of predictions in the larger perspective of over all temperature variability over
fixed periods of time. As can be seen long term the predictions are much more accurate using the
MAE/MAD ratio, with the lowest ratio 0.37 for seven to eleven hours periods of predictions and
the highest ratio of 0.61 associated with one hour period of prediction. Figure 3.2 graphically
represents the results that have been tabulated in Table 3.9. From the graph it becomes apparent
that the MAE rises rapidly at short periods of predictions and then rises slowly at longer periods
of predictions.

For Dixie it was again observed that short term predictions have a higher ratio than long

term predictions with the lowest ratio being observed as 0.35 for eight and eleven hour periods of
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predictions and the highest ratio of 0.58 being observed for one hour period of prediction (Table
3.10). Figure 3.3 represents these results graphically. The same behavior as seen for Byron is
observed for Dixie as well. The MAE rises quickly at smaller period of predictions and rises
slowly at longer periods of predictions.

Homerville only has data available from 2003. Despite having less data Homerville was
selected as it is in a fruit producing region of south Georgia and is thus prototypical of a target
location for the general model. Lower ratios occur at longer periods of prediction with the lowest
ratio of 0.39 occurring at ten hour period of prediction and the highest occurring at one hour
period of prediction (Table 3.11). The results are graphically represented in Figure 3.4. Here too
the MAE rises quickly at shorter periods of predictions and the rate of rise slows down at longer
periods of prediction.

Nahunta was selected as it too is located in the fruit crop producing region of south
Georgia and does not have historical data. Nahunta has data available from day 82 of 2002 and
all of 2003. The ratio is again higher at shorter periods of predictions with the highest being 0.61
for one hour period of prediction and smaller at longer periods of predictions with lowest being
0.41 for ten and eleven hours period of predictions (Table 3.12). Figure 3.5 has the graphical
representation of the results. Notice that Nahunta has higher MAD than the other locations, this
could be due to an unstable climate, which in turn could explain the low accuracy of the general
model for predicting temperatures at Nahunta.

To gauge the accuracy of the general model in a paradigm of false positives and false
negatives and exercise was conducted on 2003 data from Fort Valley using the models developed

for predicting temperatures one, four, eight and twelve hours in the future. It was found that there
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were no false positives (i.e. false alarms) and there were no false negatives (i.e. missed freeze

events).

SUMMARY AND CONCLUSIONS

To determine the first objective ANN models were developed to predict temperature at a
location without historical weather data using a model developed with data from locations with
historical data. The general models were found to be reasonably accurate. The MAE for the
twelve, eight, four and one hour period of prediction varied from 2.40°C to 3.26°C, 2.07°C to
2.89°, 1.44°C to 1.96°C and 0.54°C to 0.72°C, respectively, depending on the location and the
configuration chosen.

It was determined that the nine-location data configuration was the best configuration
compared to the configurations that had data from four and two locations. The nine-location
configuration consisted of data from Alma, Arlington, Attapulgus, Blairsville, Fort Valley,
Griffin, Midville, Plains and Savannah. The MAEs averaged over the thirteen location not used
in model development were 2.69°C, 2.30°C, 1.60°C and 0.62°C, for the periods of prediction of
twelve, eight, four and one hour respectively.

It was also observed that accuracy of the general models was comparable to the models
that were developed specifically for a location. For example, for Dearing the MAEs associated
with the location specific models were 0.64°C, 1.54°C, 2.25°C and 2.67°C, for the period of
prediction of one, four, eight and twelve hours, respectively, while the MAEs associated with the
nine-location configuration were 0.61°C, 1.52°C, 2.17°C and 2.57°C, for the corresponding

periods of prediction.
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Future research will focus on developing hidden node optimized ANN models that can
predict temperature for all durations starting from one hour to twelve hours in the future. Once
the ANNs have been developed they would be incorporated into the pre-existing web-based
information dissemination programs, where they can be used as a Decision Support Tool to aid

farmers in protecting their crops from frost damage.
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Table 3.1: Data usage for locations

