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Abstract At present,the problem of blood supply shortage is quite serious. There exists the phenomenon that short supply hap-
pen between blood stations and institutions that use blood. Aiming at such a problem,the LSTM prediction method based on the
improved grasshopper optimization algorithm(GOA) is proposed in order to predict red blood cells supply in the future and pro-
vide effective guidance for workers in making blood collection plan and preparation plan. By using LSTM to capture the under-
lying patterns between the historical data,the effect of predicting the future can be achieved. There are two parts of work. First-
ly,aiming at the problem that the conventional GOA is easy to fall into local optimum and has a slower convergence speed, the
model of refracting opposite-based learning and chaotic mapping are introduced to GOA so as to improve the global exploration
capability. Secondly,in order to improve the accuracy of LSTM,it is combined with the improved GOA and evaluate the perfor-
mance of the improved LSTM model by using the real data of red blood cells supply in a certain area. Comparing to the conven-
tional LSTM,the MAE,MAPE ,RMSE are reduced by 39. 8278,1.10%,55. 819 1, respectively. The experimental results show
that the proposed method has higher reliability.
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Algorithm Parameter
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c:generate by chaotic mapping. The initial c is 1
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Table 3 Experimental results of different optimization algorithms on benchmark functions

GOA IGOA PSO WOA BA GA
avg std avg std avg std avg std avg std avg std
f17.92X10°  8.41x10°  6.10%10% 2.61x10% 1.02x10" 1.09x10" 1.64x10° 7.86x10° 3.00x10" 1.12x10" 2.55x10" 1.59x10"
foo9.27x10°  1.17x10"°  2.41x10%  2.40x10* 2.04x10' 1.23x10'" 8.56x10° 8.55X10 8.05x10° 6.01x10 1.99x10'7 2. 72x10"

f3 o 5.84X10°  7.24x10° 5.83x10% 2.47x10% 1.36x10" 1.34x10" 1.75x10° 7.88x10° 3.05x10" 9.83x10° 2.49x10' 1.57x10*
Si 4.38%X107% 5.78%X107 2 3.61%1072 5.55X 1072 4.92X10 ' 2.89X10" ' 4.97X10" " 2.90x10" " 4.97x10" " 2.88x10" ! 4.96x10" ! 2.87x10 !
S5 —5.90x10° 1.03X10° —4.24x10° 9.50x10° —1.33x10% 2.92x10° —1.18x10" 1.37x10° —3.44X10° 2.98x10% —6.51X10° 2.05x10°

fo 1.46X10  1.95X10  1.63x10° 7.02%x10° 3.19X10  3.46X10 4,76X10° 2.07X10  3.12X10  2.86X10  6.63X10  4.29X10
f18.41x10°  3.32x10°  4.46x10°  1.82x10° 7.11x10% 1.11x107 2.43x10° 3.94x10° 1.68X10 1.01x10° 1.91X10 3.69x 10"
fs  3.88X10  7.16X10 6.56x10° 2.30x10  8.63X10  9.64X10  1.60X10  7.05X10 2.75%x10%> 8.97X10 2.30%x10% 1.51xX10%
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Table 4 Experimental results of ADF between different optimization algorithms

GOA IGOA PSO WOA BA GA
fi 4.2665x10 ° 8.17x 10710 2.5848%x10 ° 4.84%x10 7 1.1749%10 2 6.110x10 °
Sf2 5.3890Xx10 2 1x1078 2.0307X10 2 2.6699Xx10 ° 7.2X107° 2.119x10°
f3 7.522X10° 3.59x 107" 1.26037x10 ! 3x10° 6 2.7172X10° 2 3.7584X10 %
fi 2.55%x10 * 4.95%x10 ¢ 4.54x10° 10 1.89%x10 1° 1.36x10 16 6.32x 10" "7
S5 1.6067x10 2 3.298X10° % 9.34823x10 ! 2.57x 1074 1.34435x10° " 1.8195%x10 °
f6 3.560%x10° 1.43%x107° 4.4150%x10° 5%10 6 4.13x10°* 1.2342X10 7
f1 2.992X10 % 1.48%x107° 8.69076x10 ! 4.27x10 8 7.4959X10 2 4.20938x10 !
S8 3.1446X10 8.80x10 1° 3.1172X10 * 4.49x 10712 1.4295X10° % 8.9418x10 7
4,2 IGOA-LSTM 4 && 43 #f 2140 R G 1T (Rl SR L A R L IRE RN D L

