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Experience
O  Student assistant at Global Cost Estimation Topsoe, current
O  Student assistant at Barrowa, 2017-2020

Areas of interest

O

O O O 0O

Digital twins and data engineering

Model Predictive control (control of nonlinear dynamics)
Time series modelling and prediction

Mathematical Opfimization

Programming of mathematical software

Outside study: Athletics and sports feam management



Challenges
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Challenges

O Distributions of wavelengths are not easily O Non-regular clusters
separable (variable 691-700 seen in plot).
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Using a first order moment model

Aim to find the simplest model, which is still useful
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Using a first order moment model

Aim to find the simplest model, which is still useful
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Using a first order moment model

Aim to find the simplest model, which is still useful
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Solution structure

85 # %%
86 from sklearn.preprocessing import StandardScaler
87 #X_train, X_test, y_train, y_test = train_test_split(data[:,4:]1, data[:,3], test_size=1/5, random_state=2020)
88
89
90 # Scaling features (from sklearn)
. . 91 scaler = MinMaxScaler()
eNormalization 92 scaler.fit(X_train_proj)
0d . . 93 X_tr_norm = scaler.transform(X_train_proj)
Prl ( : p O | elinear vs. kernel PCA gg X_ts_norm = scaler.transform(X_test_proj)
*Reconstruction of %
97 print('Gaussian kernel:')
component [BEE n
.. . 99 #gammaVal = [130,150]
. *Optimization of 100
101 #for i in gammaVal:
andgd YSIS number of 102
103 # 1ssvc = LSSVC(gamma=i, kernel='rbf', sigma=1.2) # Class instantiation
Componenfs 104 # ssvc. fit(X_tr_norm, Y_train) # Fitiing the model
105 # y_pred = lssvc.predict(X_ts_norm) # Making predictions with the trained model
106 # acc = accuracy_score(dummie2multilabel(Y_vall), dummie2multilabel(y_pred))| # Calculate Accuracy
107 # print(‘'acc_test = ', acc, ' for gamma = ', i, '\n')
108
109 sigmaval = [1.2]
110
111 gam = 140
112 sig = 1.2
Least-square
q U 'Mln-mOX ﬂg for i in sigmaval:
i 116 lssvc = LSSVC(gamma=140, kernel='rbf', sigma=i) # Class instantiation
r'I' frClnSIfol'mOTlon 117 lssve. fit(X_tr_norm, Y_train) # Fitting the model
U 'Ch0|ce of kernel 118 y_pred = lssvc.predict(X_ts_norm) # Making predictions with the trained model
. 119 #acc = accuracy_score(dummie2multilabel(Y_test), dummie2multilabel(y_pred)) # Calculate Accuracy
V _I_ r 'Tun|ng Of hyper_ }%g #print('acc_test = ', acc, ' for sigma = ', i, '\n')
eC O parameters 122
. E | 1’ f ” 123 #lssvc = LSSVC(gamma=gam, kernel='rbf', sigma=sig) # Class instantiation
. 124 #lssvc. fit(X_tr_norm, Y_train, sample_weights = [1,1,1]) # Fitting the model
I I |‘ h I ne valuation of results 125 #y_pred = lssvc.predict(X_ts_norm) # Making predictio;\s with the trained model
126 #acc = accuracy_score(dummie2multilabel(Y_test), dummie2multilabel(y_pred)) # Calculate Accuracy
127 #print('acc_test = ', acc, ' for sigma = ', '\n')
128
129 # %% KPCA
130
131 #Applying Kernel PCA
132 from sklearn.decomposition import KernelPCA

133 kpca = KernelPCA(n_components = 50, kernel = 'rbf')
134 X_train = kpca.fit_transform(X_tr_norm)
135 X_test = kpca.transform(X_ts_norm)

Correction for [Relitdig i

eComparison to

rior Obfcined 140 lssvc = L?SVC(gamma:gam, kx)ernel:'rbf', sigma=sig) # Class instantiation
e . 141 lssvc. fit(X_train, Y_train) # Fitting the model
p classifications 142 - o
. 0 . 1 1 143
'I'r 'I' n COFreCflﬂg wrt. to prior 144 y_pred = lssvc.predict(X_test) # Making predictions with the trained model
I I U I know|edge 145 acc = accuracy_score(dummie2multilabel(Y_test), dummie2multilabel(y_pred)) # Calculate Accuracy
146 print(‘'acc_test = ', acc, ' for n_comp = ', '\n')
147
148




Principal component analysis

O Normalization

O Linear vs. kernel PCA

O KPCA showed unstable estimates and worse in terms of MSE
O Reconstruction of data (denoising)
O Optimization of number of components

O Optimized linear PCA reduced noise and improve MSE

O Small wavelengths have the least explanatory power

- Combination of PCA coefficients of the three first components

PCA coef.
=
(6]
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Least-square support vector machine

- _ 1l -
O Min-max standardization [F]: g e = gv w+C;€k

such that yelwley +b>1-¢, k=1,..,N

O Construction of optimal hyperplane separating classes 650 k=1,..N
- N N
O Constrained quadratic optimization [D]: max Jp(a) = —% > vy K(zh,m) axon + ) 7
k=1 k=1

O Construction of Lagrangian N
such that Z aryr =0
k=1

O Free of charge change between primal and dual space 0<ar<c k=1, N ]

p(z)

O Choice of kernel '\

O Gaussian or epanechnikov (for improved performance)
O Tuning of hyper-parameters

O Sparcity knob and kernel bandwidth

Input space

O Construction of validation and test set and evaluation of
results

Feature space

Source: Johan Suykens, Least-square support vector machines, 2002



Correction for prior distribution

O Exploit the problem structure
in the classification Treated Wood 51.7%

O 3replications x 32 scans

Virgin Wood 32.6%

O Choosing a decision
heuristic to classify samples

Disposal Wood 15.7%

O Given the data collection —
The mOdel iS biCIsed Source: Asmund Rinnan

O Decision heuristic: For a sample, compute the fractional split from the LS-SVM predictions.
Assign the sample to the class with the largest increase with respect to the priors.



Correction for prior distribution

O Example of decision heuristic

Wood type cII:JILstir:‘]ikégfrigLs Percentage gfﬁ? gk?c)gvee
prior
Treated Wood 53 55.2% 3.5
Virgin Wood 10 10.5% -22
Disposal Wood 33 34.3% 19 =

Source: Asmund Rinnan
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