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Project Activities for Reporting Period:
Task 1 Literature Review (Completed)

Task 2 Data Collection from Industry Partners (Completed)

Task 3 Data-Driven Probabilistic Modeling of Pipeline Defects

Predicting Defect Growth Using Bayesian Neural Network

BNN Model Development with Zone-Based Data
In the dataset from the 112-km pipeline in Mexico, the soil properties are measured per zone but there are various measurement values of pipeline defects at each zone, which cannot be explained by the variation of soil properties. One solution is to use zone-based data in the prediction model. Although this will reduce the size of dataset, the model accuracy is expected to be improved by reducing the uncertainty of input data itself.   
The ILI data were further processed to generate the zone-based dataset. One pair of corrosion defects from two inspections that matched with each other at the nearest location and showed the increasing trend were extracted from each zone to generate the dataset. Figure 1 shows the scatter plot of corrosion defects along pipeline length in the zone-based dataset. Figure 2 and 3 illustrate the boxplots and distribution frequency plots of defects in the zone-based dataset, respectively, for metal loss and defect length. As compared to the processed dataset based on all defect measurements, the variance of defects was reduced by removing the multiple data points within the same zone.
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[bookmark: _Ref118733196]Figure 1 Scatter plot of corrosion defects along pipeline length for the zone-based dataset: (a) metal loss; and (b) defect length
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(a)                                                                      (b)
[bookmark: _Ref118733305]Figure 2 Boxplot for the zone-based dataset: (a) metal loss; and (b) defect length

 
(a)                                                                                 (b)
[bookmark: _Ref118733308]Figure 3 Distribution frequency plot for the zone-based dataset: (a) metal loss; and (b) defect length

The zone-based datasets were used to establish BNN models for the prediction of metal loss and defect length. The dataset was divided into the training set (80%) and test set (20%) for cross-validation. In this study, the inputs included the soil parameters (Eh, resistivity, pH, concentration, soil moisture, and soil type), age of pipe segment (after initial installation or replacement), elevation, and wall thickness. BNN models were developed for metal loss and defect length separately, and the coefficients of determination (R2) for model accuracy (based on test set) were summarized in Table 1. 
[bookmark: _Ref119335280]Table 1 Accuracy of BNN models for prediction of pipe defects (zone-based dataset)
	Dataset
	Soil Property Input
	Defect Type
	BNN
	Dataset Size

	Zone-Based Dataset
	Original
	Metal Loss
	0.64
	380

	
	
	Defect Length
	0.94
	326



Figure 4 shows the measured vs. predicted corrosion defects with 95% conference interval with the BNN models developed using the zone-based dataset. The blue points represented the measured values, the orange points stand for the mean value of predicted results, and the orange range corresponded to the confidence interval which was expected to cover 95% of predictions from the view of statistics.
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[bookmark: _Ref118837873]Figure 4 Measured vs. predicted defects with 95% conference intreval by BNN models developed using the zone-based dataset: (a) metal loss; and (c) defect length

Shapley Additive Explanation of BNN Model
Sophisticated machine learning algorithms can provide accurate predictions, but it is challenging to interpret the model. Shapley Additive Explanation (SHAP), a unified and game theoretic tool, is applied to explain the output of machine learning model and increase transparency based on the game theoretically optimal Shapley values. In game theory, the principle of SHAP value is to evaluate the contributions from each player to the game result separately, while keeping the sum of contributions being equal to the final game result. Thus, in model interpretation, SHAP is used to measure each feature’s contributions to the final prediction of model by assigning a SHAP value to each feature. A higher average SHAP value indicates a more important parameter. SHAP values interpret the process of deriving the final model output by starting from the base value that would be predicted if none of the features was known, after which SHAP values are incrementally calculated conditioned on one feature at a time. The feature’s contribution is determined by accumulating all the feature combinations. When the addition of a feature increases the output value, it has a positive SHAP value.
In this study, global interpretation of derived model was conducted through calculating the SHAP values, and the positive and negative correlations between variables and prediction were illustrated by the SHAP value plots. SHAP values were calculated for the BNN models of metal loss and defect length to analyze the effects of parameters on the output. SHAP values were estimated for the BNN models developed using the zone-based dataset for the propagation of metal loss and defect length. 
Figure 5 shows the variable importance plots of SHAP values. The descending order of parameters indicates the rank of variable importance on the output from high to low, and the color of the points indicates the magnitude of the feature for each observation with blue standing for lower values and red standing for higher values. Soil moisture showed relatively higher importance on corrosion defects as compared to other influencing variables. It was suggested that soil moisture had positive effects on metal loss and defect length in general. 
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[bookmark: _Ref106133183]Figure 5 Variable importance plot of BNN models using the zone-based dataset: (a) metal loss; and (b) defect length

