Estimating Ignition Timing from EngineCylinder Pressurewith Neural NetworksBryan Willson and Jeff WhithamDepartment of Mechanical EngineeringColorado State UniversityFort Collins, CO 80523(303) 491-6085FAX: (303) 491-1055Charles AndersonDepartment of Computer ScienceColorado State UniversityFort Collins, CO 80523(303) 491-7491e-mail: anderson@cs.colostate.eduA b s t r a c t A study was conducted to determine theability of neural networks to extract highlevel control information from cylinderpressure data. Various experiments wereperformed using neural networks forpattern recognition on a series of data filesconsisting of cylinder pressure versuscrank angle. The goal of these experimentswas to estimate spark timing based on thecylinder pressure signature -- all otherengine parameters were held constantduring the data collection process. Testresults indicate that an approximate sparktiming value can be obtained using cylinderpressure data as the inputs to a neuralnetwork and spark timing as the output.1 . I n t r o d u c t i o n In-cylinder pressure data provides one ofthe most direct measures of combustionquality in an internal combustion engine.Cylinder pressure data has been used fordesign and diagnostic purposes since the ICengine was developed. Cylinder pressureand volume data can be used to calculateengine torque, indicated mean effectivepressure (IMEP), indicated efficiency, bulktemperature, burn rate and heat release.Statistical analysis of the same data canprovide information about combustionvariability. Recently, more attention hasbeen given to the use of cylinder pressurefor real-time engine control [Pes89, KSS88,AP87, GP89, HA86].Pressure-based engine control techniquesrequire that information be extracted fromcylinder pressure data. Examples ofpressure based engine control include:¥The location of peak pressure can bemonitored to set the optimal sparktiming [AP87, Pes89] for power or fuele c o n o m y . ¥A/F ratio can be estimated frompressure data [GP89]. This couldconceivably be used for feedback fuelc o n t r o l . ¥Indicated mean effective pressure(IMEP) can be calculated from thepressure data and maximized using ah i l l - c l i m b i n g o r g r a d i e n t d e s c e n t technique [DL51, Kal58, Bla62, Flo64,KPF89, SW90] to achieve maximumt o r q u e . Pressure-based engine control has not beenpractical for two reasons. The piezoelectricp r e s s u r e s e n s o r s c u r r e n t l y u s e d a r e expensive, fragile, temperature sensitivea n d r e q u i r e a c l o s e - c o u p l e d c h a r g e amplifier to produce a high level signal.From a signal processing standpoint,calculation of anything more than peakpressure has been too slow for use in realtime control.Recent developments in sensor technologyoffer some hope on the hardware side of theproblem. A compact piezoelectric sensorwith a charge amplifier and temperaturecompensation built in has been developed[AP87, Pes89] although, there are noimmediate plans to commercialize thesensor. Piezoelectric washers which areinstalled between the spark plug andcylinder head have been shown to provide

qualitative pressure data at relatively lowcost and are reportedly in use in at least oneproduction vehicle for knock sensing.Within the last few years, there have beenadvancements in the development of lowcost fiber optic pressure sensors which aresuitable for engine work, and could bemass-produced at low cost.In many ways, hardware developmentsappear to be outpacing developments in thearea of signal processing. Notableexceptions include the adaptation of digitalsignal processors (DSP) for real-timecalculation of IMEP from pressure data. Aninvestigation was therefore undertaken toassess new signal processing techniques foruse in pressure-based engine control.2 . The Role of Neural NetworksIt is our premise that advanced signalprocessing techniques being developed inother fields may be adaptable for pressure-based engine control. As a first step in thisinvestigation, a study was conducted todetermine the potential of neural networksto discern information from cylinderpressure data. Rapid advancements in thedevelopment of neural network ICs suggestthe possibility that they could be cost-effective in selected engine applications inthe near future.The specific focus of this study was todemonstrate the ability of neural networksto extract ignition timing from a cylinderpressure wave form. It is understood thatthere are easier ways to determine ignitiontiming. However, this study represents afirst step in the development of neuralnetworks which can recognize ignitiontiming, fuel/air ratio, and other parameters.The eventual goal of the project is tocorrelate engine data (cylinder pressured a t a , m a n i f o l d p r e s s u r e , e n g i n e temperature, engine speed) with engineemissions, and use this information in aneural network based engine controller.3 . Cylinder Pressure DataCylinder pressure data for the patternrecognition experiment was obtained fromSuperFlow Corporation. The pressure traceswere generated on a 350 in.3 Chevroletengine at 4000 RPM. The data was capturedwith SuperFlow’s Engine Cycle Analyzer(ECA). The original files contained cylinderpressure (measured in "bar") at crankangles from 180o before top dead center(BTDC) to 180o after top dead center (ATDC).Each file contained 720 data points at 0.5degree crank angle spacing. Data was takenat various different spark timings from 5oto 35o BTDC in 5o increments. In addition,data was taken at a spark timing of 22o BTDCto provide a test case for the patternrecognition experiments. The engine speed,air/fuel ratio, and throttle setting were allheld constant throughout the data collectionperiod. Thirty independent sets of data foreach spark timing were taken over a periodof approximately 45 seconds. The totalelapsed time to collect all the data, changingonly the spark timing between sets of data,was 27 minutes.

