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* Train and Deploy Fully Convolutional Networks for Semantic Segmentation



Train and Deploy Fully Convolutional Networks for Semantic Segmentation

This example shows how to train a fully convolutional semantic
segmentation network.

A semantic segmentation network classifies every pixel in an image,
resulting In an image that i1s segmented by class. Applications for
semantic segmentation include road segmentation for autonomous
driving and cancer cell segmentation for medical diagnosis.

To illustrate the training procedure, this example trains FCN-8s, one
type of convolutional neural network (CNN) designed for semantic
Image segmentation.
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This example uses the CamVid dataset from the University of Cambridge for training.
This data set Is a collection of iImages containing street-level views obtained while
driving. The data set provides pixel-level labels for 32 semantic classes including car,
pedestrian, and road.

iImageURL = 'http://web4.cs.ucl.ac.uk/staff/g.brostow/MotionSegRecData/files/701_StillsRaw_full.zip";
labelURL = "http://web4.cs.ucl.ac.uk/staff/g.brostow/MotionSegRecData/data/LabeledApproved_full.zip’;
outputFolder = fullfile(pwd);
If ~exist(outputFolder, 'dir’)
mkdir(outputFolder)
labelsZip = fullfile(outputFolder,labels.zip’); % 16 MB CamVid dataset labels
iImagesZip = fullfile(outputFolder,'images.zip’); % 557 MB CamVid dataset images
websave(labelsZip, labelURL);
unzip(labelsZip, fullfile(outputFolder,’labels")):;
websave(imagesZip, imageURL);
unzip(imagesZip, fullfile(outputFolder,'images’));
end
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Load CamVid Images

Use imageDatastore to load CamVid images. The imageDatastore enables you to
efficiently load a large collection of images onto a disk.

imgDir = fullfile(outputFolder, 'images’','701 StillsRaw_ full');
imds = imageDatastore(imgDir);
Display one of the images.

I = readimage(imds,25);

I = histeq(I);

imshow(I)
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Load CamVid Pixel-Labeled Images
Use pixelLabelDatastore to load CamVid pixel label image data. A pixelLabelDatastore
encapsulates the pixel label data and the label ID to a class name mapping.

Group the 32 original classes in CamVid to 11 classes. Specify these classes.

classes = |
"Sky"
"Building"
"Pole"
"Road"
"Pavement”
"Tree"
"SignSymbol"
"Fence"
"Car"
"Pedestrian”
"Bicyclist”
1;
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Load CamVid Pixel-Labeled Images
To reduce 32 classes into 11 classes, multiple classes from the original data set are

grouped together. For example, "Car” i1s a combination of "Car”, "SUVPickupTruck”,

“Truck_Bus", "Train”, and "OtherMoving". Return the grouped label IDs by using the
camvidPixelLabellDs supporting function.

labelIDs = camvidPixellLabelIDs();

Use the classes and label IDs to create the pixelLabelDatastore.
labelDir = fullfile(outputFolder, 'labels');
pxds = pixellLabelDatastore(labelDir,classes,labellIDs);
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Load CamVid Pixel-Labeled Images

Read and display one of the pixel-labeled images by overlaying it on top of an image.
C = readimage(pxds,25);

cmap = camvidColorMap;

B = labeloverlay(I,C, 'ColorMap’',cmap);

imshow(B)
pixellLabelColorbar(cmap,classes);
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Analyze Data Set Statistics

To see the distribution of class labels in the CamVid dataset, use countkEachlLabel. This
function counts the number of pixels by class label.

tbl = countEachLabel(pxds)

Name PixelCount ImagePixelCount
1 |'Sky' 76201167 433148300
2 |'Building’ 117373718 433143800
3 |'Pole’ 4708742 483148800
4 |'Road 140535728 484531200
5 |'Pavement’ 33614414 472089600
6 | Tree 54258673 447897600
7 |'SignSymbaol 5224247 468633600
8 |'Fence 6921061 251596300
9 |'Car 24436057 433148300
10 |'Pedesirian’ 3402809 444441600
11 |'Bicyclist’ 25091222 261964300
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Visualize the pixel counts by class.
frequency = tbl.PixelCount/sum(tbl.PixelCount);

bar(1:numel(classes),frequency)
xticks(l:numel(classes))
xticklabels(tbl.Name)
xtickangle(45)
ylabel('Frequency')
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Resize CamVid Data

The images in the CamVid data set are 720-by-960. To reduce training time and

memory usage, resize the images and pixel label images to 360-by-480 by using the
resizeCamVidlmages and resizeCamVidPixelLabels supporting functions.

imageFolder = fullfile(outputFolder, 'imagesResized',filesep);
imds = resizeCamVidImages(imds,imageFolder);

labelFolder = fullfile(outputFolder, 'labelsResized',filesep);
pxds = resizeCamVidPixellabels(pxds,labelFolder);
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Prepare Training and Test Sets

Network is trained by using 60% of the images from the dataset. The rest of the images
are used for testing. The following code randomly splits the image and pixel label data
INto a training set and a test set.