Predicting Defect Growth using Probabilistic Power Law Model
As mentioned in the previous report, a power-law function of time model formation is adopted for corrosion growth as shown in Eq. 1 below.
	
	(1)

	
	(1a)

	
	(1b)


Where, m = types of defect quantity (e.g., m = D for the maximum defect depth and m = L for the maximum defect length), Ym= defect quantity (e.g., maximum defect depth or defect length) at a time instant t, θ = unknown model parameters, fi and hj = influencing environmental variables. 
The 112 km pipeline is divided into 56 segments with 2 km length for each segment. Then linear regression is conducted by treating the resulted C1,k or C2,k as the response and the mean values of the soil parameters for each segment as the predictors. The results indicate that the soil moisture, M, and soil sulfate level, SO4, have the least p-value in the developed linear models for C1,k and C2,k, respectively. Thus, Eq. (1a) and (1b) become Eq. 2 as follows.
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By incorporating the soil properties at the location of each defect, the unknown model parameters are assessed based on all the defect data of the whole pipeline using MCMC.
The predicted corrosion depth and length and the associated actual measured quantities obtained through ILI are compared in Figure 6. It is found that the prediction accuracy has been significantly increased when comparing the results in the previous report where only soil moisture was incorporated in the model. This result shows that using our approach to select soil properties is effective. However, more datasets should be used to continue testing and improving this approach.
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	Figure 6 Comparison between predicted versus measured defect dimension: (a) depth and (b) length



Summary
It is noted that the developed models are applicable for a wide range of pipe defects, such as corrosion, cracks, mechanical damages, as well as interactive threats. Based on the ILI data from the industry partner, external corrosion is the dominant one that shows a growth trend.  Thus, the prediction models for external corrosion were developed and evaluated for accuracy. 
Based on the results of both prediction models, the general trend of defect growth can be captured with the average corrosion depth and length. However, large variations were found in the prediction. This is probably due to the fact that the ILI data are only available for two inspections. The model accuracy would increase as more inspection data become available as model inputs. Therefore, the research team will search the available multiple-year defect data in the literature for analysis, in addition to keep refining the developed models.


Project Activities with Cost Share Partners:
Cost share is provided by Rutgers University and Marquette University during this quarterly period as budgeted in the proposal.

Project Activities with External Partners:
N/A

Potential Project Risks:
N/A

Future Project Work:
Considering the importance of accurately predicting defect growth trend for repair scheduling, the research team will continue working on Task 3 Data-Driven Probabilistic Modeling of Defects and delay the start of Task 4 Quantification of Probability of Failure.
1) Considering there are only two inspection data available, the corrosion rate can be calculated and used as the dependent variable to be predicted. In this case, BNN model will be used to predict how soil environment and other variables affect the relative growth of corrosion defect between two inspections. In addition, assumptions will be made to consider random generation of defects in the BNN model. 
2) The prediction accuracy of probabilistic power-law models will be further improved by incorporating more soil properties or dividing the pipe length into different zone segments where the prediction model at each zone will have different model parameters.
3) The availability of multi-year inspection data will be further checked in the literature to see if it is possible to demonstrate the developed approach for different datasets and compare the accuracy.

