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A Prototype of Using Convolutional Neural Network for Concrete Crack Detection.
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Abstract

This research aims to develop a model for using artificial intelligence using convolutional neural networks (CNN)
to automatically detect concrete cracks in construction work, reducing the need for manual inspection. A diverse
dataset comprising various concrete crack scenarios is employed to train and test, ensuring robustness in crack
detection across different contexts. In addition to improving accuracy and consistency, this machine learning-based
approach enhances safety by enabling the inspection of difficult-to-reach or hazardous areas. Furthermore, it
enhances scalability and efficiency by rapidly assessing large or multiple sites. This approach allows for early
intervention, which can prevent potential structural failures, minimise repair costs, and extend the lifespan of
concrete infrastructures. The outcomes indicate that the model is highly effective, accurately classifying 39,482 out
of 40,000 instances, which equates to an accuracy rate of 98.705%. Moreover, the weighted average metrics,

including True Positive Rate, False Positive Rate, Precision, Recall, and F-Measure, all closely align with this high
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degree of accuracy, with almost all metrics at 0.987, demonstrating that the CNN model performance in accuracy
and efficiency. Meanwhile, the results from the 70/30 Percentage Split method are in the same direction,
representing the model's high performance. This yielded 11,829 (98.575%) correct instance predictions and only

171 (1.425%) incorrect instances.
Keywords: machine learning, concrete crack detection, convolutional neural network
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CAPABILITIES
Class -- Binary class, Missing class values, Nominal class

Attributes -- Binary attributes, Date attributes, Empty nominal attributes, Missing values, Nominal attributes, Numeric attributes, U
Interfaces -- Drawable, PartitionGenerator, Sourcable, WeightedinstancesHandler

Additional
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Log x0
. Close "‘k
i 4 wiheensifendaduundeyauuu Ja8 Tuntiising Weka Explorer

Y -

wonwmileani nsld KFold Cross Validation faudnde Wewinduisnmsiilulunsussduuszansam
voslunanisiFouiveanies lng “iv’ uioutsteyaseniiu K druwindu FamsussiiuussansnmusdunanisSeous
vouadaslansialuazld 10-Fold Cross Validation tiewtstoyaeanidu 10 dauwiiu vdsmmiu Buaaaglddumsiindy
9 fruwaniiuazmeaeuiudn 1 Wuilmde fufu nsviunstasdiniig 10 ads Insustaziuldndafsmuiigamaaey
AU msi’ﬂﬂizﬁm%mw%uqmﬁwaﬁ'aml,aé"maawaé’wﬁmﬂmiﬁwsz}gwLwiazﬂ%gqa’m 10 afs wdsnifudsduiunsuen
Uszny Samadnsazuandludiunadnsvesiuenusswam (Classifier Output)

wadwsUst i laarhauldedisdusyaniam aunsnssynisisesimldegigniedudndiuiigannvosam
a3 MISRIINSIARNAUINAANAIATIAN NI LIS UALALTI VLA (40,000) Tumadanunsasuunsuiuduaunus
39,482 971 40,000 18 sldegagndes Faviiuindauusiugigeda 98.705% Avvstinlnatuiiusyansnmgdly
msiueegagniesitnmasuniniiogluvavs fisesi1n’ (Crack) u3e liflsens’ (No Crack) uenndioanil 113
Forad vaaeuimin (Weighted Average Metrics) Usznausisinual TP (True Positive Rate), FP Rate (False Positive
Rate), Precision, Recall, way F-Measure Lo inusyavsnmussdlumaldiusulssansnnvesuna aglde TP 7 0.987
wansilnanaunInsEy 98.7% vesnsiisosintivivueldestgndes uaglde FP 7 0.013 Uit 1.3% vesnsdlit Ll
fisondn’ a3aavun uwignszyedidligniesih ‘Sreef1n ddmsdeRinnarniidoutradi uenwieand deldara
wiugn (Precision) 1 0.987 uansidlolumavinuneamindy ‘ses¥ry’ LLazmwﬁ?ugné]’aaLﬂué’mﬂehuﬁ 98.7% BN
Fravun uazA3eniu Recall) fldnamilouiu TP 7 0.987 uenaniilden F1s 0.987 uanvhlusadiawaugadiiun
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‘ & Weka Explorer = o X
|
| Preprocess Classify Cluster Associate Select attributes Visualize
|~ Classifier
Choose 348 -C0.25-M2 |
~Test options r~ Classifier output
( Use training set Correctly Classified Instances 39482 98.705 %
( Supplied test set Set.. Incorrectly Classified Instances 518 1.295 %
Kappa statistic 0.9741
© cros Folds \10 | Mean absolute error 0.02
C Percentage split % |66 | Root mean squared error 0.1073
= Relative absolute error 3.9984 %
More options... Root relative squared error 21.4658 %
Total Number of Instances 40000
(Nom) class v
=== Detailed Accuracy By Class ===
Start Stop
~Result list (right-click for options)————— TP Rate FP Rate Precision Recall F-Measure MCC
0.988 0.014 0.986 0.988 0.987 0.97
0.986 0.012 0.988 0.986 0.987 0.97
Weighted Avg. 0.987 0.013 0.987 0.987 0.987 0.97
=== Confusion Matrix ===
a b <-- classified as
19754 246 | a = POSITIVE
272 19728 | b = NEGATIVE I
Status

AN 5 HaansUsyansnmvedlunanieis 10-Fold Cross Validation

N5y 10-Fold Cross Validation #ams3dsannmsliisnisutsdadaudeya (Percentage Split) 7 70/30

'
a

Tnguustoyadmiunisisens (Training) ¥ 28,000 Buwanud uazdouadmiunisnaaey (Testing) 91 12,000 Buuanud

e-Ly @ 1w I o = a a = 19/ o a ¢ Y o o
LAAILALAUIINILUUUDN NLﬂaﬂﬂﬂﬁNUigﬁWﬁﬂWWQﬂ U ‘vmamSmmaauLLamuszmgﬂmmmmu 11,829 (98.575%) uag
a '
NanatawA 171 (1.425%) 918019
&) Weka Explorer
Preprocess  Classify Cluster Associate Select attributes  Visualize
~ Classifier
Choose 148 -C0.25-M2
~ Test options: ~ Classifier output
() Use training set === Evaluation on test split ===
C Supplied test set St Time taken to test model on test split: 0.11 seconds
() Cross-validation ~ Folds |10
(@) Percentage split % |70 MLy -
More options.... Correctly Classified Instances 11829 98.575 %
Incorrectly Classified Instances 1 1.425 %
(Nom) class o ||®appa statistic 0.9715
Mean absolute error 0.0224
Start S0p Root mean squared error 0.1136
Relative absolute error 4.4849 ¢
" Result list (right-click for options Root relative squared error 22.7248 %
9:20 3 Total Number of Instances 12000
=== Detailed Accuracy By Class ===
TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area Class
0.986  0.014  0.986 0.986  0.986 0.971  0.992 0.988 POSITIVE
0.986  0.014  0.986 0.986  0.986 0.971  0.992 0.988 NEGATIVE
Weighted Avg.  0.986  0.014  0.986 0.986  0.986 0.971  0.992 0.988
=== Confusion Matrix ===
a b <-- classified as
5879 85 | a = POSITIVE
86 5950 | b = NEGATIVE
<

Status

AT 6 nadnsUsEAvSamuesiunadiels Percentage Split (70/30)
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