[imdsTrain,imdsTest,pxdsTrain,pxdsTest] =
partitionCamVidData(imds,pxds);

The 60/40 split results In the following number of training and test images:
numTrainingImages = numel(imdsTrain.Files) % 421
numTestingImages = numel(imdsTest.Files) % 280
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Create Network

Use fcnlLayers to create fully convolutional network layers initialized by using VGG-16
weights. The fcnlLayers function performs the network transformations to transfer the
weights from VGG-16 and adds the additional layers required for semantic
segmentation. The output of the fcnLayers function is a LayerGraph object representing
FCN. A LayerGraph object encapsulates the network layers and the connections
between the layers.

imageSize = [360 480];

numClasses = numel(classes);

lgraph = fcnlLayers(imageSize,numClasses);

The image size Is selected based on the size of the images In the dataset. The number
of classes Is selected based on the classes in CamVid.
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Balance Classes by Using Class Weighting
The classes iIn CamVid are not balanced. To improve training, you can use the pixel label

counts computed earlier by the countEachLabel function and calculate the median
frequency class weights.

imageFreq = tbl.PixelCount ./ tbl.ImagePixelCount;
classWeights = median(imageFreq) ./ imageFreq;

Specify the class weights by using a pixelClassificationLayer.
pxLayer =
pixelClassificationLayer('Name', 'labels','Classes',tbl.Name, 'ClassWeights',classWeights)
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Balance Classes by Using Class Weighting

Update the network that has the new pixelClassificationLayer by removing the current
pixelClassificationLayer and adding the new layer. The current pixelClassificationLayer is
named ‘pixelLabels’. Remove it by using the removelayers function, add the new one by
using the addLayers function, and connect the new layer to the rest of the network by
using the connectlLayers function.

lgraph = removelLayers(lgraph, 'pixellLabels"');

lgraph = addLayers(lgraph, pxLayer);

lgraph = connectlLayers(lgraph, 'softmax', 'labels"');
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ANALYSIS RESULT

Name Type Activations Learnable Properties

1 input Image Input 368(5) = 480(5) = 3{C) = 1(B) -
3G0=480%3 images with ‘zerccanter’ nommalization

z convi_1 Convolution 558(5) = 678(5) = &4(C) = 1(B) Meights 3 e 3 = 64
64 3=3x=3 convolutions with stride [1 1] and padding [100 100 100 100] Bias 1 1 [T

2 |relul_1 RelU 558(58) = B78(5) = 64(C) = 1(B) -
RelU

't convi1_2 Convolution S58(5) = 678(5) = 64(C) = 1(B) Weights 3 = 3 64 = B4
54 3=23x84 convolutions with stride {1 1] and padding [1 11 1] Bias 1 2§ B4

5 |relu_2 RelLU 558(5) = 678(5) = 64(C) = 1(B) -
RelU

@ pooli Max Pooling 279(5) = 339(5) = &4(C) = 1(B) -
2x%2 max pooling with stride [2 2] and padding [0 0 0 0]

7 conv2_1 Convolution 279(5) = 339(5) = 128(C) = 1(.. |Weights 3 = 3 64 = 128
128 3x3x54 convolutions with stride [1 1] and padding [1 11 1] Bias 1 1 128

g |reluZ_1 RelU 279(5) = 339(5) = 128(C} = 1(. |-
RelU

o conva_2 Convolution 279{5) = 339(5) = 128(C) = 1(.. |Weights 3 = 3 = 128 = 128
128 2=32128 convolutions with stride [1 1] and padding [1 1 1 1] Bias 1 1 128

1w |relu2_ 2 RelU 279(5) = 339(5) x 128(C) = 1(. |-
RelU

11 |pool2 Max Pooling 139(5) = 163(5) = 128(C) = 1(. |-
2x2 max pooling with stride {2 2] and padding [0 0 0 0]

12 |comv3_1 Convolution 139(5) = 169(5) = 256(C) = 1{.. |Weights 3 = 3 = 128 = 256
258 3=3%128 convolutions with stride [1 1] and padding [1 1 1 1] Bias 1=1= 256