Potential Impacts to Pipeline Safety:
The ILI data will be used to develop probabilistic growth models of pipeline corrosion defects, which can aid pipeline operators better predict failure risk and make repair decisions.
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Measured	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	65	66	67	68	69	70	71	72	73	74	75	76	0.64007999999999998	0.64007999999999998	0.64007999999999998	0.64007999999999998	0.64007999999999998	0.70408800000000005	0.70408800000000005	0.768096	0.768096	0.768096	0.83210399999999995	0.89611200000000002	0.89611200000000002	0.89611200000000002	0.89611200000000002	0.89611200000000002	0.94996000000000003	0.96011999999999997	1.0241279999999999	1.0241279999999999	1.0241279999999999	1.0241279999999999	1.0241279999999999	1.0241279999999999	1.0312399999999999	1.088136	1.088136	1.088136	1.088136	1.088136	1.088136	1.088136	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.344168	1.344168	1.4081760000000001	1.4081760000000001	1.4437359999999999	1.4721839999999999	1.4721839999999999	1.536192	1.5468599999999999	1.6002000000000001	1.792224	1.8562320000000001	1.9202399999999999	1.9202399999999999	1.9202399999999999	1.9202399999999999	1.9949159999999999	2.176272	2.176272	2.4323039999999998	Predicted	2.7619688185227629	2.8153634854038567	2.8504317130431298	2.8679869155713971	2.9498242354277142	2.7399099719382245	2.7282494368814243	2.6225894259529077	2.5965608958795601	2.704848710542751	2.9194431204525499	2.6220705030522855	2.6233979190815986	2.5770305161292577	2.5970576579741893	2.5858161944582827	2.6839733389029203	2.4573938545197413	2.4580270960336197	2.6076858083595562	2.5848631081722147	2.3718027204565257	2.4055838784160173	2.4483834768268204	2.7658142222532498	2.3291358416407983	2.4226602481839157	2.3365895270887482	2.5142520355950282	2.4273393537421475	2.3852415483615657	2.4223772355572861	2.2808651470891972	2.3751808842562445	2.5485769141055443	2.2819312581160225	2.3496519842109524	3.2013963120939768	2.2756873089401637	2.3296507209234165	2.2831750867650396	2.2724276540110067	2.2766808941133321	2.2730509683220221	2.2811620020603987	2.490652069647854	2.2912973213752359	2.3385518272167407	2.3067076563318483	2.337565050532695	2.3717015893504696	2.351860426823376	2.3376252269080817	2.6160906277015301	3.1922710044994522	2.3460732809065665	3.4122929940830526	2.6163442027077823	3.3012036332735319	2.6743026831082801	3.4738114921550625	2.5078971196081459	2.6137422906450603	3.0790692932592738	2.7907676566564983	3.4010120137527857	3.2305365302991986	2.9703623603430391	3.3287436111882847	2.9738232659459296	3.0994483639792456	3.3187195118835242	2.8717774156636962	3.3441630718565438	3.3011404572669294	3.5339750247448332	2.7619688185227629	2.8153634854038567	2.8504317130431298	2.8679869155713971	2.9498242354277142	2.7399099719382245	