Locations Pre- 2001 Usage!”
Data

Alma 7 D
Arlington 4 D
Attapulgus 8 D
Blairsville 8 D
Brunswick 1 E
Byron 0 E
Cairo 3 E
Camilla 3 E
Cordele 3 E
Dearing 2 E
Dixie 2 E
Dublin 3 E
Fort Valley 7 D
Griffin 9 D
Homerville 0 E
Midville 9 D
Nahunta 0 E
Plains 8 D
Savannah 8 D
Valdosta 3 E
Vidalia 3 E

[a] — Number of years of data available for model development prior to the year 2001
[b] — ‘D’ is used to designate the data from a location was used for model development and ‘E’ is
used to designate the data was used for model evlauation
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Table 3.2: Evaluation of the twelve hour temperature predictions with independent data for 2001 to 2003 based on different model

configurations.
9 Locations 1! 4 Locations 4 Locations [ 4 Location ' 2 Locations [ 2 Locations 7 2 Locations [ Location Spf,
Locations MAE* Std. MAE* Std. MAE* Std. MAE* Std. MAE* Std. MAE* Std. MAE* Std. MAE
(°C) Dev (°C) Dev (°C) Dev (°C) Dev (°C) Dev (°C) Dev (°C) Dev (°C) Years 1!

Brunswick 2.79 0.07 2.82 0.08 2.78 0.04 2.77 0.03 2.86 0.09 2.89 0.07 2.85 0.05 2.98 1
Byron 2.49 0.03 2.50 0.02 2.50 0.03 2.49 0.03 2.49 0.03 2.50 0.02 2.47 0.04 0
Cairo 2.54 0.05 2.57 0.04 2.53 0.04 2.51 0.03 2.56 0.05 2.65 0.04 2.54 0.02 2.63 3
Camilla 2.58 0.04 2.60 0.05 2.61 0.04 2.59 0.03 2.57 0.03 2.69 0.05 2.60 0.01 2.59 3
Cordele 2.68 0.02 2.66 0.05 2.79 0.05 2.80 0.09 2.64 0.05 2.77 0.05 2.86 0.05 2.64 3
Dearing 2.57 0.04 2.55 0.02 2.63 0.04 2.61 0.03 2.55 0.02 2.60 0.02 2.59 0.04 2.67 2
Dixie 2.44 0.03 2.43 0.04 2.47 0.05 2.45 0.03 2.40 0.03 2.52 0.06 2.45 0.02 2.44 2
Dublin 2.92 0.08 3.04 0.06 2.85 0.03 2.87 0.03 3.06 0.05 3.03 0.03 2.94 0.05 2.70 3
Homerville 2.87 0.05 2.92 0.06 2.83 0.05 2.79 0.05 2.90 0.03 3.02 0.07 2.78 0.04 0
Nahunta 3.15 0.05 3.17 0.08 3.09 0.08 3.01 0.07 3.15 0.05 3.26 0.08 3.03 0.06 0
Newton 2.85 0.07 2.95 0.07 2.79 0.03 2.81 0.03 2.95 0.06 2.95 0.03 2.85 0.04 3.02 1
Valdosta 2.56 0.03 2.50 0.05 2.60 0.05 2.62 0.07 2.49 0.04 2.62 0.04 2.60 0.02 2.60 3
Vidalia 2.55 0.04 2.52 0.05 2.60 0.07 2.64 0.05 2.54 0.04 2.61 0.03 2.65 0.02 2.53 3
AVG. ** 2.69 0.21 2.71 0.24 2.70 0.18 2.69 0.16 2.70 0.24 2.78 0.23 2.71 0.18

[a]- Alma, Arlington, Attapulgus, Blairsville, Fort Valley, Griffin, Midville, Plains, Savannah
[b] - Alma, Attapulgus, Fort Valley, Griffin
[c] - Attapulgus, Blairsville, Fort Valley, Savannah
[d] - Alma, Blairsville, Fort Valley, Savannah
[e] - Alma, Fort Valley
[f] - Blairsville, Fort Valley
[g] - Alma, Blairsville
[h] - Location Specific models used all years of data available for the location, hence no multiple layouts
[1] - No. of years of data availbale for model development for a location
* - MAE calculated by averaging all the MAEs for a location over all layouts of a given configuration
** - Average MAEs for all locations in the table for all layouts of a configuration
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Table 3.3: Evaluation of the eight hour temperature predictions with independent data for 2001 to 2003 based on different model

