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Boiler Optimization Using Advanced Machine Learning 
Techniques 

Introduction 
The purpose of this effort was to investigate methods for improving the predictability, 
and ultimately the controllability, of the emissions generated by coal-fired boilers such as 
those used in power generation. These methods included both instrumentation to better 
measure parameters (such as instantaneous coal flow) affecting the emissions, and 
techniques to predict emissions from the parameter measurements generated by new and 
existing instrumentation. 

Instrumen tation 
The technique developed for this project to measure coal flow on a short time scale is 
described in detail in [ 11. Briefly, this technique determines the velocity of pulverized 
coal flow by cross-correlating the perturbations in optical density of the flow at two 
detectors a short distance apart on the burner feed pipe. 

Data Collection 
The analyses below are based on data collected at the EER test facility on June 21-22, 
1999. Several test runs were made prior to these dates in order to shake down and 
calibrate the instrumentation. 

Independent Variables (Control Variables) 
The June 1999 test runs varied 4 independent variables to control the operating state of 
the burner: 

1. Burner Load (thermal input of coal in Mbtu/hr) 

2. Excess air to the burner (YO) 

3. Secondary/tertiary air split (%) 

4. Swirler position (position of air swirl registers: O=closed, l=halfway open, 
2=open) 

Test runs were conducted for nine operating points of the burner defined by the values of 
the control variables (independent variables) shown in Table 1 : 
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Operating 
point 

1 

2 

3 

4 

5 

6 

7 

8 

9 

Load Excess air Air split Swirler 
(Mtbu/hr) (percent) (percent) position 

6 20 65 0 

6 20 65 1 

6 20 65 2 

6 20 75 0 

6 20 75 1 

6 20 75 2 

8 5 85 0 

10 20 65 0 

10 20 65 2 

Table I :  Values of independent variables in each test run 

Observed and Computed Parameters 
For each operating point of the burner listed above, when the burner and the optical 
measurement apparatus both reached steady-state operating conditions, the following 
parameters were either measured directly or computed from measurements: 

1. 

2. 
3.  

4. 
5.  

6 .  

7 .  
8. 

9. 
10. 

11. 

12. 

Ambient temp ( O F )  

Venturi #4 temp ( O F )  

Venturi #3 temp (OF) 

Venturi # I  temp (OF) 

Venturi # 5  temp ( O F )  

Conv.@Elbow temp (OF) 

HX Inlet (FG) temp (OF) 

HX Out (FG) temp (OF) 

LNB 1" Air temp (OF) 

LNB 2" Air temp (OF) 

LNB 3" Air temp ( O F )  

Venturi #5 pressure (in. H20) 
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13. 

14. 

15. 

16. 

17. 

18. 

19. 

20. 

21. 

22. 

23, 

24. 

25. 

Venturi #1 pressure (in. H20) 

Venturi #3 pressure (in. H20) 

Venturi #4 pressure (in. H20) 
Venturi # 5  (computed SCFM) 

Venturi # I  (computed SCFM) 

Venturi #3 (computed SCFM) 

Venturi #4 (computed SCFM) 

0 2  (%) 

c02 (%) 

co @Pm> 

NOx (PPm) 
NOx corrected to 3% 0 2  (ppm) 

CO@ corrected to 3% 0 2  (ppm) 

These parameters were sampled at a rate of approximately one sample per 10 seconds. 

In the list above, parameters 1-19 provide data about the operating state of the burner, 
while parameters 20-25 provide various measurements of the emissions produced by the 
burner. In this study, our goal was to predict parameters 24 and 25 (NOx and CO 
corrected to 3% 0 2 ,  in units of parts per million) from the observed values of the 4 
control variables plus parameters 1 - 19 above. 

