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Image Labeler £ did. | A
Computer Vision Toolbox R2017b ‘ e
Video Labeler E
Computer Vision Toolbox R2018b
Audio Labeler
e
Audio Toolbox R2019a Groma rut
Signal Labeler SIGNAL PROCESSING AND COMMUNICATIONS
Signal Processing Toolbox R2019a
Lidar I_abe|er Audio Labeler Signal Labeler
Lidar TOOIbOX R2020b IMAGE PROCESSIMNG AND COMPUTER WISION
-
Image Labeler R202.|a Imagﬁbeler Lida%eler Vide%eler
Big Image support
Medical Image Labeler | -l rrr
Medical Image Toolbox R2022b | —
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for Image

5] : image, video, lidar, medical data

= Important for training networks for:
— % #gClassifiers
— 4= % 1§ JP|Object Detectors
— /% 3|Segmentation

= Features:

— B # 42 % 3E & Tl(Image, Video)

4\ Image Labeler

6 600 5
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R2022b

[ I - (- sniecson b L G LG GO0 ©

& showRoiabes  ROICdr Lobel Opachy | Algorithr: & B ¥
olygon —g- 3 Select Algorithm v
Import  [On Hover ~][By Label 2 out | Export

~l el g

| boatsPlane

Superpixel Grid Label Opacity

Attributes and Sublabels

LLLLL Foliage

AUTOMATE  VOLUME RENDERING

Hide  Ground
Ground  Settings

i 8
Label
~ vehicle
b car
b bike
v None
» pole

) vegeta .

New:

= Project 3D cuboid labels (Image, Video)

= Lidar labeler updates (Lidar section)

= Maedical Image Labeler app (Medical section)

© Terasoft, Inc.
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1 Auto Align

Snap to Cluster

Colormap Red toblue v o Ee g Ego Direction

e etings | Colormap Value [ZFiight =] Proected View ROIView Camera View

GROUND
+1 ROl Labels lidardata
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StatTeme  Current
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End Time

8] 1| ] o] Zoemin Time nterval

MaxTime

Lidar Labeler (Lidar Toolbox)

Label Definitions
7 Create Label Definition

176/512

Medical Image Labeler (Medical Imaging Toolbox)
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https://www.mathworks.com/help/vision/ref/videolabeler-app.html
https://www.mathworks.com/help/lidar/ref/lidarlabeler-app.html
https://www.mathworks.com/help/vision/ref/imagelabeler-app.html

Labeler APP for Signal

&2z % w| ¢ Signal, Audio, MixData

Important for training networks for:
— % g Classifiers

. Eff‘Regression

Features:
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m‘.}: () Edit 3, Import

Add i Delete @ Export

Definition

-

LABEL DEFINITION

Point

TrillPeaks Trill peaks

Parent Mame: TrilRegions

SELECTED DEFINITION

Value

3

5 Restore Value

SET VALUE

Label [ Delete

Save Cancel
Labels

CLOSE

AUTOMOTIVE

2

Ground Truth
Labeler

SIGNAL PROCESSING AND COMMUMNICATIONS

Audio Labeler  Signal Labeler

-

Label Definitions
WhaleType
[W] MoanRegions

~ [l TrillRegions
A\ TrilPeaks

Labeled Signal Set

Name Plot
» whalel
WhaleType
+ MoanRegions

« TrillRegions

-

~ TrillPeaks

* whale2
WhaleType
+ MoanRegions

« TrillRegions

-

~ TrillPeaks
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Value Locatien (Min) Location (Max)
blue

true 6.13604115._ | 7.763

true 16.37525 18.153984
true 11.4020000... | 13.120148 ..
true 14357724 (3275

1 177425

2 2.44375

3 274225

blue

true 2.44511966... | 3.5605
true 57136928 . (3113

true 153215 16.712880
true 10.91475 13.152470..
1 11.50975

2 11.88

3 12.32975

0.4

0.2

0.2

-4

W whalel W whale2

IMAGE PROCESSING AND COMPUTER VISIOM

a4 6

Image Labeler Lidar Labeler

e

Video Labeler
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Time (s)

Time (s)