configurations.
Locations 9 Locations 4 Locations ™ 4 Locations @ 4 Location 2 Locations [ 2 Locations 7 2 Locations [ Location Spf. hl
MAE* Std. | MAE* Std. MAE* Std. MAE* | Std. | MAE* Std. MAE* | Std. | MAE* Std. MAE
(°C) Dev (°C) Dev (°C) Dev (°C) | Dev | (°C) Dev (°C) | Dev | (°C) Dev (°C) | Years!

Brunswick 2.46 0.02 2.47 0.02 2.48 0.05 2.45 0.10 2.53 0.04 2.53 0.06 2.58 0.03 2.50 1
Byron 2.08 0.02 2.12 0.03 2.15 0.04 2.13 0.05 2.11 0.03 2.12 0.02 2.15 0.05 0
Cairo 2.16 0.01 2.24 0.03 2.21 0.02 2.21 0.01 2.22 0.02 2.29 0.03 2.24 0.03 2.20 3
Camilla 2.20 0.02 2.27 0.04 2.27 0.04 2.27 0.03 2.22 0.01 2.33 0.04 2.28 0.03 2.19 3
Cordele 2.23 0.03 2.28 0.04 2.35 0.03 2.33 0.04 2.22 0.02 2.38 0.05 2.44 0.05 2.20 3
Dearing 2.17 0.01 2.17 0.02 2.28 0.01 2.25 0.03 2.19 0.03 2.21 0.03 2.25 0.03 2.25 2
Dixie 2.07 0.03 2.12 0.04 2.16 0.04 2.14 0.03 2.08 0.01 2.18 0.04 2.15 0.04 2.06 2
Dublin 2.52 0.03 2.64 0.05 2.45 0.03 2.48 0.03 2.65 0.04 2.62 0.03 2.60 0.04 2.33 3
Homerville 2.45 0.03 2.56 0.07 2.44 0.05 2.45 0.06 2.50 0.02 2.67 0.06 2.51 0.05 0
Nahunta 2.68 0.05 2.79 0.07 2.66 0.08 2.66 0.07 2.71 0.03 2.89 0.07 2.74 0.06 0
Newton 2.49 0.02 2.60 0.06 2.47 0.03 2.51 0.04 2.59 0.03 2.57 0.03 2.58 0.05 2.65 1
Valdosta 2.18 0.03 2.19 0.03 2.31 0.08 2.31 0.06 2.15 0.03 2.29 0.03 2.29 0.04 2.23 3
Vidalia 2.17 0.05 2.14 0.03 2.26 0.02 2.25 0.06 2.19 0.03 2.20 0.02 2.26 0.02 2.18 3
AVG, ** 2.30 0.19 2.35 0.22 2.35 0.15 234 | 0.16 2.34 0.22 241 | 023 2.39 0.19

[a]- Alma, Arlington, Attapulgus, Blairsville, Fort Valley, Griffin, Midville, Plains, Savannah
[b] - Alma, Attapulgus, Fort Valley, Griffin

[c] - Attapulgus, Blairsville, Fort Valley, Savannah

[d] - Alma, Blairsville, Fort Valley, Savannah
[e] - Alma, Fort Valley
[f] - Blairsville, Fort Valley
[g] - Alma, Blairsville
[h] - Location Specific models used all years of data available for the location, hence no multiple layouts
[1] - No. of years of data availbale for model development for a location
* - MAE calculated by averaging all the MAEs for a location over all layouts of a given configuration
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Table 3.4: Evaluation of the four hour temperature predictions with independent data for 2001 to 2003 based on different model

configurations.
Locations | 9 Locations ™ 4 Locations 4 Locations [ 4 Location ' 2 Locations [ 2 Locations 2 Locations '@ Location Spf. (h]
MAE* Std. MAE* | Std. | MAE* Std. MAE* Std. MAE* MAE* Std. MAE* Std. MAE
(°C) Dev (°C) | Dev | (°C) Dev (°C) Dev (°C) | Std.Dev | (°C) Dev (°C) Dev (°C) Years [