A SIS A BAF B ) Window 10 64 bit, YA M i 3 Ten- T IR A e — A 0 A iy gt
sorflow-gpu 2. 1.0 A keras IR )JE 22 3 HEZR L) LSTM K 4.2.1 WEREXEREXE

%gliﬂLE‘ZWS]%*EE!;ﬁjﬁ{#%fﬁﬁ'ﬂﬂtfiﬁﬁmﬁ Inter(R) Core ST B UE 3 e A 08 e fE AR AR Y LSTM i A A
(TM) i7-9700K CPU @ 3.60GHz,H RAM 3} 16. 0GB, MM RE, RATE H S LU BRI T H . D B IGOA ik &

SCIS B SR AR IX 2014 4E 1 A & 2019 4E 5 J 1y 452 H—ZRH)Z M LSTM, iy 4 & IGOA-LSTM1;2) i IGOA
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ALY & A TE )2 B2 1 LSTM. fir 44 8 IGOA-LSTM2;
3) H AR HE GOAMR AL ) & — 2 Rl )2 i LSTM., fir £ R
GOA-LSTMI1;4) H1 45 GOA i1k 19 & & ¥ 2 BB )2 1
LSTM., fir 4 3 GOA-LSTM2; 5) kil LSTM # 5Y; 6) r i
RNN B AR ANN BIR,

AR X AR A 4R Y 4% Y 38 SR 1 O R A T B
# (adaptive moment estimation algorithm, Adam) £ Il 2 #f
25 I 25 A5 R 1) I 25 A EE S B AR S . O T B Ik A I 45
PR B S A B B4R L B 0 dropout 1E D4k 391 - % B FE 5
A 0.1, % B4 M4 151 ECR 50,

e GOA ", B EFEE R/ 20, 2 RORECH 505 R Z Ak
IS time_step W /ME 5 B RAE S 3 10,20, %%
R/ ME 5 B R ME S B 0.001,0. 01, 45— 2 Bl 2 5 4
T2 R s RO R MAE S e KAE 43 B 3,50 WS
¢ Wi /MA 5 R AE 4 5128 0,000 01,1,

4.2.2 FWE R

ST UE A R T M B8 R T Y 4 X iR 22
(Mean Absolute Error, MAE) ., #J 77 R i® 22 (Root Mean
Square Error, RMSE) | #] 4 %f 5 43 H 1% 25 (Mean Absolute
Percentage Error, MAPE) 1 N PE R AR i . H o, MAE 7T Lkt
o 4 7 )15 25 1Y 1E FA(E B9 52 R s MAPE A L e 750300 {5
EE Z 8] 6 & s RMSE X 5% 22 Uk, 7T AAR I i S i 43 7
B F RS, MAE, MAPE,RMSE BB AR TF .

MAE=L 315, —3| (26)
i=1

MAPE=1203) |y 0
n =1 Vi

RMSE= /%E'(y,—y’,)z (28)
i=1

Horbon AR B E KN,y My, 50500 B E A BONAE .
4.2.3 BR®F

o TR 4F M B E AR O 520 2 BA AR ME LSTM, ANN,
RNN FUIASE A 1) 52 56 25 40, AR SCEF 0 B AR 72 Bk i 2
H e B P BEHILAE B 100 20 52 56 2 8K, 43 AR A A T80 A 7Y
58 ST 3 TR 25 {8, SR X 100 S H b e FE iR 25 {H
BN —ASBERTREROSH A THESSTE T
RTINS R 5 — F 7 I T R [ A 4 S 4
B

F5  ANN B 4) 2 50 5

Table 5 Partial experimental results of ANN prediction models
Structure MAE MAPE/% RMSE
(0.098,37,13) 382.0407 7.87 454, 1860
(0.83,21) 382. 6060 7.89 454, 2404
(0.064,27,23) 389.2051 8.03 462. 4240
(0.047,41,21) 398.1545 8.21 472. 4417