2.7282494368814243	2.6225894259529077	2.5965608958795601	2.704848710542751	2.9194431204525499	2.6220705030522855	2.6233979190815986	2.5770305161292577	2.5970576579741893	2.5858161944582827	2.6839733389029203	2.4573938545197413	2.4580270960336197	2.6076858083595562	2.5848631081722147	2.3718027204565257	2.4055838784160173	2.4483834768268204	2.7658142222532498	2.3291358416407983	2.4226602481839157	2.3365895270887482	2.5142520355950282	2.4273393537421475	2.3852415483615657	2.4223772355572861	2.2808651470891972	2.3751808842562445	2.5485769141055443	2.2819312581160225	2.3496519842109524	3.2013963120939768	2.2756873089401637	2.3296507209234165	2.2831750867650396	2.2724276540110067	2.2766808941133321	2.2730509683220221	2.2811620020603987	2.490652069647854	2.2912973213752359	2.3385518272167407	2.3067076563318483	2.337565050532695	2.3717015893504696	2.351860426823376	2.3376252269080817	2.6160906277015301	3.1922710044994522	2.3460732809065665	3.4122929940830526	2.6163442027077823	3.3012036332735319	2.6743026831082801	3.4738114921550625	2.5078971196081459	2.6137422906450603	3.0790692932592738	2.7907676566564983	3.4010120137527857	3.2305365302991986	2.9703623603430391	3.3287436111882847	2.9738232659459296	3.0994483639792456	3.3187195118835242	2.8717774156636962	3.3441630718565438	3.3011404572669294	3.5339750247448332	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	65	66	67	68	69	70	71	72	73	74	75	76	1.02920788751797	0.839413356649791	0.71235877011127002	0.96589307528812396	0.78693939700230797	0.86469415937419702	0.93628506960000102	1.0537013760599501	0.90814524336741997	0.92594126695533596	0.89808500298705696	1.0049687071210101	1.0487879517794101	0.96718796455786005	1.05285759242374	0.98213035251985803	0.88382463071250195	1.05299154251363	1.0756646091434801	0.89821120653082098	0.94488289116097801	1.11725125022083	1.1021456679993999	1.1354801668008101	1.0029835829467399	1.12387102222098	1.06749608919838	1.1676682037370001	1.0383875917824901	1.13124144312048	1.18077676814925	1.15333932373201	1.15612501044335	1.1353289781825699	1.0611244117054399	1.1557340855723699	1.13515002566304	1.6820042808312301	1.1494012703399801	1.1264647607467899	1.1539740966080001	1.15381759894382	1.15230883001193	1.15700092352677	1.1543684314037801	1.0440530181538901	1.15815822187083	1.23481726888869	1.19665354239169	1.2217035469348601	1.19099361919823	1.2098752064701499	1.2104711458495701	1.2330046398173	0.73044832115951797	1.2272507955999901	0.82420168439063601	1.4642152390149601	1.05049057041481	1.3474202820013901	1.4442595086817001	1.45429680632766	1.34782418802549	1.2176659046252001	1.49423007582561	1.39377351187311	1.20175577574547	1.4462688712735901	1.43119434486829	1.46335093769005	1.5882277896304999	1.64622690057767	1.71107920095141	1.3732738787074501	1.96436449043377	1.84444604833583	Sample #