Brunswick 1.66 0.05 1.71 0.03 1.69 0.04 1.68 0.02 1.71 0.02 1.70 0.06 1.73 0.03 1.74 1
Byron 1.50 0.02 1.52 0.03 1.54 0.02 1.54 0.02 1.50 0.01 1.53 0.03 1.54 0.02 0
Cairo 1.53 0.02 1.54 0.02 1.55 0.01 1.55 0.02 1.53 0.02 1.60 0.04 1.54 0.01 1.55 3
Camilla 1.55 0.01 1.55 0.02 1.57 0.02 1.56 0.03 1.54 0.02 1.61 0.03 1.54 0.01 1.55 3
Cordele 1.54 0.03 1.51 0.03 1.54 0.02 1.55 0.05 1.50 0.02 1.57 0.04 1.55 0.02 1.37 3
Dearing 1.52 0.02 1.51 0.02 1.56 0.02 1.57 0.03 1.51 0.01 1.54 0.03 1.54 0.03 1.54 2
Dixie 1.46 0.01 1.45 0.02 1.48 0.03 1.48 0.03 1.44 0.03 1.51 0.03 1.45 0.01 1.49 2
Dublin 1.74 0.02 1.82 0.04 1.72 0.02 1.72 0.02 1.82 0.02 1.81 0.03 1.78 0.02 1.67 3
Homerville 1.73 0.02 1.73 0.03 1.71 0.03 1.69 0.02 1.71 0.03 1.80 0.03 1.70 0.02 0
Nahunta 1.86 0.03 1.87 0.03 1.84 0.02 1.80 0.03 1.85 0.04 1.96 0.04 1.84 0.03 0
Newton 1.74 0.02 1.79 0.03 1.76 0.02 1.76 0.03 1.79 0.03 1.81 0.03 1.79 0.02 1.83 1
Valdosta 1.52 0.02 1.48 0.03 1.54 0.03 1.57 0.06 1.48 0.03 1.56 0.04 1.52 0.02 1.51 3
Vidalia 1.47 0.02 1.47 0.03 1.51 0.03 1.52 0.04 1.46 0.03 1.49 0.04 1.50 0.03 1.51 3
AVG. ** 1.60 0.13 1.61 0.15 1.61 0.11 1.62 0.10 1.60 0.14 1.65 0.14 1.62 0.13

[a]- Alma, Arlington, Attapulgus, Blairsville, Fort Valley, Griffin, Midville, Plains, Savannah
[b] - Alma, Attapulgus, Fort Valley, Griffin
[c] - Attapulgus, Blairsville, Fort Valley, Savannah
[d] - Alma, Blairsville, Fort Valley, Savannah

[e] - Alma, Fort Valley

[f] - Blairsville, Fort Valley

[g] - Alma, Blairsville

[h] - Location Specific models used all years of data available for the location, hence no multiple layouts

[1] - No. of years of data availbale for model development for a location
* - MAE calculated by averaging all the MAESs for a location over all layouts of a given configuration

** - Average MAE:s for all locations in the table for all layouts of a configuration
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Table 3.5: Evaluation of the one hour temperature predictions with independent data for 2001 to 2003 based on different model

configurations.
Locations 9 Locations ™ 4 Locations 4 Locations @ 4 Location ! 2 Locations [ 2 Locations 7 2 Locations [ Location Spf. (h]
MAE* Std. MAE* | Std. | MAE* Std. MAE* Std. MAE* Std. MAE* Std. MAE* Std. MAE
(°C) Dev (°C) Dev (°C) Dev (°C) Dev (°C) Dev (°C) Dev (°C) Dev (°C) | Years!