6 RNN 354 52 56 Kb

Table 6 Partial experimental results of RNN prediction models
Structure MAE MAPE/% RMSE
(17,0.066,27,10) 380. 1466 7.83 447.4959
(19,0.058,40) 390. 6000 7.95 478.9299
(10,0.016,16) 380.2682 7.93 462.7994
(12,0.056,49) 407.6565 8. 46 514.0123

# 7 LSTM By &R 52 5 K 4

Table 7 Partial experimental results of LSTM prediction models
Structure MAE MAPE/% RMSE
(13,0.081,27,44) 343. 2569 7.34 439.9755
(16,0.067,41,48) 391. 8676 8.29 461. 9000
(14,0.082,40) 421.6977 8. 84 490. 4247
(11,0.052,44) 413.3168 8.57 507.4350

T ANN B8R 95 % rime_step 250, B 5 A 0
ANN #EE B 50 (Irynodel s node2) 3 (Lrsnodel) s ot 1r K
KEHI22 3 % nodel F node2 43 IR E — R B E H 2K
P2 I A 22 T A B, N 5 A e A& ANNCO. 098,37,
IDVER I A X AL R, RNN Al LSTM o 2 4 i (9 2 8¢
A (time_step s Ir,nodel snode2) B (time_step,[r,nodel) , H:
Ir BRI 2] 2R nodel Fl node2 53 9 45— 2 R Z 55 —
FERZ A2 e A, I 6.F 7 s, & RNN
(17,0.066,27,10) ,LSTM(13,0. 081,27, 44) 4> %I 1E 5 RNN
I LSTM A9 52 36 AR AR 3%

4.2.4 FBHLERSM

AN TR BT f N 25 SR ) MAE , MAPE , RMSE W13 8 Jir
G, AT LUt ANN B9 3000 P 58 A X 48 2% . 5 IGOA-LSTM2
F TR 45 SR A6 1L, ANN i) MAE, MAPE, MSE 2y @ th T
47.0794,1.36%.56. 8435, 1fii RNN f§ MAE.MAPE,RMSE
A IGOA-LSTM2 5 4 76.7175,1.59% ,63. 3395, A
FeARMERY LSTM #5150 , GOA-LSTM F T 152 22 4 W 5 F [,
M4 & IGOA Z )5, ik 22 MH b GOA-LSTM M # /N, W
HETHRUER GOA LBy LSTM # 5 5 3 T IGOA 1k 1k 1
LSTM #5 %Y i) 1090 45 5% 07 41, /i & 19 MAE, MAPE, MSE
BTE#H. @i WERME GOA ki) LSTM 5 IGOA {1k
1) LSTM 1Y 45 55 50408 7] 401, IGOA 54 #E GOA M I, /T LIA
AH R AR LSTM BB A Wi i 25 . 4 IGOA-LSTM1 5
IGOA-LSTM2 Af L& B, & 4 W5 2 Ba 2 19 LSTM. /4 15 I
WEMRTEAE —ZEBZERN LSTM, 451 E W, IGOA
Al LI A AR LSTM B T % 2%

8 TR ¥ T 45 A L

Table 8 Experimental results of partial LSTM prediction models

MAE MAPE/ % RMSE
GOA-LSTMI 357.9721 6.88 410. 6583
GOA-LSTM2 334.9613 6.51 397.3426
IGOA-LSTM1 314.7821 6.45 384.7103
IGOA-LSTM2 303.4291 6.24 384.1564
LSTM 343.2569 7.34 439.9755
RNN 380. 1466 7.83 447.4959
ANN 382.0407 7.87 454.1860

GERE AR SCGE TN A ST YA R B R 51 2= 2 AL 5
R AL X AR HE B GOA #EAT Bk, FF 4% IGOA 5 LSTM 45
AT LSTM B 280, &5 - %% 2 T IGOA 1y LSTM #
YR V2R A B T 5 R ME ) LSTM A AL A i 1
ANN B B g RNN A 0 A 957 0 45 58 A LL, A SCHR Y
TRA UM R TR, S0 25 B R W IGOA 1y it S50 i 1A 1o
RTARMER GOA, Hillid 5 LSTM H45 4 48 & 7 LSTM #
Ry E A (SRS iR 8- A T EARE ) R A g (O N Y E N
SCHRENR 3 AR EER A E 2 WA FR . KRG T
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