Metal Loss (mm)




Measured	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	65	66	67	68	69	70	71	72	73	74	75	76	8.8899999999999988	8.8899999999999988	11.937999999999999	12.953999999999974	13.97	14.985999999999972	14.985999999999972	14.985999999999972	14.985999999999972	14.985999999999972	14.985999999999972	16.001999999999974	16.001999999999974	17.017999999999976	18.033999999999974	18.033999999999974	18.033999999999974	18.033999999999974	18.033999999999974	18.033999999999974	18.287999999999972	19.049999999999997	20.065999999999999	21.081999999999997	21.081999999999997	21.081999999999997	21.081999999999997	21.081999999999997	21.081999999999997	21.081999999999997	22.097999999999999	23.875999999999998	23.875999999999998	23.875999999999998	23.875999999999998	26.923999999999999	26.923999999999999	26.923999999999999	26.923999999999999	26.923999999999999	26.923999999999999	29.971999999999742	33.019999999999996	36.067999999999998	36.067999999999998	36.067999999999998	36.321999999999996	41.91	44.957999999999998	44.957999999999998	51.053999999999995	51.053999999999995	51.053999999999995	56.896000000000001	59.943999999999996	62.991999999999997	66.039999999999992	87.122	104.90199999999999	114.04599999999999	137.922	147.066	150.114	151.892	155.95599999999999	246.12599999999998	Predicted	137.12028498739684	147.96089195111443	140.36333116827205	140.04343897972515	122.48950454654199	146.24367401260136	136.43861305582089	134.20548701130147	142.86480687110475	130.68448782166561	131.50813009489576	140.42353990398206	134.14650599523549	131.8301868189142	122.00474555598946	127.5410074806681	141.45852801794518	129.97525815292215	132.97316171202507	137.55934791988591	135.33319306377743	142.6586026277617	125.94955134657721	128.66806665415749	125.60732481693373	138.47045854265227	127.20376865588271	127.57503254641415	135.46593356488717	133.58953817406316	125.44008533861471	126.37291354105325	123.78323408962461	121.90794264817258	129.20582724679781	122.75570358786499	122.2141235666685	119.87673889659563	129.88131264070205	118.29585312418953	137.11366548158281	116.86076348635899	130.40414261948027	120.9931469728555	117.96167906902625	111.18924075315023	122.64879262674884	108.99298693823006	110.44933525818496	111.7538276617276	125.06472812926216	111.07580044432918	111.86112590061288	110.51587472569834	116.09077122207316	115.11774166444644	119.42238297415983	153.73114842258727	155.75215838107741	176.05845824832394	202.60860305028569	169.37311445744095	202.18750331733369	218.41719198281706	194.14250782709166	226.64459687510058	137.12028498739684	147.96089195111443	140.36333116827205	140.04343897972515	122.48950454654199	146.24367401260136	136.43861305582089	134.20548701130147	142.86480687110475	130.68448782166561	131.50813009489576	140.42353990398206	134.14650599523549	131.8301868189142	122.00474555598946	127.5410074806681	141.45852801794518	129.97525815292215	132.97316171202507	137.55934791988591	135.33319306377743	142.6586026277617	125.94955134657721	128.66806665415749	125.60732481693373	138.47045854265227	127.20376865588271	127.57503254641415	135.46593356488717	133.58953817406316	125.44008533861471	126.37291354105325	123.78323408962461	121.90794264817258	129.20582724679781	122.75570358786499	122.2141235666685	119.87673889659563	129.88131264070205	118.29585312418953	137.11366548158281	116.86076348635899	130.40414261948027	120.9931469728555	117.96167906902625	111.18924075315023	122.64879262674884	108.99298693823006	110.44933525818496	111.7538276617276	125.06472812926216	111.07580044432918	111.86112590061288	110.51587472569834	116.09077122207316	115.11774166444644	119.42238297415983	153.73114842258727	155.75215838107741	176.05845824832394	202.60860305028569	169.37311445744095	202.18750331733369	218.41719198281706	194.14250782709166	226.64459687510058	1	2	3	4	5	6	7	8	9	10	11	12	13	14	15	16	17	18	19	20	21	22	23	24	25	26	27	28	29	30	31	32	33	34	35	36	37	38	39	40	41	42	43	44	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	65	66	67	68	69	70	71	72	73	74	75	76	16.47325367037881	18.003003954605219	19.966773926692976	18.61755095275776	15.687721238416335	10.699002962787015	20.967482404791657	23.125340442798162	23.871828218371519	22.99479023199677	25.218893567180213	21.17139797431431	20.889599514625004	21.269065828190861	26.057244235734959	22.751657166545208	19.83813329733993	28.583783527557113	21.029342879731011	21.675364075255885	15.428788250174966	23.880622614746368	22.425171664634608	25.467574310784812	33.645630226485579	14.687061178915794	24.482763190749345	28.537053866196963	24.171936284321195	29.66786716621786	23.945531631763458	28.46278824145902	24.324454356061654	32.751355314984373	25.732785882298884	36.169481929075864	34.594877708721647	29.244569825514002	36.854767433597623	35.89223214532381	26.270609547060126	37.511928580214786	19.007966929906594	35.58550409550174	35.256975393096653	39.081922935572855	34.12405649669234	41.062361359676146	44.857799397369604	49.546713324809502	36.7090442776719	51.404013050609016	54.240294242006591	53.475890906539462	60.105620804158299	60.71770550463949	60.730683780815212	78.773130870339088	100.09490717223383	132.53749374748259	131.91695229372016	134.37305422910205	124.01533833083209	91.573968722395264	132.18024646450615	243.58344821693694	Sample #


Defect Length (mm)