Brunswick 0.62 0.01 0.63 0.02 0.63 0.02 0.63 0.01 0.64 0.01 0.64 0.01 0.63 0.01 0.68 1
Byron 0.62 0.01 0.63 0.01 0.64 0.02 0.64 0.01 0.62 0.00 0.64 0.01 0.63 0.01 0
Cairo 0.60 0.01 0.61 0.02 0.63 0.01 0.62 0.01 0.60 0.01 0.63 0.01 0.61 0.02 0.64 3
Camilla 0.63 0.01 0.63 0.02 0.65 0.02 0.64 0.01 0.62 0.01 0.66 0.01 0.63 0.02 0.64 3
Cordele 0.60 0.01 0.61 0.01 0.62 0.02 0.61 0.01 0.61 0.03 0.62 0.01 0.61 0.02 0.60 3
Dearing 0.61 0.00 0.62 0.01 0.64 0.02 0.63 0.01 0.61 0.00 0.63 0.01 0.62 0.01 0.64 2
Dixie 0.59 0.01 0.59 0.02 0.62 0.02 0.60 0.01 0.58 0.01 0.62 0.01 0.59 0.02 0.61 2
Dublin 0.67 0.01 0.69 0.01 0.67 0.01 0.67 0.01 0.70 0.01 0.68 0.01 0.67 0.02 0.68 3
Homerville 0.63 0.01 0.65 0.01 0.65 0.01 0.64 0.01 0.64 0.01 0.66 0.01 0.63 0.02 0
Nahunta 0.67 0.01 0.68 0.02 0.71 0.02 0.68 0.01 0.67 0.01 0.72 0.02 0.67 0.02 0
Newton 0.66 0.01 0.68 0.02 0.68 0.02 0.67 0.01 0.67 0.01 0.70 0.04 0.66 0.02 0.76 1
Valdosta 0.59 0.01 0.59 0.02 0.62 0.02 0.60 0.01 0.57 0.01 0.63 0.01 0.59 0.02 0.60 3
Vidalia 0.55 0.01 0.55 0.02 0.57 0.02 0.56 0.01 0.54 0.01 0.57 0.01 0.55 0.02 0.57 3
AVG. ** 0.62 0.03 0.63 0.04 0.64 0.04 0.63 0.03 0.62 0.04 0.65 0.04 0.62 0.04

[a]- Alma, Arlington, Attapulgus, Blairsville, Fort Valley, Griffin, Midville, Plains, Savannah
[b] - Alma, Attapulgus, Fort Valley, Griffin
[c] - Attapulgus, Blairsville, Fort Valley, Savannah
[d] - Alma, Blairsville, Fort Valley, Savannah
[e] - Alma, Fort Valley

[f] - Blairsville, Fort Valley
[g] - Alma, Blairsville

[h] - Location Specific models used all years of data available for the location, hence no multiple layouts

[1] - No. of years of data availbale for model development for a location
* - MAE calculated by averaging all the MAEs for a location over all layouts of a given configuration

** - Average MAEs for all locations in the table for all layouts of a configuration
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Table 3.6: Evaluation of various number of years of data in model development for Fort Valley

Period of Prediction
+12 +8 +4 +1

Number of Year MAE MAE MAE MAE
of Data (°C) (°C) (°C) (°C)
1 2.68 2.24 1.59 0.67

2 2.52 2.10 1.44 0.63

3 2.46 2.04 1.47 0.62

4 2.40 1.97 1.43 0.60

5 2.41 1.99 1.38 0.57

6 2.43 1.99 1.37 0.58

7 2.38 1.97 1.37 0.56
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Table 3.7: Evaluation of the twelve hour temperature predictions with model development data for 2001 to 2003 based on different
model configurations.

Locations 9 Locations ™ 4 Locations 4 Locations 4 Location ¥ 2 Locations [ 2 Locations [ 2 Locations [& Location Spf. th]
MAE* | Std. MAE* | Std. | MAE* Std. MAE* Std. MAE* Std. MAE* Std. MAE* Std. MAE
(°O) Dev (°O) Dev | (°O) Dev (°0) Dev (°0) Dev (°0) Dev (°0) Dev (°0) Years [

