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An ANN Model for Predicting the Compressive Strength of Concrete
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Abstract: The 28 d compressive strength is an important index in concrete application. In this study, an artificial neural network model
(ANN) was used to predict the compressive strength of concrete added with blast furnace slag and fly ash. The effects of number of
hidden layer, transfer function types and optimization algorithms on ANN output were researched. The results showed that the 7-23-1
network structure with one hidden layer, purelin transfer function in the hidden and output layer, and trainlm algorithm established the
optimal network. The established ANN only takes 0. 29 seconds to reduce the MSE of prediction values to about 0. 004 with 3 epoches. The
slopes of the regression curves between the ANN outputs and the experimental results in the training, verification, and testing stages
were greater than 97% , which indicated the consistence between prediction values and experimental ones.
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AT KR A T SR L 42. 5 238 Rk iR £h UK
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LA BRI R A A, BRI T AR = A A BR
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HEFR B 890 ke/m*, BT W3R 2 KT N 2 STk
MR 250K, o IR RS B A w4, 2%
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Table 1 Physical properties of cement

AR e FrifeR B/ min - PURHRIE/ MPa —
/ (m/kg) / (kg/m®) FHAK /% e 4% 3d 284 e
331 2946 25.6 264 339 24. 4 44.7 i

R2 BPTESERECZHERK

Table 2 Chemical components of blast—furnace slag and

fly ash / %
LES Ca0 Si0, AL, 0, Fe,0,
=Y GO 33.01 35.24 17.22 13. 54

MK 4.11 55.92 28.29 3.88
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Table 3 Components mass and compressive strength in 1 m* concrete

B OFERREFET AR (IRE (20+2) °C ., AHXT
TR 95S%LL ) F#9728 d, 153 150 mmx 150 mmx
150 mm TR

) : N i 7 S— _ - SIS/ MPa
* K AT WU TR WK Wk
1 132.98 306. 05 867.37 865.76 16. 13 191.07 20. 59 51.02
2 155.97 376.93 818. 11 815.99 19. 88 179. 85 16. 49 54.96
3 179. 93 446.75 767.59 766. 22 23.63 168. 96 11.71 51.02
4 141. 01 290. 83 867. 37 865.76 15.38 191. 07 18. 31 45.01
5 164. 01 360. 13 818. 11 815.99 18.75 179. 85 14. 10 52.00
6 188. 94 427. 85 767. 59 766. 22 22.50 168. 96 9. 40 52.99
7 151.96 206. 83 892. 63 891. 04 10. 88 196. 02 13. 61 27.98
8 164. 98 237.80 867. 37 865.76 12.38 191. 07 11.71 33.00
9 191. 01 300. 80 818. 11 815.99 15.75 179. 85 7.50 34.97
10 217.05 362.75 767.59 766. 22 19. 13 168. 96 2.91 38.02
11 138. 38 296. 08 887. 58 864.97 15.75 168. 96 15.43 57.92
12 162.76 363.28 837. 06 815.99 19.13 159. 39 10. 70 66. 35
13 182.43 430. 48 787. 80 767. 01 22.50 149. 82 10. 65 66.70
14 138. 38 296. 08 887.58 864.97 15.75 168. 96 15.43 57. 65
15 162.76 363. 28 837. 06 815.99 19.13 159. 39 10. 70 61.15
16 182.43 430. 48 787. 80 767.01 22.50 149. 82 10. 65 63.03
17 138. 38 296. 08 887.58 864.97 15.75 168. 96 15.43 34. 08
18 162.76 363. 28 837. 06 815.99 19.13 159. 39 10. 70 45. 82
19 182.43 430. 48 787. 80 767.01 22.50 149. 82 10. 65 50.57
20 155.97 401. 08 1050. 50 616.91 21.00 144. 87 13.69 62. 85
21 146. 00 364. 85 1083. 34 636. 66 19. 13 150. 15 13.53 60. 79
22 123.01 328. 10 1117. 44 655. 62 16. 88 154. 11 27.17 57.02
23 162. 07 257.23 1122. 50 660. 36 13. 88 155. 10 7.69 45.19
24 153. 06 228. 88 1152. 81 676. 95 12. 00 159. 06 7.25 41.07
25 144. 06 201. 05 1181. 86 694. 33 10. 88 163.02 6. 38 32.46
26 174.95 192.13 1141. 44 669. 84 157. 13 9.90 5.30 22.24
27 164. 98 170. 08 1166. 70 685. 64 160. 88 8.91 5.14 21.08
28 155. 00 146. 98 1194. 49 700. 65 165. 00 7.92 4. 65 21.26
29 188. 94 365.90 780. 22 834.95 52. 88 104. 94 7.80 64. 46
30 188. 94 330. 20 826. 95 834.95 46. 88 94. 05 8.48 54.42
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Fig.1 The structure of artificial neural network
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Fig.2 The effects of hidden layer number in ANN on MSE of
predicted compressive strength