2005	195.47	1422.14	1553.8	3340.04	4780.16	4934.54	5154.67	5622.05	6614.31	7872.6	25073.439999999999	26949.72	29002.97	29256.92	30145.4	31201.26	34449.83	34552.959999999999	37697.35	38415.800000000003	40594.39	41067.03	41220.26	41410.71	45030.01	52278.18	65935.240000000005	66425.759999999995	69065.66	70094.759999999995	70254.16	72087.199999999997	72185.13	77244.63	78103.600000000006	88832.17	89810.5	91664.51	92954.52	93161.4	93307.29	93572.44	93706.91	94072.8	94277.81	94386.76	95058.18	95297.74	95433.91	95666.98	96133.49	97311.1	97529.18	97805.28	98039.33	98642.47	98796.67	100432.42	100861.94	101201.78	101343.22	101681.63	103118.52	104087.65	104522.05	104974.29	105399.65	105601.88	105781.87	106061.48	106156.98	106605.9	106858.03	106945.7	107102.06	107811.63	108068.52	108109.4	108905.33	109165.41	109488.38	109619.12	109870.37	110363.82	110688.88	110722.09	111268.46	111324.1	0.64007999999999998	0.64007999999999998	0.64007999999999998	0.96011999999999997	0.64007999999999998	0.96011999999999997	0.64007999999999998	0.64007999999999998	0.64007999999999998	0.64007999999999998	0.64007999999999998	0.768096	0.64007999999999998	0.83210399999999995	0.83210399999999995	0.83210399999999995	0.64007999999999998	0.70408800000000005	0.83210399999999995	0.70408800000000005	0.70408800000000005	0.94996000000000003	1.0241279999999999	0.83210399999999995	0.64007999999999998	0.70408800000000005	0.64007999999999998	0.64007999999999998	0.89611200000000002	1.6002000000000001	0.768096	0.70408800000000005	0.89611200000000002	0.70408800000000005	0.64007999999999998	0.83210399999999995	0.83210399999999995	0.89611200000000002	0.70408800000000005	0.96011999999999997	0.64007999999999998	0.96011999999999997	0.83210399999999995	0.768096	0.768096	0.768096	0.83210399999999995	1.4081760000000001	0.64007999999999998	0.64007999999999998	0.768096	0.89611200000000002	0.64007999999999998	0.768096	1.0241279999999999	0.64007999999999998	0.768096	1.0241279999999999	0.89611200000000002	0.64007999999999998	0.64007999999999998	0.89611200000000002	0.96011999999999997	1.0241279999999999	0.70408800000000005	1.0241279999999999	0.96011999999999997	1.088136	0.83210399999999995	0.70408800000000005	0.96011999999999997	0.96011999999999997	0.89611200000000002	0.96011999999999997	0.83210399999999995	0.64007999999999998	0.64007999999999998	0.83210399999999995	0.70408800000000005	0.64007999999999998	0.768096	1.1521440000000001	0.70408800000000005	0.70408800000000005	0.768096	0.70408800000000005	0.70408800000000005	0.64007999999999998	2010	5.96	202.57	304.98	519	700.87	1077.3599999999999	1191.5	1476.61	1575.69	1835.24	2217.86	2473.73	2520.98	3181.31	3330.78	3764.07	4182.24	4447.41	4630.49	4786.57	4914	5133.29	5696.68	5799.08	6287.71	6610.62	7842.26	8054.66	8427.2000000000007	8501.7199999999993	8970.9699999999993	23986.959999999999	25056.240000000002	25211.040000000001	25361.200000000001	25807.55	26002.98	26984.01	28222.57	28984.12	29182.1	29919.759999999998	30292.98	30819.39	31172.27	31543.65	34380.559999999998	34586.68	34745.040000000001	36551.26	37384.639999999999	37592.28	38387.18	38587.550000000003	39216.76	39477.160000000003	39500.699999999997	40675.760000000002	41067.83	41220.74	41395.83	41540.58	41850.120000000003	41954.45	42156.38	42458.49	42528.08	42778.17	43764.41	44049.63	44286.23	44459.9	44963.96	45106.16	45399.57	45525.96	45761.54	46599.95	47430.92	47535.71	47863.29	48071.05	48226.38	48372.18	48684.44	49154.2	49325.440000000002	49794.53	49914.25	50219.99	50367.63	52248.08	53129.16	53781.9	53932.44	54713.94	56652.59	56732.45	59384.57	59903.23	60109.65	60720.01	61019.64	61548.24	61916.79	62141.01	64328.34	64504.35	64756.11	64905.98	65415.9	65649.08	65894.38	65933.62	66235.399999999994	66423.399999999994	66668.39	66703.320000000007	