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Abstract:

Fused deposition modeling (FDM) is one of the most popular types of
additive manufacturing, which is
Received: 20/9/2022 characterized by low costs and fast production, but this type contains
Accepted: 17/19/2022 many processing parameters (more than 20 parameters), Any change
‘@@@@ in the values of these parameters has a direct impact on the quality of
production and mechanical properties, and previous studies were
relied on the experimental method to show the effect of processing
parameters on product quality. This article was implemented to show
authors retain the the possibility of us_ing machine Iear_ning algori_thms in predicting one
copyright under a CC of the product_quallty standards. It is the tensne_str_ength, depending
BY- NC-SA on the processing parameters, as well as the prediction of the type of
material to be used for manufacturing based on certain values for the
rest of the parameters.
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Layer thickness (mm)- Deposition velocity (mm/s)- Air gap (mm) [6] el
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Ridge >> RMSE: 0.061502858283018005

Ridge >> MAE: 0.047956919186445804
Ridge >> r2_score: 0.980808587316003

Lasso >> best parameters: {'alpha’; 0.02}
Lasso >> best score: -0.010898015927201812
Lasso >> RMSE: 0.09966783969286216
Lasso >> MAE: 0.08164530221177455
Lasso >> r2_score: 0.935085612513493

KNeighborsRegressor ~>> hest  parameters:
{'n_neighbors". 5, 'weights". 'distance'}
KNeighborsRegressor ~ >>  best score: -
0.11503337420051411

KNeighborsRegressor >> RMSE:
0.48068438493257076

KNeighborsRegressor >> MAE:
0.3995244756770441
KNeighborsRegressor >>
1.8966495716161198

r2_score: -

DecisionTreeRegressor >> best parameters:
{'criterion’: 'mse’, 'max_depth": 3, 'max_features":
None, 'max_leaf_nodes" None,
'min_samples_leaf: 1, 'min_samples_split: 2,
'min_weight_fraction_leaf: 0, ‘random_state"
None, 'splitter": 'best’}

DecisionTreeRegressor >> best score: 0.0
DecisionTreeRegressor >> RMSE: 0.0
DecisionTreeRegressor >> MAE: 0.0
DecisionTreeRegressor >> r2_score: 1.0

LassoCV >> best parameters: {'cv": 20, 'n_alphas":
150}

LassoCV >> best score: -0.007781821487029114
LassoCV >> RMSE: 0.06438289041458628
LassoCV >> MAE: 0.05034782072248121
LassoCV >>r2_score: 0.9787863340316797

ceee829all 3l AVl Slaa Jlod aladiiad) Ay
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La )LidY modelTest2 4=l jaY) aladd ul a3 -
SVR, LassoCV, Lasso, Al claw))leadl de
RandomForestRegression, Ridge,
LinearRegression,KNeighborsRegressor,

ik WS mlll il 5 DecisionTreeRegressor,

SVR >> Dest parameters: {'C": 100, 'gamma'"
0.001, 'kernel': 'rbf'}

SVR >> best score: -0.009767214419958063
SVR >> RMSE: 0.08662865162750602

SVR >> MAE: 0.07154256863542088

SVR >>r2_score: 0.9551832141349018

RandomForestRegressor >> best parameters:
{'bootstrap”.  False, 'max_features: ‘auto’,
'min_samples_split": 2, 'n_estimators": 10}
RandomForestRegressor >> best score: -
0.0001999999999999999
RandomForestRegressor >> RMSE: 0.0
RandomForestRegressor >> MAE: 0.0
RandomForestRegressor >> r2_score: 1.0

LinearRegression >> best parameters: {'copy_ X"
True, 'fit_intercept: True, 'normalize": False}
LinearRegression >> best score: -
0.009215450469252935

LinearRegression >> RMSE:
0.06083169892817757

LinearRegression >> MAE:
0.04669927869233096
LinearRegression >>
0.9815426962651943

r2_score:

Ridge >> best parameters: {'alpha" 0.1}
Ridge >> best score: -0.008957631004919748
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DecisionTreeRegressor(criterion="mse’,
max_depth=3, max_features=None,
max_leaf nodes=5,
min_impurity_decrease=0.0,
min_impurity_split=None,
min_samples_leaf=1,
min_samples_split=2,
min_weight_fraction_leaf=0.0,
presort=False, random_state=None,
splitter="best")
Model Train Scoreis: 1.0
Model Test Scoreis: 1.0