ME 2 (a) ATLLER], R —FE)Z ANN
i, B2 2 e AN FIOR TN 4T R R B Y MSE
g RS Ehman i ut b (hF 1s)
mFEdZ (KT 35) B, PrERE R MSE #5;
K, PRETeH0E > FEA R 2Z 1 T ANN
RPN B, AR 2 T DL A 8 R B A S

MIJER TR 2T BT 225 B0 5 22 18 m ) 2
P LA 1 L, AFIF ANN iz 4k, 40
— R E oA B 23 I, ANN TR g 1
PUESE BE () MSE A%, & 0. 00440, R4 X ANN
RS R BRI T ek, T LA B AR
) ANN PRI 4548 7-23-1 (B AJZ-Ba& 2 -
HZEMZITC ), K 3 iR,

Hidden Output

B3 &=L ANN ML
Fig.3 The optimal structure of ANN

3.2t & HOT ANN FRNAE 09 % vh

TEN A 28 5T W 26 1w FH B e FH 1) A% 356 R B
AUFE 28 M PR L purelin, P FH S BY bR AL logsig FN1
tansig, tansig PREL, W= (3) ~ (5) PR,

h T WAL B R BON TR BE 1 28 d T R T
MMEL MSE (520, A SCHE B & 2 Fidi i 2R 0 |
W = AL R A AT ANN P28 sh kAL, 436 R
BG4 BT HE 5 B MSE RS20 An &l 4 s

B4 REEMELEESRETNGERE MSE #2201
Fig. 4 The effects of hidden and output layer transfer function on
MSE of predicted compressive strength

MIE 4 v LIEH, BRE 2 M R AL 6 R
XPRE BT 5 B TN AE ) MSE 520 23, JUH
R 2, XL, M H R SR A purelin pREL
A, ANN 28 TR0 A0 40 F i B MSE 484K, 4R
JZ 0% 2 W SR B purelin BRI, 470 5 2 i



31 I . TN TR 28 70 ) 2 A ARSI VR 5 T bR 131

M{E A MSE #=A%, 53] 1 0.0047, T i JZ= R H]
tansig 1 logsig PRELH UM Y MSE ¥4y, JoH:
F& tansig PREL, BIBE B35 )2 R A purelin #R %L,
i )2 R tansig PRELHT, IN(EAY MSE f% 5,
RENT 0.0271, FIRESEH T tansig PRECAT LUK i i)
BRWITE (-1, +1] IXIAEREL, PN MRS 2R
purelin PREL, it )2 R H logsig PREL (it BRI 72
[0, +1] XT[a]) B, TP A MSE M & & 1
0. 0271 FA%E] 1 0. 0128,
3.3 fRACH AT ANN TR A% E 69 % v