FIGURE 1 -- Cylinder Pressure Databar0102030405060708090-180-120-60060120180SPK35.5SPK30.5

SPK25.5

SPK20.5

SPK15.5

SPK10.5SPK5.5

FIGURE 2 -- Condensed Cylinder Pressure Databar0102030405060708090-40-30-20-10010203040SPK35.5SPK30.5

The cylinder pressure data away from thetop dead center region was nearly identicalfor all variations of spark timing (seeFigure˚1). Therefore, the cylinder pressuredata was condensed from the original 720data points to just 37 data points, all within– 4 0 o of top dead center (see Figure˚2).C r a n k a n g l e r e s o l u t i o n w a s v a r i e d throughout this region, with the smallestresolution (1o ) from TDC to 20o ATDC. Allfiles from each set of spark timing datawere condensed in exactly the samem a n n e r . 4 . N e u r a l N e t w o r k P a t t e r n R e c o g n i t i o n Standard back-propagation neural networkarchitectures were chosen to perform thepattern recognition task on the sparktiming data. Different network configura-t i o n s a n d d i f f e r e n t c o m b i n a t i o n s o f training and testing data were used in theexperiments. The experiments were run ona 33Mhz 80486 computer. A commercialsoftware package was used in the ex-periments, "BrainMaker 2.1" from Cali-fornia Scientific Software. BrainMaker hasa spreadsheet type of user interface formanipulating the data. The condensedcylinder pressure data files (37 points ineach file) were used as inputs to the neuralnetwork. The only output of the neuralnetwork was the spark timing value for thatparticular input data file. A single hiddenlayer consisting of 4, 8, 16, or 37 neuronswas used in each of the various experiments(see Figure˚3). BrainMaker inserts an addi-tional "threshold neuron" in both the inputand hidden layers of the network. Thisneuron does not have any inputs and itsoutput activation level is always themaximum value of the neuron transferfunction. The "weight" connecting thethreshold neuron to each neuron in thefollowing layer is trained using back-propagation just like every other weight inthe network. This provides a convenientmethod of assigning different activationthresholds to each neuron in the hiddenand output layers of the network.

Crank Angle-40-30-20-15-10-8...TDC12...2022...303540

...Threshold Neuron

Threshold Neuron

Input Layer (37 neurons)

Hidden Layer (0 to 37 neurons)

Output Layer (1 neuron)

FIGURE 3 -- Neural Network Architecture

SparkTiming

Sigmoid Transfer Function

-6-5-4-3-2-10123456

0.000.250.500.751.00

An input layer neuron normalizes each datapoint to a value between 0 and 1 using theminimum and maximum value for eachindividual point listed in the training dataset. Thus, input neurons for cylinderpressure data points with low variance canstill produce the same activation level forsmall input changes as neurons thatencounter large pressure variations at thatparticular crank angle location. Likewise,the output neuron activation level isconverted from a value between 0 and 1 to ameaningful spark timing output using theminimum and maximum values in the train-ing data set. Both these normalizationprocedures use a linear scaling factor andan offset parameter.The hidden neurons receive a signedweighted sum of the inputs, which is thenpassed through a sigmoid transfer functionto produce an activation level between 0 and1 (see Figure˚3). The output neuron uses anidentical process to calculate its activationlevel except that it receives inputs from thehidden layer instead of the input layer. Theoutput neuron also uses the sigmoidtransfer function (clamped between 0 and1) before its activation level is converted tospark timing. Hence, the output can nevergo below the minimum or above themaximum spark timing value listed in thetraining data set. Consequently, sparktiming data at 5o and at 35o BTDC is moredifficult to train to the exact output valuebecause of this nonlinear "squashing"f u n c t i o n . 5 . Experimental Setup