WhaleType
C
o
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SLass I_cat_lon Object Detection Semantic Instance
ocalization Segmentation Segmentation
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Classification
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. Rabbit Rabbit | Mini Lop & Hare | \Mini Lop & Hare X Mini Lop & Hare)
| f f f
Resnet 18/50/101 densenet201 YOLOX Deeplabv3+ Mask R-CNN )
VGG 16/19 mobilenetv2 YOLOv4,v3,v2 U-net
Darknet 19/53 nasnetnobile/large EfficientDet - DO 3-D U-net
Inceptionv3 EffcientnetbO SSD AdaptSeg(GAN)
\xception ConvMixer Faster R-CNN Y
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o Newsession - ghow ROl Labels ROl Color - 12P¢1 OPacity: Algorithm: Pl L v
] Open Session YOON @————  select Algorithm v z - -
. Import 5 Hover Bylabel v/ p; Automate View View Label Layout Export
&l save Sessionv  + Pixel — Shortcuts Summary A v
FILE VIEW LABEL OPACITY AUTOMATE LABELING RESOURCES SUMMARY LAYOUT EXPORT
ROI Labels Scene Labels | 86280332 995567757504102_1767952854229712896_n
4. Define Mew ROI Label - * I B R
Label
Label Mame Color b rabbit m}
@ b shoe 10
Rectangle ~ & b rabbit2 | I
» &
Group & ) shoe2 1
3 @ b rabbit3 1<
Line -
None 2 b shoe3 o]

Pixel label
Label Description (Optional)

Pohygon
Projected cuboid

oK Cancel

Lane line Object Detection Point Cloud

i

(Line) (Rectangle) (Pixel Label) (Polygon) (Projected cuboid)
12
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Prepare Data

Second

14

© Terasoft, Inc.



Zurich RAW to RGB  The Zurich RAW to RGB data set contains 48,043 spatially registered pairs of RAW and RGB training image patches of size

’ ? » J/ x . "' 448-by-448 [15]. The data set contains two separate test sets. One test set consists of 1,204 spatially registered pairs of
ﬂ p S RAW and RGB image patches of size 448-by-448. The other test set consists of unregistered full-resolution RAW and RGB
= < & - , images. The data set is 22 GB
N . . X

Create a directory to store the Zurich RAW to RGB data set.
imageDir = fullfile(tempdir,'ZurichRAWTORGB');
if ~exist(imagepir, 'dir")

mkdir(imageDir);

end
LN 2 To download the data set, request access using the Zurich RAW to RGB dataset form. Extract the data into the directory
l \ 4 t SAL "' . . . . L . . . .

/ ~ specified by the imageDir variable. If the extraction is successful, then imageDir contains three directories:

L i 7 9
l N full_resolution, test, and train.

For an example showing how to process this data for deep learning, see Develop Camera Processing Pipeline Using Deep
]E_ . ﬁ F]B ‘fl 2 /i = IJ ))" ﬁﬁ ‘ MathWorks®  products  Solutions Learning.
N l - A . - P g . . . . . .
1 J:F ‘_" 1 f B—— -ﬂ: ‘»_v W See-In-The-Dark The See-In-The-Dark (SID) data set provides registered pairs of RAW images of the same scene [16]. In each pair, one image

(SID) has a short exposure time and is underexposed, and the other image has a longer exposure time and is well-exposed. The
size of the Sony camera data from the SID data set is 25 GB.

Help Center
] I m ﬂ Specify databir as the desired location of the data.
ages

E\ Documentation  Examples  Functions  Ap) datapir = fullfile(tempdir,”sID");
if ~exist(dataDir,"dir")

. mkdir(datapir);
= Video Data Sets for Deep Learning o

Use these data sets to get started with deep learning applications.

= Signals

Image Data Sets

Data Set Description

= Tim
I e S e r I S Digits The digits data set consists of 10,000 synthetic grayscale images of handwritten digits. Each image is 28-by-
28 pixels and has an associated label denoting which digit the image represents (0-9). Each image has been

2 2
, rotated by a certain angle. When loading the images as arrays, you can also load the rotation angle of the
e .
= Text ~d PA B4 -
9 4 5 Load the digits data as in-memory numeric arrays using the digitTrain4DArrayData and
[XTrain,YTrain,anglesTrain] = digitTrain4DArrayData;

. . digitTest4DArrayData functions.
= Autio
[XTest,YTest,anglesTest] = digitTest4DArrayData;

™ Ta b u I a r D ata For examples showing how to process this data for deep learning, see Monitor Deep Learning Training
Progress and Train Convolutional Neural Network for Regression.