Predicted Value for Model is: [1.1.0.1.0.]
Real Value for Modelis : [11010]

RandomForestRegressor(bootstrap=False,

criterion='mse’, max_depth=None,
max_features="auto’,

max_leaf _nodes=None,
min_impurity_decrease=0.0,

min_impurity_split=None,
min_samples_leaf=1,

min_samples_split=2,
min_weight_fraction_leaf=0.0,

n_estimators=10, n_jobs=None,

ceeBasall gl ATV adles Cilaa) jloa aladiind dud)
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{'criterion": 'mse’, 'max_depth': 3,
'max_features=  None, 'max_leaf nodes":
None, 'min_samples_leaf": 1,
'min_samples_split": 2,

'min_weight_fraction_leaf": 0, 'random_state":
) Lol 4lie 45 Jaes None, 'splitter”: ‘best’}
J gl (RMSE= 0.0, MAE= 0.0, r2_score= 1.0
sl Lol (3ilae 52lall g5 2paat] A giall il
& RandomForestRegressor e lsal) -2
{bootstrap": False, 'max_features’: 'auto’, J«lsll
== 'min_samples_split 2, 'n_estimators" 10}
RMSE= 0.0, MAE= 0.0, ) Lol 4t o
5alall g g3 apaatl Aadgiall il of sl ¢(r2_score= 1.0
sl Lelas (33
Ridge  (r2_score=0.98), Glaay sl -3

LinearRegression(r2_score=0.98),
SVR(r2_score=0.95), LassoCV(r2_score=0.97),

O T A8 il daas Lasso(r2_rscore=0.93)
RN

Aol 4
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'layer_height', 'wall_thickness', 'infill_density’,
'nozzle_temperature’, 'bed_temperature’,

‘print_speed', 'fan_speed', 'roughness', ‘elongation’,
'infill_pattern_grid'  'infill_pattern_honeycomb’,

<material_abs', 'material_pla’

dganll g 4 ganll im0 Al i) < Laiy
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=82 modelTest2 sl ) 43)a¥) alads wl o

SVR, RandomForestRegression, :4.tll <l sl

LinearRegression, Ridge, Lasso, LassoCV,
KNeighborsRegressor,  DecisionTreeRegressor,

1(2,3,4,5) J<aY) 8 LS bl cls
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oob_score=False, random_state=None,
verbose=0, warm_start=False)
Model Train Score is: 1.0
Model Test Score is: 1.0
Predicted Value for Model is: [1.1.0.1.0.]
Real Value for Modelis : [11010]
LassoCV(alphas=None, copy_X=True, cv=20,
eps=0.001, fit_intercept=True,
max_iter=1000, n_alphas=150, n_jobs=None,
normalize=False,
positive=False,
random_state=None,
selection="cyclic', tol=0.0001, verbose=False)
Model Train Score is : 0.9815730355601424
Model Test Score is : 0.9526320378092709
Predicted Value for Model is : [ 0.92731498

precompute="auto’,

0.89257066 -0.05076183 0.99471208
0.19342351]
Real Value for Modelis : [11010]

KNeighborsRegressor(algorithm="auto’,
leaf size=30, metric="minkowski',
metric_params=None,

n_neighbors=5, p=2,
weights="distance’)

Model Train Score is: 1.0

Model Test Score is : 0.5785761269631022

Predicted Value for Model is : [0.59353472

0.8103651 0.36717229 0.58803187 0. ]

Real Value for Modelis : [11010]
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model—SVR

params_grid—{'c":[0.1,1,10,50,1001,
gamma': [1,0 0.01,0.001]
‘kernel':["zb£"]}
modelName=—" R™

modelTest2 (modelName, model, params_grid,x_1,yv_1)

SVR >> best parameters: {'C': 50, 'gamma': 0.01, 'kernel': 'rbf'}
SVR >> best score: —88.S873260834987
SYR >> RMSE: 5.174468526204503
SVR >> MAE: 8.50002767920191
SYR >> r2_score: —-12053875855.421436
model = RandomForestRegressor
params_grid = {
[10,20,301,
"max_ featu ["aute", "sgrt®, "log2"1,
"min_samples= split" : [2,4,8],
"bootstrap™: [True, False],
H
modelName—"RandomForestRegressor™
modelTest? (modelName, model, params_grid, = 1,% 1)
RandomForestRegressor >> best parameters: {'bootstrap': True, 'max_ features':

matoxs': 20}

RandomForestRegressor >»> best score: —21.3530599559555S8
RandomForestRegresscxr >> RMSE: 4.603694165517038
RandomForestRegresseor >> MAE: 3.59