5.1

Experiment #1Three different training and testing datasets were used with each of the four hiddenlayer network configurations describedabove. In addition, two of the data sets wereused on networks with no hidden units. Inthe first set of experiments, five of the 30cylinder pressure data files from each ofthe seven spark timing values were selectedto train the networks (a total of 35 trainingexamples). The networks did not train onany of the data files at 22o BTDC. Theremaining 25 data files at each sparktiming, as well as all 30 data files at 22oBTDC, were used to test the generalizationcapabilities of the networks after they hadbeen trained (a total of 205 test patterns).These networks were labeled 1.0 - 1.4.

5.2

Experiment #2In the second set of experiments, the first 15of the 30 cylinder pressure data files fromeach of the seven spark timing values wereselected to train the networks (a total of 105training examples). The networks did nottrain on any of the data files at 22o BTDC.The last 15 data files for each spark timing,as well as all 30 data files at 22o BTDC, wereused to test the networks (a total of 135 testpatterns). These networks were labeled 2.1 -2.4.

5.3

Experiment #3In the third set of experiments, movinga v e r a g e s w e r e c a l c u l a t e d o n f i v e consecutive data files for each of the 37 cor-responding crank angle locations. Thus,data points in files numbered 1-5, 2-6, 3-7,and so on were averaged on a point by pointbasis, producing 37 "smoothed" inputs to thenetwork for training and testing. Since

NetworkN u m b e r #H i d d e n N e u r o n s MovingAverageE x a m p l e s/ SpkT i m n g # Epochsto trainBackprop stepsNoiseT r a i n i n g T o l e r a n c eL e a r n i n g Rate# TestP a t t e r n s # Good# Bad%Correct

1.0*0n o 5100035,000.01.1.52 0 5 1 7 4 3 1 84.9%

1.14n o 54 8 2 16,870.01.11.02 0 5 1 4 6 5 9 71.2%

1.28n o 56 8 8 24,080.01.11.02 0 5 1 3 9 6 6 67.8%

1.31 6 n o 54 6 0 16,100.01.11.02 0 5 1 6 3 4 2 79.5%

1.43 7 n o 52 9 0 10,150.01.11.02 0 5 1 5 6 4 9 76.1%

2.14n o 1 5 4052425,460.01.1.51 3 5 9 9 3 6 73.3%

2.28n o 1 5 1644172,620.01.1.51 3 5 1 0 3 3 2 76.3%

2.31 6 n o 1 5 5 3 6 56,280.01.1.51 3 5 1 1 6 1 9 85.9%

2.43 7 n o 1 5 8 1 4 85,470.01.1.51 3 5 1 0 9 2 6 80.7%

3.0*0y e s 52 0 8 7280.02.1.51 7 3 1 5 5 1 4 91.7%

3.14y e s 53 1 1 10,885.02.051.01 7 3 1 5 3 2 0 88.4%

3.28y e s 52 8 8 10,080.02.051.01 7 3 1 5 7 1 6 90.8%

3.31 6 y e s 53 4 4 12,040.02.051.01 7 3 1 7 1 298.8%

3.43 7 y e s 51 5 4 5,390.02.051.01 7 3 1 4 5 2 8 83.8%

TABLE 1 -- Network Training and Testing Results* not run with BrainMaker softwarefive data files were needed to produce asingle moving average data file, only 26 setsof input data could be obtained from theoriginal 30 data files for each spark timing(the first four data files did not have amoving average data file associated withthem). Of the 26 moving average data files,five were selected from each of the sevenspark timing values to train the networks (atotal of 35 training examples). Thenetworks did not train on any of the datafiles at 22o BTDC. The remaining 21 movingaverage data files for each spark timing, aswell as all 26 data files at 22o BTDC, wereused to test the networks (a total of 173 testpatterns). These networks were labeled 3.0 -3.4.