Data Sets for Deep Learning documentation page

Data Sets for Machine Learning and Statistics documentation page

© Terasoft, Inc.



https://www.mathworks.com/help/deeplearning/ug/data-sets-for-deep-learning.html
https://www.mathworks.com/help/stats/sample-data-sets.html

Y P TR

FE A EIEFTEREL FhTHMNE A FEEFOTHE

tabularTextDatastore RQO'M_b Datastores for Deep Learning R2020a

Datastores in MATLAB® are a convenient way of working with and representing collections of data that are too large to fit in memory at one time. Because

: deep learning often requires large amounts of data, datastores are an important part of the deep learning workflow in MATLAB.
imageDatastore R2015b

Select Datastore

a u gme n -t e d I m a geDat a s -t 0 r\e R20.| 80 For many applications, the easiegt approaoh is to start with a built-in datastore. For mare information about the avgilable bui.lt-in datastores, see_S_e\ect

Datastore for File Format or Application (MATLAB). However, only some types of built-in datastores can be used directly as input for network training,
validation, and inference. These datastores are:

a u d i o D a t a S t O r‘ e R20.| 8 b Datastore Description Additional Toolbox Required
A Udio TOO/bOX ImageDatastore Datastore for image data none

AugmentedImageDatastore Datastore for resizing and augmenting training images  none
a P e.t D a t a S .t 0 r.. e R20'| 9 Datastore is nondeterministic
p q u a PixellLabelDatastore Datastore for pixel label data Computer Vision Toolbox™
PixellLabelImageDatastore Datastore for training semantic segmentation networks ~Computer Vision Toolbox

Datastore is nondeterministic

DenoisinglmageDatastore R2019b

H boxLabelDatastore Datastore for bounding box label data Computer Vision Toolbox

Image Processing Toolbox | | _

RandomPatchExtractionDatastore Datastore for extracting random patches from image- Image Processing Toolbox™
based data
o
S 1 g n a 1 Da t a S t O r‘ e R202 O Datastore is nondeterministic
. . a bigimageDatastore Datastore to manage blocks of single large images Image Processing Toolbox

Signal Processing Toolbox that o nct it n amary

DenoisingImageDatastore Datastore to train an image denoising deep neural Image Processing Toolbox

network

blockedImageDatastore R2021a
Image Processing Toolbox

Datastore is nondeterministic

16
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imageDataAugmenter
Image Processing Toolbox

R2017b

waveletScattering e EEEEES
R2018b

Wavelet Toolbox

audioFeatureExtractor
Audio Toolbox

© Terasoft, Inc.
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Rancorméy scjust image hue, ssturatin, brgrness,or conast |+ 3itterCaler:

Signal Processing Applications
ymihetic sxnats such as pulses and ChIS. You Can also create iabeled sets of SAAIs by Using

omentation Using Deep Lea

o0lbox™ enabies you to dend
r app and e 1absledsignalse

Moo, detrend. and resampie sig

Signal Process:
osject. For an example that shows b

e Signal Laby

create and agply these iransiomations, see Wavelo

Wavele! Toalbox™ and Signal Processing Tosibax enable you to generate 2-D time-frequency represent;
Analysis and Geep Leaming. Similarly, you can extract sequences from signal data fo use as input for LSTM networks. For an example, see Classify ECG Sgnals Using Long Shor

n exampie, see Classily Time Series Using
ks (Signal Processing Toolbox)

appications
m emary Netw

o time series. ¢ata thal you can use as image nputs for signal classinc

u to perform error correction, interleaving, modutabion, fitering, synchronizatian, and equalizalion of communication systems. For an example that shows haw 1o create and

Communicatians Toolbox™ expands on signal processing functionalty 1o enable
ppYy Mese NRNSTOMANONS (00UIaNoN ClassiMca 3

Deep

YoU 3N PrOCESS SigNal 0ata LSing e FUACTONS In N2 tazie 35 Well 35 ny CTNEF TUNCIONAIRY I 230N 100X

Processing Type Dascription Sample Functions Sample Output
Cloonsignals Apply mon Moring o maviey average fa Median Fiter Detrend
sl
Remave polynomial iend rp, upsample . !l,‘ ‘l‘ f‘ |
LRURYAY
H J
L
T Timels T Timels)
—— Original Signal —— Processed Signal
Filter signale. Pedtorm lowpass, highpass, snd bandsiog Bandpass Filter Lowpass Filter
e of Wt and FIR sgnas _ T
e 1 P g . ‘
Aoply IR and PR e F |
i N v
i i Y e
H * |
2
Frequency (Hz) Frequency (Hz)