66901.119999999995	67146.37	67338.37	67516.600000000006	67896.98	68005.56	68172.13	68453.19	68543.149999999994	68707.72	69020.38	69107.740000000005	69327.53	69631.009999999995	69821.45	69932.69	70253.350000000006	70491.58	70508.179999999993	70867.44	71013.91	71410.509999999995	71562.09	71765.33	72070.25	72184.460000000006	72315.38	72509.649999999994	72719.77	72977.149999999994	73138.490000000005	73573.55	73795.55	74030.740000000005	74751.48	75285.11	75870.649999999994	75910.19	76113.850000000006	76356.09	76512.11	76733.48	77034.52	77242.789999999994	77559.360000000001	77847.289999999994	78022.62	78166.73	78308.58	78576.570000000007	78769.2	78915.47	79107.47	79918.399999999994	80282.27	80305.63	80855.240000000005	80927.97	81129.47	81307.740000000005	81535.19	81717.27	81904.19	82221.919999999998	82315.95	83565.649999999994	84704.58	85409.61	87604.7	88859.65	89699.7	89800.29	89904.63	90110.34	90302.28	90501.02	90718.15	91434.92	91622.01	91841.91	91946.77	92152.59	92306.09	92511.45	92810.06	92944.72	93177.51	93311.33	93577.65	93710.89	94266.83	94626.32	94721.69	95082.29	95297.69	95401.37	95541.53	95837.29	95908.72	96139.88	96349.13	96546.28	96722.42	96901.09	97122.19	97324.77	97524.54	97796.7	98028.69	98100.69	98324.479999999996	98645.74	98781.7	98932.61	99109.56	99303.65	99502.51	99702.47	99909.81	100127.99	100330.25	100502.39	100851.18	100929.51	101250.87	101696.48	101720.9	101911.8	102106.37	102306.71	102508.82	102701.28	102909.63	103121.55	103357.39	103567.23	103724.7	104092.5	104124.33	104315.91	104509.74	104730.09	104995.84	105125.86	105397.77	105606.14	105777.27	106050.66	106341.89	106603.82	106849.33	107095.33	107102.1	107323.35	107508.6	107811.04	108067.87	108108.66	108302.93	108595.82	108761.31	108921.83	109169.01	109463.11	109628.32	109860.48	109907.19	110142.08	110404.8	110543.79	110732.29	110901.68	111256.81	111319.23	0.384048	0.83210399999999995	0.70408800000000005	1.1521440000000001	0.768096	0.96011999999999997	2.2799040000000002	1.4081760000000001	1.792224	2.3042880000000001	1.792224	1.0241279999999999	1.1521440000000001	1.4081760000000001	1.088136	1.792224	2.176272	1.8562320000000001	1.0241279999999999	1.6642079999999999	1.2161519999999999	1.344168	1.4721839999999999	1.1521440000000001	1.984248	2.6243280000000002	2.4323039999999998	1.1521440000000001	1.0241279999999999	1.9202399999999999	1.4721839999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.728216	1.1521440000000001	0.96011999999999997	1.6642079999999999	1.1521440000000001	1.4081760000000001	1.2161519999999999	1.1521440000000001	1.088136	1.6002000000000001	1.2161519999999999	1.1521440000000001	0.70408800000000005	1.088136	1.4081760000000001	1.2161519999999999	1.088136	1.4721839999999999	1.0241279999999999	0.89611200000000002	1.2161519999999999	1.088136	1.2161519999999999	1.2161519999999999	2.1849080000000001	2.1122640000000001	2.176272	2.176272	1.2161519999999999	1.792224	1.2161519999999999	2.0482559999999999	1.6002000000000001	1.8562320000000001	1.792224	2.4323039999999998	1.792224	2.176272	1.2161519999999999	1.2161519999999999	2.4323039999999998	2.176272	1.4081760000000001	1.0241279999999999	1.088136	2.7523439999999999	1.728216	0.51206399999999996	1.088136	1.536192	1.0241279999999999	1.8562320000000001	1.1521440000000001	2.176272	1.088136	2.176272	1.2161519999999999	0.83210399999999995	1.0241279999999999	1.536192	0.89611200000000002	0.70408800000000005	1.4081760000000001	1.4081760000000001	1.4437359999999999	1.5468599999999999	1.5468599999999999	1.0312399999999999	1.0312399999999999	1.2374879999999999	1.4437359999999999	1.3406119999999999	1.2161519999999999	0.70408800000000005	0.768096	1.28016	1.0241279999999999	1.344168	0.96011999999999997	1.4721839999999999	0.64007999999999998	1.4081760000000001	0.89611200000000002	