12 |relu3_1 RelU 139(5) = 169(S) = 256(C) = 1(. |-
RelU

14 |comv3d_2 Convolution 139{5) = 169(5) = 256{C) = 1(.. |Weiphts 3 = 3 = 256 = 256
258 3=3=x256 convolutions with stride [1 1] and padding [1 1 1 1] Bias 1 1 256

15 |relu3_2 RelLU 139(5) = 169(5) = 256(C) = 1(. |-
RelU

16 conv3d_3 Convolution 139(5) = 169(5) = 256{C) = 1(.. Weights 3 3 256 = 256
258 3=3x256 convolutions with stride [1 1] and padding [1 1 1 1] Bias 1 1 258

17 |relu3_3 RelLlU 139{5) = 169(5) = 256{C) = 1(. |-
RelU

12 |pool3 Max Pooling 69(5) = B4(5) = 256(C) = 1(B) -
2%2 max pooling with stride [2 2] and padding [0 0 0]

12 |comvd_1 Convolution BA(S) = B4(5) = 512(C) = 1(B) Meights 3 = 3 = 356 = 512
512 3=3=256 convolutions with stride [1 1] and padding [11 1 1] Bias 1 1 £12

20 |relud 1 RelU 63(5) = 24(S) = 512(C) = 1(B) -
RelU

21 convd_2 Convolution BI(S} = B4(5) = 512(C) = 1(B) Meights 3 3 512 = 512
512 3=3x612 convolutions with stride [1 1] and padding [1 1 1 1] Bias 1 1 512

22 (relud_2 RelLlU BI(S) = B4(5) = 512(C) = 1(B) -
RelU

22 |convd_3 Convolution BI(5) = B4(5) = 512(C) = 1(B) Meights 3 = 3 512 = 512
512 3232512 convolutions with stride [1 1] and padding [1 1 1 1] Bias 1 1 512

24 |relud_3 RelLU 69(S) = B4(5) = 512(C) = 1(B) -
RelU




 ——

T

@ relud_1

i

® convs_2

T

& relus 2

T

® convi_3

T

® relus_3

"

& pool5

i

® 8

T

* relud

T

& dropd

il

» T

T

& relu’?

T

® dropT

i

@ score_fT

n

& upscorel

‘.

relud 1

convd_2

refud_2

conwd_3

relud_3

& poold

P
® convB_1

B SCOTE_PO....,

@ score_po...
*

.' ' fuse_poold

-upscone_ .
)

@ score_po...

o >
\p fu .se_pooIS
I upscored
..\
w=core
T
® sofimax

& aber]

ANALYS5IS RESULT

Name Type Activations Leamable Properties

2z |convs_2 Convolution 34(5) = 42(5) = 512(C) = 1(B) Weights 3 = 3 = 512 = 512
512 3x3=512 convolutions with stride [1 1] and padding [11 1 1] Bias 1 =1 = 512

20 (relus_2 RelU 34(5) = 42(5) = 512(C) = 1(B) -
RellU

20 |convs_3 Convolution 34(5) = 42(5) = 512(C) = 1{B) Meights 3 % 3 = 512 = 512
512 3%32512 convolutions with stride [1 1] and padding {1 1 1 1] Bias 1 =1 x 512

2 |relus_3 RelU 34(5) = 42(5) = 512(C) = 1(B) -
RelU

22 |pool5 Max Pooling 17(5) = 21(5) = 512(C) = 1(B) -
2x2 max pooling with stride [2 2] and padding [0 0 0]

3 |fch Convolution 11(5) = 15(5) = 4B96(C) = 1(B) Weigh.. 7 = 7 = 512 = 48..
4006 TaT=512 convolutions with stride [1 1] and padding [ 0 00] Bias 1= 1 = 4896

24 [relud RelLU 11{5) = 15(5) = 4896(C) = 1(B) =
Rell

25 |dropb Dropout 11(5) = 15(S) = 4896(C) = 1(B) -
50% dropout

= |fcT Convolution 11(5) = 15(5) = 4896(C) = 1(B) Weigh. 1 = 1 = 4896 = 4@,
4085 1x1x4086 convolutions with stride [1 1] and padding [0 00 0] Bias 1 = 1 = 4896

7 |rel7? RelLU 11(S) = 15(5) = 4896(C) = 1(B) |-
RellU

3 |drop? Dropout 11(5) = 15(5) = 4B96(C) = 1(B) -
50% dropout

2 |score fr Convolution 11(S) = 15(5) = 11(C) = 1(B) Weights 1 x 1 = 4896 = 11
11 121 gonvolutions with stride [1 1] and padding [0 0 0 0] Bias 1 =1 =11