—— Original Signal —— Processed Signal

Augment signate 0 whits Gaussian nals to signal using Added White Gaussian Nolse

s infarmasion of the signal, and

it tacing using
jons Tookbax g
+ Add synthesc chips and wavefomms 3
E
2
Time {s)
— Original Signal —— Augmented Signal

Resized Image

Brightness




4% 2L ¢ RandomPatchExtrationDatastore

datastorel datastore?2

Patch size:150 Patch size:300

Inputs (Left) and Responses (Right) Inputs (Le) and Responses (Right)

l Original Gauss transform

Show some demo

imageDataAugmenter wi tt %% Inpllt Dﬂta

Fillvalee: 0 ymdg] = imageDatastore( ' rabbit');
RandXReflection: 1

RandYReflection: 0 imdsz — transf{)rm( ilTldSl 1@(}{) imgHUSSfi 1 t (K,S) );

RandRotation: [0 €

RandScale: [1 1 %% lmage Augmenter
RandXScale: [1 1
e [0 augmenter = imageDataAugmenter('RandRotation’,[0 90], 'RandXReflection’,true);
an cdr.
RandvShear: [0 € G50 RandPatchExtraction
RandXTranslation: [0 C
Rand¥Translation: [0 ¢ patchds = randomPatchExtractionDatastore(imdsl,imds2,[500 50017,

'DataAugmentation’',augmenter);

© Terasoft, Inc.
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= Getinsights on data impurities & B B B E s &
- Interactively clean, verify and adjust |, e T =
= Export to workspace or @ e
generate MATLAB code - MW
= Works on tables or timetables > 52
- Supports:
— Missing data
— Outlier data
— Normalize and smoothing 1
— Retiming |
— Stacking and unstacking z D TR i ;i

Data Cleaner

https://www.mathworks.com/help/matlab/ref/datacleaner-app.htmd

© Terasoft, Inc.


https://www.mathworks.com/help/matlab/ref/datacleaner-app.html

Signal Analyzer
Text Analytics Toolbox
waveletScattering

Diagnostic Feature Designer app
signalTimeFeatureExtractor
signalFrequencyFeatureExtractor

Extract Features in Signal Labeler

Identify important features and perform dimensionality reduction

R2016a
R2017b
R2018b
R201%9a
R2021b
R2021b
R2022a

PCA, T-SNE, NCA, Laplacian scores, MRMR, RICA, NNMF, Factor Analysis, and many more...

© Terasoft, Inc.
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a

Feature Extraction in Signal Labeler
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https://www.mathworks.com/help/stats/dimensionality-reduction.html
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Build, visualize, edit & train network Deep Network Designer

- f AR GMERE - RS TRERF
= PR B TR
- PEFTRFE T AR TR

= VIBURER TP TR IO AR Sk
Initial release R2018b
Automatically generate code R2019a
Import Data & Train Networks R2020a
Import pretrained networks R2020a
Timeseries support R2020b
Export to Simulink R2021b
Create experiments for Experiment Manager R2022a

Deep Network Designer app to build, visualize, and
edit deep learning networks

22
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https://www.mathworks.com/help/deeplearning/ref/deepnetworkdesigner-app.html