0.768096	0.96011999999999997	1.9202399999999999	1.0241279999999999	0.96011999999999997	0.89611200000000002	0.96011999999999997	0.96011999999999997	0.96011999999999997	1.0241279999999999	0.89611200000000002	0.96011999999999997	0.96011999999999997	0.89611200000000002	1.088136	1.28016	1.9949159999999999	0.89611200000000002	0.64007999999999998	0.70408800000000005	0.89611200000000002	0.96011999999999997	1.536192	0.96011999999999997	0.96011999999999997	0.96011999999999997	0.96011999999999997	0.96011999999999997	1.1521440000000001	1.1521440000000001	0.89611200000000002	1.1521440000000001	0.96011999999999997	0.89611200000000002	1.344168	0.96011999999999997	1.1521440000000001	1.088136	1.1521440000000001	0.768096	1.2161519999999999	1.4081760000000001	1.1521440000000001	1.088136	1.2161519999999999	1.4721839999999999	1.4081760000000001	1.2161519999999999	1.4081760000000001	1.2161519999999999	1.1521440000000001	1.4721839999999999	1.1521440000000001	1.9202399999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.0241279999999999	1.088136	1.2161519999999999	1.1521440000000001	1.088136	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.2161519999999999	0.89611200000000002	1.6642079999999999	0.70408800000000005	1.2161519999999999	1.4081760000000001	0.768096	1.088136	0.64007999999999998	0.83210399999999995	0.70408800000000005	0.89611200000000002	0.70408800000000005	0.89611200000000002	1.0241279999999999	1.0241279999999999	1.1521440000000001	0.89611200000000002	0.83210399999999995	0.83210399999999995	0.83210399999999995	1.344168	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.088136	1.1521440000000001	1.2161519999999999	1.1521440000000001	1.792224	1.6002000000000001	1.2161519999999999	0.89611200000000002	1.1521440000000001	1.4721839999999999	2.176272	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.2161519999999999	1.1521440000000001	1.0241279999999999	1.1521440000000001	1.6002000000000001	1.1521440000000001	1.2161519999999999	1.0241279999999999	1.1521440000000001	1.088136	1.9202399999999999	1.6642079999999999	1.1521440000000001	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.088136	1.0241279999999999	1.2161519999999999	1.1521440000000001	1.0241279999999999	1.4081760000000001	1.1521440000000001	1.2161519999999999	1.4721839999999999	1.0241279999999999	1.344168	1.0241279999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.2161519999999999	1.1521440000000001	1.2161519999999999	0.64007999999999998	1.088136	1.2161519999999999	1.088136	1.2161519999999999	1.0241279999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.4721839999999999	1.2161519999999999	1.2161519999999999	1.2161519999999999	1.1521440000000001	1.1521440000000001	1.1521440000000001	1.9202399999999999	1.1521440000000001	1.2161519999999999	1.088136	1.2161519999999999	1.344168	1.1521440000000001	1.088136	1.2161519999999999	1.1521440000000001	1.9202399999999999	1.2161519999999999	1.1521440000000001	2.0482559999999999	1.1521440000000001	Length (km)
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In the dataset from the 


112
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but
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values
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at each zone
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-
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-
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-


based dataset
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respectively, for metal loss and defect length


. As compared to the processed dataset


 


based on all 


defect measurements


, the variance of defect


s


 


was reduced by removing the multiple data points 


within the same zone.
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