Degrees of Freedom in the Data Collected 
With data for only the 9 operating points listed in Table 1, we felt that it was important to 
get an approximate insight into how many degrees of freedom were actually present in 
our data, so as to avoid trying to fit a model containing more degrees of freedom than the 
data used to fit it. As an aid to obtaining this insight, we first attempted to predict NOx 
and CO from only the 4 independent variables of burner load, excess air, air split, and 
swirler position. We used a back-propagation neural network with 4, 8, 12, and 16 
hidden nodes as the prediction technique for this preliminary analysis. The training data 
for the neural network consisted of the first half of the data collected within each 
operating point listed in Table 1. The trained neural network was then tested on a test 
data set containing the last half of the data collected within each operating point listed in 
Table 1. 

The results of this preliminary analysis are shown in Figures 1 and 2 below. For 
completeness, each figure in this report shows prediction performance for both the 
training data and the testing data. In both cases, the measure of prediction performance 
was root-mean-squared error, where error is measured in units of parts per million of the 
parameter being predicted. For any prediction technique, the meaningful performance 
measure is the ability to predict testing data different from the training data; results on the 
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training data sets are shown merely to provide some context for the results on the testing 
data. 
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Fiaure I :  Prediction of NOx from onlv the 4 independent variables. 

- 

In order to gain the desired insight about degrees of freedom in the data, the rms errors 
shown in Figures 1 and 2 were converted into dimensionless units of the observed 
standard deviation of each predicted variable, allowing us to compute what percentage of 
the variance in each predicted variable was accounted for by just these 4 independent 
variables. This computation converts Figures 1 and 2 into Figures 3 and 4, respectively: 
Figures 3 and 4 confirmed our suspicion that the 9 operating points shown in Table 1 
accounted for nearly all (96-98%) of the variance in emissions in these tests. To put it 
more bluntly, any effort we undertook to fit a model to our data would be, in essence, 
equivalent to fitting the parameters of a model using only 9 data points. This preliminary 
analysis led to the observation that it would be at best meaningless, and at worst 
misleading, to fit a physical model (containing many more than 9 model parameters) 
using only data for the 9 operating points that we tested. 
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Figure 2: Prediction of CO from only the 4 independent variables. 

While it seemed unlikely that any useful predictive models could be obtained without 
sampling many more than the 9 operating points we had, the most promising approach 
appeared to be to use a technique whose regularization properties were understood. (As 
explained in detail in [2], “regularization” refers to data-fitting approaches in which the 
smoothness of the fitting surface is considered in conjunction with the mean-squared 
error of the fit.) 

We thus chose a conventional back-propagation neural network using sigmoidal basis 
functions whose first and second derivatives decrease with distance from the hyperplane 
perpendicular to the weight vector, producing smooth approximation surfaces even with 
small numbers of basis functions (hidden nodes). Based on our degrees-of-freedom 
argument, we experimented with networks containing 4, 8, 12, and 16 hidden nodes, and 
it did indeed appear that at 16 hidden nodes we were reaching a point of diminishing 
returns in which we were overfitting the training data and thus not generalizing well to 
the testing data. 
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Number of Hidden Nodes in Neural Network 

Figure 3: Percentage of variance in NOx accounted for by the 4 independent variables. 

Predictions for the Same Operating Conditions as in the Training Data 
Based on the reasoning above, the next step was to attempt to predict emissions using all 
23 variables available for prediction (consisting of the 4 independent variables of Table 1 
plus parameters 1 - 19 listed in the section “Observed and Computed Parameters”) . 
Our ultimate goal was a predictive model which could not only make predictions for the 
operating points upon which it had been trained, but also make useful predictions 
interpolating between the trained operating points. But before attempting such 
interpolation, it seemed prudent to verify that the neural network technique could at least 
make predictions within the operating points for which it had been trained. As before, 
the training data for the neural network consisted of the first half of the data collected 
within each operating point listed in Table 1. The trained neural network was then tested 
on a test data set containing the last half of the data collected within each operating point 
listed in Table 1. 
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Figure 4: Percentage of variance in CO accounted for by the 4 independent variables. 
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Prediction performance for neural networks containing 4, 8, 12, and 16 hidden nodes are 
shown for NOx in Figure 5 ,  and for CO in Figure 6. These results appear to demonstrate 
that the neural network technique can at least provide useful predictions of emissions 
within the specific operating points for which it was trained. 