No Code™ #R 1% > t}LA|=§§$§33 §-A)iE >

— Fy 1= - L 2 L] 2l 4 P, :
- PEFL T = ?ﬁﬁm*&-ilpjw =l B PR ———

New | Featwre PCA | Misclassification || LinearSUM  Quacratic | CubieSVM | Fine Gaussi Aduanced | Use | Train Scatter Confusion ROCCuve  Parallel  MinClassification ExportPlot Generate Export
Session | Selection Costs sum Y ~  Parlel Plot  Matrix Coardinates Plot  Error Plot 1o Figure  Function  Model ¥
2 FILE FEATURES OPTIONS MODEL TYPE TRANING PLOTS EXPORT =
. |72 NI BB N = Bt 2 43 "‘!\
¥ =3 w ® catter Plot onfusion Matrix
il <4 3& 3 N 1'{ - K N 1;5 DIy Model 1.10
Lastenangs Kemel Nawe Bayes 6090 features .l Ll e
g 73 - H
Predictions: model 1.10 O Data Stiing i
18 swN scauracy 98 8% 15k - ) i N
3 y 2, AL » ya p Lastenange: Linear SVM 80150 foahuros: x ® odsl predictions 4 Standing | <1% - @ e Fosve Rates
™ Al | X = ) ‘3] ] L - 18 s e 66 4% * Comea L] ; Fal Nogatr Res
N _:t - r' —_— = ;I— Lastenange: Quadratic SVM #0080 features X inoorect B Walking | .
10 s 99.5% E Running = _ Poatie Predictne Velues
Lastenange: Cubic SV 8000 features ‘* Predictors Dancing False Discovery Rates
) n
111 7 S Aowracs 83.1% X BodyAccCoZeraValue ~
Lastenange: Fine Gaussian SV 8090 fealures Xy

What is the confusion matrix?

Optimizable models that train hyperparameters T (I o

% Predicted class

Model 110 Trained -l g ROC Curve Parallel Coordinates Plot |
- L
. . . . . x
R ] Results E Model 1.10 Plot
Accuracy 99.5% < % Pasitive class
Total misclassification cost 122 B d (0.00,1.00) -
Prediction speed ~22000 obs/sec L x x Negaiye classss -
Traming time. 66401 sec x
B o o8 Standing
= Walking
Model Type 208 Runring
Preset: Cubic SVM Z AUC = 1.00 Dancing
Kernel function: Cubic tA 04
o" J) Kernel scale: Automatic 2
Added “shallow” neural nets a :
Muiclass method: One-ys-One 0.2
Standardize data: true ROC curve
L | Avea under curve (AUC)
Optimizer Options . . L 0 ®  Curent classifier

Kernel linear models and optimized neural nets R2021b . T 1

urve?
Al features used in the model, before PCA v REGRESSON LEARNER
= — o
Data set: Dataset_train  Observations: 22872 Size: 11 MB  Predictors:{ 0. e @ [ B & 4 % |
New | Featre pca || Lnear | e Robust | adnced | Use T Response  Predicedvs. |7 Lyt Test T | ExporPlot Genenste Export
. Sesson + | Selection Linear < panle Actal . > Daav A~ togue Function Model v
~ Models © [ Woser 1.1 °
Sortby: | Model Number BARBIE nse Plot » _Valdation Predicted vs Actual Plot x | Validation Residuals Plot
| 1.4 Linear Re... RMSE (Vaiidation): 33319 (4

Predictions: model 1.1
rain/Validation/Test s P lit a eo it 7t . S

Last change: Interactions Linear _ Ferfectpecicton
1.3 Linear Re._. RWISE (Valdation): 34715

Last change: Robust Linear 717 teatures D How to use the predicted vs.
plot

Partial dependence plots R2022b "2

3
15 Tree RMSE (Validation): 3.5321 8
Last change: Fine Tree 71 fatures g%
)16 Tree RMSE (Validation): 3.4342 s
Lot change: i Tree 77 teaturs S
. — 2
17 Tree RMSE (Vaidaton): 40204~ 3
I ~ Current Model Summary o =YY
Model 1.1: Trained A
Training Results 15
RMSE (Valdation) 33319
R-Sauared (Validation) 0.8
MSE (Vaidaton) 11,101 10
WAE (Valiation) 2526
Predctonspeed  ~7100 obsisec
Training tme 40893 sec 5
Model Type 5 10 15 20 25 30 3 40 45
Preset: Linsar
Terms: Linear True response
Rodustopton: Of -
i« Data set cartable_ Obsenvaions: 406 Sze: 30 K8 Predictors:7_ Response: NG Valdaton: 5-10id Cross-Valdation

23
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Isolation forest models for anomaly detection

R2019b
R2022b

Efficient one-class support vector machine (SVM) R2022b
models using primal solver

Local outlier factor calculation

One-class Support
Vector Machine
(ocsvm) 5 Local Outlier Factor
e Data
4 /:\\ ©  Anomaly Scores
/> K/ (@)
2r (Y oo %
NAPNERNY QPCC O
o) L
S - T PR
L (I
oot
. e \*) (e o —
\ » e H)C Ko\
: -4 A
2 4.5 3’ 85 6 6.5 - y 4 7.5 5 (; 5

*Faster than fitcsvm() on large
datasets due to primal solver.