Alma 2.64 0.03 2.64 0.06 2.69 0.03 2.64 0.07 2.62 0.04 2.80 0.06 2.65 0.03 2.55 7
Arlington 2.58 0.02 2.60 0.02 2.60 0.02 2.59 0.02 2.57 0.03 2.63 0.04 2.60 0.02 2.54 4
Blairsville 3.13 0.11 3.26 0.07 3.06 0.02 3.05 0.03 3.28 0.07 3.08 0.03 3.05 0.05 2.97 8
Fort Valley 2.41 0.02 2.38 0.01 2.48 0.03 2.44 0.06 2.38 0.03 2.42 0.02 2.48 0.03 2.38 7
Griffin 2.52 0.05 2.46 0.01 2.62 0.07 2.63 0.06 2.48 0.02 2.51 0.03 2.66 0.05 2.40 9
Midville 2.67 0.05 2.65 0.04 2.72 0.06 2.74 0.03 2.68 0.03 2.74 0.02 2.75 0.03 2.66 9
Plains 2.40 0.02 2.37 0.03 2.49 0.03 2.47 0.06 2.35 0.03 2.41 0.03 2.49 0.04 2.36 8
Savannah 3.08 0.07 3.24 0.07 2.97 0.01 2.96 0.06 3.27 0.06 3.28 0.07 3.12 0.06 2.69 8
AVG. ** 2.68 | 0.27 2.70 | 0.34 2.70 0.20 2.69 0.21 2.70 0.35 2.73 0.30 2.72 0.23

[a]- Alma, Arlington, Attapulgus, Blairsville, Fort Valley, Griffin, Midville, Plains, Savannah
[b] - Alma, Attapulgus, Fort Valley, Griffin
[c] - Attapulgus, Blairsville, Fort Valley, Savannah
[d] - Alma, Blairsville, Fort Valley, Savannah
[e] - Alma, Fort Valley
[f] - Blairsville, Fort Valley
[g] - Alma, Blairsville
[h] - Location Specific models used all years of data available for the location, hence no multiple layouts
[1] - No. of years of data availbale for model development for a location
* - MAE calculated by averaging all the MAEs for a location over all layouts of a given configuration
** - Average MAE:s for all locations in the table for all layouts of a configuration
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Table 3.8: Evaluations of various periods of predictions with model development data for 2001 to 2003 based on different model
configurations.

Period of | 9 Locations ™ 4 Locations ! 4 Locations [ 4 Location 2 Locations [ 2 Locations ! 2 Locations [
Prediction | MAE* Std. MAE* Std. MAE* Std. MAE* Std. MAE* Std. MAE* Std. MAE* Std.
©C) Dev ©C) Dev ©C) Dev ©C) Dev C) Dev C) Dev °C) Dev
0.61 0.05 0.63 0.07 0.62 0.04 0.62 0.04 0.62 0.07 0.63 0.05 0.61 0.04
1.57 0.18 1.60 0.23 1.59 0.14 1.59 0.14 1.59 0.24 1.61 0.19 1.59 0.17
8 2.28 0.27 2.33 0.33 2.33 0.18 2.32 0.21 2.33 0.36 2.35 0.29 2.38 0.25
12 2.68 0.27 2.70 0.34 2.70 0.20 2.69 0.21 2.70 0.35 2.73 0.30 2.72 0.23

[a]- Alma, Arlington, Attapulgus, Blairsville, Fort Valley, Griffin, Midville, Plains, Savannah
[b] - Alma, Attapulgus, Fort Valley, Griffin
[c] - Attapulgus, Blairsville, Fort Valley, Savannah
[d] - Alma, Blairsville, Fort Valley, Savannah
[e] - Alma, Fort Valley
[f] - Blairsville, Fort Valley
[g] - Alma, Blairsville
* - MAE calculated by averaging all the MAEs for Alma, Arlington, Blairsville, Fort Valley, Griffin, Midville, Plains
and Savannah over all layouts of a given configuration
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Table 3.9: The results for various periods of predictions for 2001 to 2003 data from Byron, when
fed to the general model

Period of | MAE | MAD* | MAE/MAD

Prediciton | (°C) (°0)
1 0.62 1.02 0.61
2 0.97 1.89 0.51
3 1.31 2.69 0.49
4 1.48 343 0.43
5 1.66 4.10 0.40
6 1.86 4.70 0.40
7 1.95 5.20 0.37
8 2.07 5.62 0.37
9 2.19 5.95 0.37
10 2.30 6.20 0.37
11 2.37 6.37 0.37
12 2.51 6.47 0.39