5.4

M e t h o d During each "epoch", the entire set oftraining examples was presented to thenetwork; back-propagation learning tookplace after the presentation of eachtraining example. An element of "luck" wasinvolved in the actual training time and testresults for any experiment because theinitial network weights were chosenrandomly. Only the best case results areshown in Table˚1. A testing tolerance of10% was used throughout the experiments todetermine the number of correct testpatterns. The training tolerance waschosen experimentally based on both thenumber of correct test patterns andwhether the network would converge to asolution in a reasonable period of time. Thenoise parameter was chosen in a similarmanner. The back-propagation LearningRate was adjusted downward if the networkn e a r l y c o n v e r g e d b u t t h e n b e g a n oscillating close to a final solution for aprolonged period of time.In other neural network applications,researchers have discovered that addingnoise to the inputs of the network as ittrains can lead to better generalizationcapabilities on untrained data. The sameconclusion was reached during theseexperiments. Guassian noise with astandard deviation of 1% of the input datapoint was added to the inputs duringnetwork training in experiments 1 and 2.In experiment 3, the noise level was raisedto 2% because the networks training onmoving average data could tolerate moren o i s e w i t h o u t e n c o u n t e r i n g t h e convergence problems at high noise levelsdiscovered in the first two experiments.6 . R e s u l t s Table 1 summarizes the training and testingresults for each network configuration andtraining data set. These are preliminary

510152025SPK5SPK10SPK15SPK20SPK22SPK25SPK30SPK3505101520253035

FIGURE 4 -- Network Output on Training Data with MovingAverages

56789101112131415161718192021222324252627282930file numberSPK5SPK10

1520253035

FIGURE 5 -- Network Output on Testing Data with Moving Averages results and have not been averaged overdifferent initial weight values for eachnetwork. Tests of statistical significance arerequired for valid comparisons.Training time was generally longer fornetworks with fewer hidden neurons.Additionally, these experiments indicatethat the moving average was an importantinput data transformation, allowing thenetworks to train more quickly and producemore accurate results on the test patterns.The moving average networks were capableof training with a much tighter trainingtolerance and a higher level of input noise.However, the moving average network 3.3(98.8% correct on the moving average testpatterns) correctly classified only 80% ofthe non-moving average test patterns fromthe first set of experiments. Moreover, thenon-moving average network 1.3 improvedfrom 79.5% correct on non-moving averagedata to 87% correct on the moving averagedata. Likewise, the non-moving averagenetwork 2.3 improved from 85.9% correct onnon-moving average data to 91.9% correcton the moving average data. Therefore, onemay conclude that moving averages wereimportant because they reduced cycle tocycle variations in cylinder pressure versuscrank angle, permitting the networks tocorrectly predict spark timing on untrainedpatterns. Moving averages also allowed thenetworks to train more quickly whileproducing results on non-moving averagedata comparable with networks that weretrained using non-moving average data.The output of network 3.3 on its 35 movinga v e r a g e t r a i n i n g e x a m p l e s i s s h o w n graphically in Figure˚4 (training tolerancewas 5%). Figure˚5 shows the output of thesame network on the 173 moving averagetest patterns. Table˚2 lists the averageoutput and standard deviation on the testpatterns for all networks with 16 hiddenn e u r o n s . 7 . C o n c l u s i o n Overall, the experimental results are veryencouraging. They indicate that cylinderpressure versus crank angle data can be feddirectly into a properly trained neural net-work producing a close approximation toactual spark timing. Results in Table 1 forthe first set of experiments show thathidden units did not reliably increase theclassification accuracy. This is probablydue to over-fitting -- the training data wasso accurately modeled that generalization totesting data is worse. The good performanceof the network with no hidden units showsthat a linear combination of the pressuredata is sufficient to achieve roughly 90%a c c u r a c y . T h e m o v i n g a v e r a g e transformation reduces the chance thatover-fitting will occur during training.

N e t w o r k 1 . 3 N e t w o r k 2 . 3 N e t w o r k 3 . 3

A v g StDevA v g StDevA v g StDev

S P K 5 6.850.376.670.566.130.28

S P K 1 0 9.382.0610.201.6310.401.12

S P K 1 5 14.962.1115.771.3915.020.64

S P K 2 0 19.323.2519.762.3518.861.36

S P K 2 2 24.882.9824.752.3820.581.13

S P K 2 5 26.252.2924.591.5724.771.29

S P K 3 0 31.601.6331.130.9829.920.86

S P K 3 5 32.760.3632.630.7434.070.14

TABLE 2 -- Average Network Output &Standard Deviation on Test Patternsfor Networks with 16 Hidden Neurons8 . Future Directions