4 |upscore2 Transposed Convol... §2£(5) = 32(5) = 11(C) = 1(B) Weights 4 = 4 = 11 = 11
11 4=4=11 fransposed convolutions with stride [2 2] and cropping [0 00 0] Bias 1=1x11

41 |score_poold Convolution 34(5) = 42(5) = 11(C) = 1(B) Weights 1 = 1 = 512 = 11
11 1=1 convolutions with stride [1 1] and padding [0 00 0] Bias 1=1=11

4z |score_pooldc Crop 2D 24(5) = 32(5) = 11(C) = 1(B) =
center crop

43 |fuse_poold Addition 24(S) = 32(s) x 11(C) = 1(B) =
Element-wise sddition of 2 inputs

44 |upscore_pooid Transposed Convol... §58(5) = 66(S) = 11(C) = 1(B) Weights 4 = 4 = 11 = 11
11 4=4=11 fransposed convolutions with stride [2 2] and cropping [0 00 0] Bias 3= =711

45 |score_poold Convolution 69(S) = B4(S) = 11(C) = 1(B) Weights 1 = 1 = 256 = 11
11 121 convolufions with stride [1 1] and padding [0 0 0 0] Bias b P O s

45 |score_pool3c Crop 2D 5B(5) = 66(5) = 11(C) = 1(B) -
center crop

47 |fuse_pool3 Addition 58(5) = 66(5) = 11(C) = 1(B) =
Element-wise addition of 2 inpuis

42 |upscored Transposed Convol... J4B8(5) = 536(S) = 11(C) = 1({B) MWeights 16 x 16 = 11 = 11
11 16218211 transposed convolutions with stride [8 8] and cropping [0 0 & O] Bias 1 =1 =11

40 |score Crop 2D 368(5) = 48@(5) = 11(C) = 1(B) -
canter crop

2 |sofimax Softmax 368(5) = 488(S) = 11(C) = 1(B) -
softmas

=1 |labels Pixel Classification ... |368(5) = 488(5) = 11(C) = 1(B) -

Class weighted cross-entropy foss with 'Sky’, 'Building', and 8 other classes
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Select Training Options
The optimization algorithm for training i1s Adam, which is derived from adaptive moment
estimation. Use the trainingOptions function to specify the hyperparameters used for
Adam.
options = trainingOptions('adam’,

'InitiallLearnRate’,le-3,

'"MaxEpochs',100,

'MiniBatchSize',4,

'Shuffle’, "every-epoch’,

'CheckpointPath', tempdir,

‘VerboseFrequency',2);
‘CheckpointPath’ is set to a temporary location. This name-value pair enables the saving
of network checkpoints at the end of every training epoch. If training Is interrupted due to
a system failure or power outage, you can resume training from the saved checkpoint.
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Data Augmentation

Data augmentation Is used to improve network accuracy by randomly transforming the original data during
training. By using data augmentation, you can add more variety to the training data without increasing the
number of labeled training samples. To apply the same random transformation to both image and pixel
label data use datastore combine and transform. First, combine imdsTrain and pxdsTrain.

dsTrain = combine(imdsTrain, pxdsTrain);

Next, use datastore transform to apply the desired data augmentation defined in the supporting function
augmentimageAndLabel. Here, random left/right reflection and random X/Y translation of +/- 10 pixels is
used for data augmentation.

xTrans = [-10 10];

yTrans = [-10 10];

dsTrain = transform(dsTrain, @(data)augmentImageAndLabel(data,xTrans,yTrans));

Note that data augmentation is not applied to the test and validation data. Ideally, test and validation data
should be representative of the original data and is left unmodified for unbiased evaluation.
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Start Training
Start training using trainNetwork If the doTraining flag is true. Otherwise, load a
pretrained network.
The training was verified on an NVIDIA™ Titan Xp with 12 GB of GPU memory. If your
GPU has less memory, you might run out of memory. If you do not have enough memory
INn your system, try lowering the MiniBatchSize property in trainingOptions to 1. Training
this network takes about 5 hours or longer depending on your GPU hardware.
doTraining = false;
if doTraining
[net, info] = trainNetwork(dsTrain,lgraph,options);
save('FCN8sCamVid.mat', 'net');
end
Save the DAG network object as a MAT-file named FCN8sCamVid.mat.
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SegNet 7~

* Train SegNet
* Create SegNet With Custom Encoder-Decoder Depth



Train SegNet

Load training images and pixel labels.
dataSetDir = fullfile(toolboxdir('vision'), 'visiondata', 'triangleImages’);

imageDir = fullfile(dataSetDir, 'trainingImages"');
labelDir = fullfile(dataSetDir, 'traininglLabels"');