Note from comparisons with Figures 1 and 2, however, that these predictions depend 
mainly on the 4 independent variables. The additional data parameters collected added 
very little to the training accuracy, and in fact detracted from the generalization ability of 
the trained network. Since the decrease in performance occurred on the testing data but 
not on the training data, it seems likely that this decrease in performance is due to 
overfitting the training data, as would be expected in light of our discussion above of the 
small number of degrees of freedom in the data being fitted. 

30 -  

3 20 cu 
0 
c, 

5 10-  
$ 

PI 

7 

- 

- 

- 
- 
- - 

I I I 



50 I I I 

- - Testing 
Training 

40 - - 

Figure 5: Prediction of NOx from 23 variables (4 independent variables and 19 data parameters) 

Predictions for Interpolated Operating Conditions 
As stated previously, our goal was a predictive model which could not only make 
predictions for the operating points upon which it had been trained, but also make useful 
predictions interpolating between the trained operating points. To evaluate the technique 
and data collected against this goal, we observed in Table 1 that 

0 Operating point 2 lies midway between operating points 1 and 3 ,  in the space 
formed by the 4 independent variables. 

0 Operating point 5 lies midway between operating points 4 and 6, in this same 
space. 

Thus, to evaluate interpolation performance, we constructed a training data set consisting 
of the data from all operating points other than operating points 2 and 5 in Table 1. The 
testing data set then consisted of the data for operating points 2 and 5.  In all other 
respects, the same procedures were followed as in the preceding sections. 

The results are shown on the last two pages of this report, in Figure 7 (predicting NOx) 
and Figure 8 (predicting CO). 
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Figure 6: Prediction of CO from 23 variables (4 independent variables and I9 data parameters). 

While the error rates for the training data were consistent with those shown in preceding 
sections, the error rates for the test data were much worse than would be obtained by a 
simple constant prediction of predicting the training-data mean every time. 

Conclusions 
The data collected appeared adequate for predicting emissions within the specific 
operating points for which training data were available. 

However, the goal of the technique was to predict emissions over the range of operating 
conditions of the burner. It is reasonably clear fkom these investigations that data from 9 
operating points within the control space of the burner is not sufficient to model the range 
of operating conditions of the burner. It appears that further progress would require data 
over a much larger sample of operating conditions, in order to interpolate accurately over 
the desired range of operating conditions. 
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Figure 7: Prediction of NOxfor interpolation between trained operating points 
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Figure 8: Prediction of CO for interpolation between trained operating points. 
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CONTRACT TOTAL LABOR AND COST SUMMARY 

The following table provides tabulated labor and cost information for the entire contract 
period September 30, 1994 through September 29, 1999. 

CONTRACT DE-FG02-94ER86004 
TOTAL LABOR AND COST SUMMARY 

SEPTEMBER 30,1994 THROUGH SEPTEMBER 29,1999 

ITEM 
Direct Labor Cost 

Subtotal - Direct Labor 
Other Direct Costs 

Subcontracts 
Consultants 

Travel 
Other 

Total Labor plus ODC 
Total Indirect Costs 

Fee 
Total Cost Plus Fixed Fee 

CUMULATIVE 
$ 56,661.00 
$56,661.00 

$ 271,095.49 
$ 154.00 

$ 3,330.51 
$29,750.17 

$360,991.17 
$ 60,051.76 
$20,794.00 

$441.836.93 

Total Funded Contract Value $499,908.00 

Note: Mod MA0004 dated September 1, 1998 changed the contract number from 
DE-FG05-94ER86004 to DE-FG02-94ER86004 
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