*_Mean Absolute Diffference

Table 3.10: The results for various periods of predictions for 2001 to 2003 data from Dixie, when
fed to the general model

Period of | MAE | MAD* | MAE/MAD

Prediciton | (°C) | (°C)
1 0.59 | 1.0l 0.58
2 092 | 1.90 0.49
3 125 | 2.74 0.46
4 146 | 3.52 0.41
5 1.66 | 423 0.39
6 1.86 | 4.87 0.38
7 1.99 | 5.42 0.37
8 206 | 5.88 0.35
9 224 | 625 0.36
10 232 | 652 0.36
11 236 | 6.70 0.35
12 243 | 6.79 0.36

* _ Mean Absolute Difference
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Table 3.11: The results for various periods of predictions for 2003 data from Homerville, when
fed to the general model

Period of | MAE | MAD* | MAE/MAD

Prediciton | (°C) (°0)
1 0.63 1.08 0.58
2 1.03 2.04 0.50
3 1.42 2.92 0.49
4 1.72 3.74 0.46
5 1.97 4.50 0.44
6 2.21 5.17 0.43
7 2.39 5.76 0.41
8 2.48 6.24 0.40
9 2.65 6.60 0.40
10 2.72 6.90 0.39
11 2.81 7.07 0.40
12 2.89 7.16 0.40

* _ Mean Absolute Difference

Table 3.12: The results for various periods of predictions for 2002 to 2003 data from Nahunta,
when fed to the general model

Period of | MAE | MAD* | MAE/MAD

Prediciton | (°C) (°0)
1 0.67 1.10 0.61
2 1.08 2.06 0.53
3 1.52 2.97 0.51
4 1.82 3.82 0.48
5 2.12 4.60 0.46
6 2.39 5.30 0.45
7 2.58 5.92 0.44
8 2.69 6.44 0.42
9 2.90 6.85 0.42
10 2.94 7.17 0.41
11 3.04 7.38 0.41
12 3.18 7.46 0.43

* _ Mean Absolute Difference
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Figure 3.1: A Schematic representation of the Ward ANN.
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Figure 3.2: MAE/MAD v/s Period of Prediction for Byron
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Figure 3.4: MAE/MAD v/s Period of Prediction for Homerville
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CHAPTER 4

SUMMARY AND CONCLUSION

The ultimate goal of this study was to develop an ANNs that would be incorporated in a
DSS that could help farmers in protecting their crops from frost by predicting short term
temperatures for a location with reasonable accuracy. Initially, ANNs were developed to predict
temperatures in hourly increments starting from one hour ahead to twelve hours ahead for three
locations. The locations were Fort Valley, Blairsville and Alma. Through experiments it was
determined that the important weather variable inputs were, temperature, relative humidity, solar
activity and wind speed. The duration of prior data needed depended on the period of prediction
as well as the location for which the model was being developed. Ward ANNs were found to
produce the highest accuracy and the optimal number of hidden nodes was found for each
condition. It was also found that when an ANN model developed for a particular location is used
to predict temperatures for a second location, the accuracy is less than when using a model
developed for the second location. As a result there was a need to develop temperature prediction
models that could predict temperatures independent of location.

In the second part of this study models were developed to predict temperature one, four
eight and twelve hours ahead for a location without historical weather data using a model
developed for locations with historical data. It was found that the models developed using data
from nine-location configuration were the most consistently accurate models. The nine locations

were Alma, Arlington, Attapulgus, Blairsville, Fort Valley, Griffin, Midville, Plains and
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Savannah. The selection of these locations was dictated by the fact that these nine locations are
spread all over and cover most of the state. It was observed that region specific models (south
Georgia) were not as accurate as the models that relied on data from across the state for
development. The accuracy of the general model was comparable to the site specific models that
were developed using data only for that particular location. Following this models that predicted
temperature one to twelve hours ahead were developed using the data from the nine locations
discussed.

Future research will focus on developing programs that can use the ANNs developed and
successfully incorporate them into the pre-existing web-based system to create the DSS that will

help farmers protect their crops from frost damage by predicting temperatures.
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