8.1

A n a l y s i s The preliminary results reported heredemonstrate the feasibility of learning themapping between pressure and crankangle. The next step is to analyze the datamore thoroughly. As a first step, we haveperformed linear regression analysis of thedata by removing all hidden units andslightly modifying the training algorithm.T h e m a g n i t u d e s o f t h e c o e f f i c i e n t s developed for the linear model suggest thatsample points surrounding the maximumpressure samples are most informative.Such results may lead to further reductionsin data without sacrificing performance.We will also analyze the weights acquiredby the hidden units. Statistical methods,such as clustering of weight vectors andtests of independence of hidden unit outputvalues, will be used to identify whichtransformations extract the most relevantinformation from the pressure data.

8.2

Constructive Learning AlgorithmsRecent studies have shown that learningalgorithms that incrementally increase thecomplexity of the approximating functioncan learn much faster than error back-propagation in some cases. Such methodsbegin with a linear approximation anddevelop nonlinearities to remove residualerrors. The progression is stopped once theimprovement in error is below somecriterion. Limiting the complexity of theapproximating function results in bettergeneralization to untrained data.Cascade Correlation [FL90] is a constructivemethod that performs well for highly-nonlinear mappings. Sanger, et al.’s,[ S S M 9 2 ] m e t h o d c o n s t r u c t s s p a r s e polynomials by estimating the utility ofincluding each input term in a higher-order term of the polynomial, thenadjusting the coefficients. This method isable to discern the relevant inputs andlearn approximations that do not depend onirrelevant inputs. We will test bothprocedures on the pressure data.9 . A c k n o w l e d g m e n t s The authors would like to thank Dr. PaulPuzinauskas and Mr. Harold Bettes ofSuperFlow Corporation for providing thecylinder pressure data, acquired with theSuperFlow Engine Cycle Analyzer.This work was funded in part by thePipeline Research Committee of theAmerican Gas Association.R e f e r e n c e s [AP87]C. M. Anastasia, G. W. Pestana, "ACylinder Pressure Sensor for ClosedLoop Engine Control", SAE Paper870288, 1987.[Bla62]P. F. Blackman, "Extremum-SeekingRegulators, and an Exposition ofAdaptive Control", Pergamon Press,1962.[DL51]C. S. Draper, Y. T. Li, "Principles ofOptimalizing Control Systems and anA p p l i c a t i o n t o t h e I n t e r n a l C o m b u s t i o n E n g i n e " , A S M E Publications, 1951.[FL90]S.E. Fahlman and C. Lebiere, "TheC a s c a d e - C o r r e l a t i o n L e a r n i n g Architecture", Advances in NeuralInformation Processing Systems,volume 2, pp. 524-532, MorganKaufmann, San Mateo, CA, 1990.[Flo64]J. J. Florentin, "An ApproximatelyOptimal Extremal Regulator", J . Electronics and Control, XVII, 2, p.211, 1964.

[GP89]E. H. Gassenfeit, J. D. Powell,"Algorithms for Air-Fuel RatioE s t i m a t i o n u s i n g I n t e r n a l C o m b u s t i o n E n g i n e C y l i n d e r Pressure", SAE Paper 890300, 1989.[HA86]Y. Hata, M. Asano, "New Trends inElectronic Engine Control - To theNext Stage", SAE Paper 860592, 1986.[Kal58]R. E. Kalman, "Design of a Self-Optimizing Control System", ASMETransactions, 1958.[KPF89]D. B. Kittelson, M. J. Pipho, M.L. Franklin, "Dynamic Optimizationof Spark Advance and Air-FuelRatio for a Natural Gas Engine," SAEPaper 892142, 1989.[KSS88]Y. Kawamura, M. Shinshi, H. Sato, N.Takahashi, M. Iriyama, "MBTC o n t r o l t h r o u g h I n d i v i d u a l Cylinder Pressure Detection", SAEPaper 881779, 1988.[Pes89]G. W. Pestana, "Engine ControlMethods Using Combustion PressureFeedback", SAE Paper 890758, 1989.[SSM92]T.D. Sanger, R.S. Sutton, C.J.Matheus, "Iterative Construction ofS p a r s e P o l y n o m i a l A p p r o x i m a t i o n s " , A d v a n c e s i n N e u r a l I n f o r m a t i o n P r o c e s s i n g S y s t e m s , volume 4, MorganKaufmann, San Mateo, CA, 1992.