RandomForestRegressor >> rZ_ score: 0.5682575516356375

SVR,RandomForestRegressor _Lid) milis :( 2 )J<ad)

from sklearn.linear model import LinearRegression
model-LincarRegression

egres

mode lName=" ion"

params grid = {'fit intercept':[True,False], 'normalize':[True,Falsel,

modelTest2 (modelMame, model, params_grid,x_ 1,y 1)

LinearRegression >> best parameters: {'copy X': True,
LinearRegression >> best score: —47.18243504841822
4.351234363567355%
3.7550561410123804
0.7298522148183642

"fit_intercept':

LinearRegression >> BMSE:
LinearRegression >> MAE:
LinsarRegression >> r2Z score:

from sklearn.linear model import Ridge
model-Ridge
modelName—

params_grid = {'alpha':[0.1,1,10,20,50,90,150,180,200]}
modelTest2 (modelMame, model, params_grid,x_ 1,y 1)

Ridge >> best parameters: {'alpha': 0.1}
Ridge >> best score: —45.479115489553334
Ridges >> BMSE: 4.4330955324502215

Ridge >> MAE: 3.81147520011645

Ridge >> r2_score: 0.7215307835721173

LinearRegression,Ridge ki) gl :( 34) J<éd)

from sklearn.linear model import Lasso
model=Lasso

modelName—
params_grid = {'alpha®:[0.02, 0.024, 5, 0.026, 0.03,0.4,0.6,0.8,11}
modelTest2 (modelName, model, params_gzid,x 1,y 1

Lasso »> best parameters: ['alpha': 0.03}
Lasso >> best score: —44.1B0360477293665
Lasso >> BMSE: 4.4804%17817942381

Lasso >> MAE: 3.7381263228342503

Lasso >> r2_score: 0.71827610208596247

from sklearn.linear model import LassoCV
model=LassoCV

sSsoCV"™

modelName=

params_grid = {'ov’ 5,10,15,201, [100,150, 200,250, 30071 }

modelTest2 (modelName, model, params_gzid,x 1,y 1

'n_alphas' :

LassoCV >> best paramsters: {'c¥': 5, 'n_slphas':
LassoCV >> best score: —44.288052470357316
LassoCV >> BMSE: 4.588468580131184

LassoCV »> MAE: 3.830122296170141

LassoCV >> r2_score: 0.6574845718396701

Lasso,LassoCV lis) gilii(4 ) Jad)

100}

"auto’,

"copy X':[True,

True,

‘min_samples_split':

False]}

"normalize’: False}

'n_esti
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from sklearn.neighbors import ENeighborsRegressor
model—RNeighborsRegressor
modelName="EKNeighborsRegressor"

params grid = {'n_neighbors': range(l, 12, 2),'weight=":
modelTestZ (modelName, model, params_grid,= 1,y 1}

ENeighborsRegressor >> best parameters: {'n_nei
ENeighborsRegressor >> best score: —-110.26264462809916
ENeighborsRegressor >> BRMSE: 9.63433508 €85887
ENeighborsRegressor >> MAE: 8.854545454545454
ENeighborsRegressor >> r2_score: —16.03555850184596

from sklearn.tree import DecisionTresRegressor
model=DecisionTreeRegressor

=: {'max_depth': 3,
"splitter’:
16666666664
216

‘best"}

ghbors': 11, 'wei

ceee829all 3l AVl Slaa Jlod aladiiad) Ay

['uniform',

‘max_featuzes':

ghts':

'distance"'l,}

"uniform'}

‘autc', 'max_leaf_nodes': 10, 'min_ samples

DecisionTreeRegressor >> MAE: 4.171428571428573

DecisionTreeRegresscor >> r2_score: 0.313080635063841

KNeighborsRegressor,DecisionTreeRegressor jkial gilii :(54 )J<al)

ralalbinuy-4-2-3

Gl wyyleall 12_score=0.7 ,l—gel o Sa -1
Jia as fas 52 LinearRegression,Ridge,Lasso
sda aladial < JUlbg (A 50) clinll o 22l
cgreadl) paiaill Glly ae ol il )leal)

Lasso, LassoCV, wluwjlsall alasial (Ka -2
RandomForestRegressor,

il iy 2w 3sill DecisionTreeRegressor
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