Voltage

e
©
T

=]
-

=

e o
o @

Current
o
(=]

=R
T
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o o o
(=2

— . ; . . ; —— :
/ P ot
XK
—r

. 1 1 1 1 1 L 1 1 |
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

s o o
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T T
5 "
x

i
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iz * Deep Learning Experiment APP :
- Frh - B PR SEE

SRS RTINS ek
s PR R ONFRE ERE ’f#

Y

R2020a
R2020b
R2020b
R2021a
R2021b

R2022a

Initial release

Train networks in parallel
Bayesian optimization
Custom Training Experiments
MATLAB online support

Offload experiments as batch jobs

[ XoX ] Experiment Manager

EXPERIMENT MANAGER

B P@a g HOY

New ol 2% Layout Run Stop | Training Confusion  Filter Exp
= Duplicat - Plot Matrix ~ -
FILE ENVIRONMENT RUN REVIEW RESULTS _ FILTER EXPORT =
EXPERIMENT BROWSER Q Baseline Tuning Baseline Tuning | Result1 x e
~ (=] DigitsClassifier
~ & Baseline Establishment AL Lo L
[E] Sweep Initial Leaming Rate Baseline Tuning 2/7/2020, 12:53:36 PV I 7/16 Trials
E{Besainden (e Bpenment Souce) @ Complete 7 £ Stopped 4] @ Error 0
~ i, Baseline Tuning QO Running 1 = Queued 8 X Canceled 0
[E] Result1 (Running)
[E Larger Initial Learning Rate Range
[E sweep Learning Rate Conv Size and E
E Add Conv-Batch-ReLu Banks Trial Status Progress Elapsed Time myinitialLearn... convFilterSize Training Accu... Training Loss Validation Ac..|
[ Vary Filter Size of First Conv2D Layet |1 & Complete I 100.0% O hr0min 16 sec 1.0000e-6 3.0000 12.5000 2.6441 10.
[ Train Validation Spiit Study 2 & Complete I 100.0% O hr 0 min 15 sec 1.0000e-5 3.0000 25.7813 2.1228 20,
3 & Complete I 100.0% O hr0min 14 sec 0.0001 3.0000 64.8438 1.0878 42.|
4 @ Complete I 100.0% O hr 0 min 16 sec 0.0005 3.0000 90.6250 0.4648 49.|
5 @ Complete I, 1 00.0% 0hr0min 15 sec 1.0000e-6 4.0000 11.7188 2.4967 6.
[ & Complete I 100.0% O hr 0 min 15 sec 1.0000e-5 4.0000 23.4375 2.1213 14.)
7 @ Complete I 100.0% O hr0min 17 sec 0.0001 4.0000 72.6563 1.0283 39.
8 O Running o I 30.7% 0 hr 0 min 4 sec 0.0005 4.0000
9 = Queued N I 0.0% 1.0000e-6 5.0000
10 £= Queued o I 0.0% 1.0000e-5 5.0000
1 = Queued B I 0.0% 0.0001 5.0000
12 £= Queued o I 0.0% 0.0005 5.0000
13 = Queued N 0.0% 1.00008-6 6.0000
14 £= Queued N I 0.0% 1.0000e-5 6.0000
15 = Queued o N 0.0% 0.0001 6.0000
16 £= Queued B I 0.0% 0.0005 6.0000
4

Experiment Manager app to manage multiple deep
learning experiments, analyze and compare results and
code

27
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FREE FREE FREE FREE FREE FREE é\ FREE

. Reinf t Machine L . Image Processing Signal Processing Optimization Wireless
|2)/|AT|-AB Deep Learning Leaerl:i:rcgrr?rzrr; ac C;r::a;arnmg Onramp Onramp Onramp Communications
nramp Onramp g p p Onramp
rree [N FREE FREE é\
L
Simulink Control Design Stateflow Onramp Simscape Onramp Circuit Simulation
Onram Onramp with Onramp
P Simulink
MATLAB Computational Mathematics
MATLAB MATLAB for Data MATLAB Signal Processing S‘E'V'”gt_NO”"r_‘tesr 50';;?58 r(i:i'i’a‘fry Introduction to
Fundamentals Processing and Programming with MATLAB quations wi i } Linear Algebra with
. . . MATLAB Equations with MATLAB
Visualization Techniques MATLAB
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