NN B il O N R 7 N I T
Levenberg — Marquardt . DI I 37 1F 0| /& ( Bayesian
Regularization) . & AL L PE 4 £ (Scaled Conjugate
Gradient) ZFZ M, ASCHESE T 40T 11 o
7, B trainlm (LM 3835) | trainbfg (380451 52 7]
& & 535 ) . trainbr (DU A M GE 00 4k B G ) |
traincgb ( Powell—Beale 8 B )z [ f£ 3% 7% ) |
traincgf ( Fletcher— Powell 2886 & 2 ] AL #5875 |
traincgp ( Polak — Ribiere 72 £ B 2 [ 4% #& .15 |
traingd (BBEE T RERIEHER ) | traingda ( H il
IV 27 > AR E T R S I AE S5 ) | traingdm
CBEE I 2l & PR 00 B BE T R S Il AR R SRR ) |
traingdx (38 W 27 > FEIE RN B & 5 BB R R
W S LR TE ) | trainseg (RALIEHEREEE SR |
XPRBE + TN T 50 B MSE 52, WAl S s,

0.025 -
0.020 |
0.015 |

[sa]
2]
= 0.010 |

0.005

B 5 MRUEENBNGERE MSE HIR200
Fig.5 The effects of algorithm on MSE of predicted
compressive strength

MELS FTLIE 2], AN RS ENT ANN 540
SRIZ Y MSE 52 M @ 2%, H P trainlm, trainbfg
traincgb . traincgf Al trainscg T AE 1Y) MSE % /)N

1E 0.0048 LA, T traingd, traingda, traingdm FI
traingdx PN A9 MSE 3K, 7£0.02 &£ 4, Ui#
ARSCHYARZNME RGN IE & 2R F H 3 N5 ) SR B
B nzh & - pe AR %, X aT RE R T T AR SCRY
Bl fb g, B RIS e, Wik, R
FEH R LM RS B AL hr a5 %, i Hit 5
HORE, AT 0.20 FEtAESE M5 .

3.4 ANN Fml st £ 40 R 5%

HRAERT SO ANN 48 254 A7 A4k, R 3
BRI 7-23-1 WERAEH | By R R R
IR A purelin (£33 BREL . >R trainlm 55 3E1 711
B, ATLAESI A5 B ANN 2% H2 ok, R
FHIX — P28 XRHE BE 1+ 28 d BT R s B #EAT I, Jf
PEAT R 28 55 UE AT X

MIE 6 FTLIFE L, BEE ANN WL IARITEAR,
IR, Souk A0 I X B Be 500 (B (1) MSE A B A1
X7 3 AN 76 (epoch) 1 26 T i 45 SR 5l RE 5 %)
B,

LT /LR, RISk, Bk Fnim i B
ANN T 25 3R 55 3056 45 2R 1] 07 il 2R S 2 o0 F
97% , RWIPIHE W5, M 8 HYER2EBRAR & 0]
DL AER ), ANN BN 45 2R 0 22 2 A 0
BFT, FEE W RS O miBE RS AOEE N, U4 R ik
B35 2R g 22 U T [

2k
Bk
HREN

10° R 1
15 2 25 3
5 MK

0 05 1 35 4 45 5

B 6 %ERitiErh MSE B Tk th 2k
Fig. 6 The curves of MSE with. epoch during iteration



132 YRR 254 FIH

37 %

YII%: R=0.97336 IE: R=0.98248
qos| o BE o A . | o P
s | #aE o © =
& 05 Y=T 4 3 05
m &
% m
& 0.4 / x 04
i 7 2
g 03[ Oy 403
02¢ ®02
02 03 04 05 06 02 03 04 05 06
EIbR{E HbR{E
M3L:R=0.97155 £EB:R=0.94259
® 0.6 Bz e
o © o
S | — ma 5 06
L] S—— Y=T F | s
I & 05
T o4 / y
=y 4 o 04
T "L T
e 03 2 03
|7 #

02 03 04 05 06 02 03 04 05 06
HirHE HinH

B 7 MiIZE, WuEFnn By B U E 51X U6 8 59 B9 #h 2%

Fig.7 Regression curves of the predicted and tested values during
the training, validation and testing phases of the network
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