Create an iImage datastore holding the training images.
imds = imageDatastore(imageDir);



Train SegNet

Define the class names and their associated label IDs.
classNames = ["triangle", "background"];
labelIDs = [255 0];

Create a pixel label datastore holding the ground truth pixel labels for the training
Images.
pxds = pixellabelDatastore(labelDir,classNames,labellIDs);



Train SegNet

Create SegNet layers.

imageSize = [32 32];

numClasses = 2;

lgraph = segnetlLayers(imageSize,numClasses,?2)

Combine image and pixel label data for training a semantic segmentation
network.
ds = combine(imds, pxds);
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ANALYSIS RESULT

Name Type Activations Learmnable Prope...
size 1(5) = 4{5) = 1{5) = 32{5) =.
2 encoder2_conv1 Convolution 16(5) = 16(5) = 64(C) = 1(B) Weig. 3 = 3 = G4.

G4 3x3=64 convolutions with stride [1 1] ...

Bias 1 =1 = &4

encoder2_bn_1
Batch normalization

Batch Normalization

16(S) = 16(5) = 64(C) = 1(B)

Offset 1 =1 = 54
Scale 1 =1 = g4

11 |encoder2_refu_1 Rell 16(5) = 16(5) = 64(C) = 1(B) -
RelU
12 | encoder2_conv2 Convolution 16(5) = 16(5) = &4({C) = 1(B) Weig. 3 = 3 = 64..

64 3=23=64 convolutions with stride [1 1] ...

Bias 1 x 1 x g4

encoder2_bn_2
Batch normalization

Batch Mormalization

16(5) = 16(5) = 64(C) = 1(B)

Offset 1 =1 = 64
Scale 1 =1 = g4

14 |encoder?_refu_2 RelU 16(5) = 16(5) = 64(C) = 1(B) -
RelU
15 |encoder2_maxpool Max Pooling out 8(5) = B(S) = &4(LC) = 1(B) -

2=2 max pooling with stride [2 2] and pa...

ind. 4896(S) x 1(5) = 1{C) = 1{B)
size 1(5) = 4(5) = 1(5) = 16(5) =.

i

decoder2_unpool
Max Unpooling

Mazx Unpooling

16(S) = 16(S) = 64(C) = 1(B)

decoder2_conv2

64 3x3=64 convolutions with stride [1 1] ...

Convolution

16(5) = 16(5) = 64(C) = 1(B)

Weig. 3 = 3 = G4.
Bias 1 = 1 = 64

decoder2_bn_2
Batch normalization

Batch Mormalization

16(S) * 16(5) = 64(C) = 1(B)

Offset 1 x 1 x 564
Scale 1 =1 = g4

10 |decoder2_relu_2 RelU 16(5) = 16(5) = &4{C) = 1(B) -
RelU
20 | decoder2_convi Convolution 16(5) = 16(5) = 64(C) = 1(B) Weig. 3 = 3 = G4.

G4 3x3=64 convolutions with stride [1 1] ...

Bias 1 =1 = &4

21 |decoder2_bn_1 Batch Normalization |16(5)} = 15(5) = 64(C) = 1(8B) Offset 1 =1 = 54
Batch normalization Scale 1 = 1 = &4
z2 | decoder2_relu_1 RelU 16(5) = 16(5) = 64(C) = 1(B) -
RelU
23 | decoder!_unpool Max Unpooling 32(5) = 32(5) = 64(C) = 1(B) -

Max Unpooling

(%]
‘3

decoder!_conv2

G4 3=3=64 convolutions with stride [1 1] ...

Convolution

32(5) = 32(5) = 64(C) = 1(B)

Heig. 3 = 3 = g4.
Bias 1 x 1 x g4

decoder1_bn_2
Batch normalization

Batch Mormalization

32(5) = 32(5) = 64(C) = 1(B)

Offset 1 =1 = 64
Scale 1 =1 = 64

decoder_relu_2
RelU

RelLU

32(5) = 32(5) = 64(C) = 1(B)

decoder!_comnvi

2 3x3=54 convolutions with stride [1 1] 3.

Convolution

32(5) = 32(5) = 2(C) = 1(B)

Weig. 3 %= 3 = 64.
Bias 1x1=32

decoder!_bn_1
Batch normalization

Batch Mormalization

Ed

32(5) = 32(5) = 2(C) = 1(B)

Offset 1 = 1 =
Scale 1 =1 =

z2 | decoder!_relfu_1 Rell 32(5) = 32(5) = 2{C) = 1(B) -
RelU

20 |softmax Softmax 32(5) = 32(5) = 2{C) = 1(B) -
softmax

21 | pixellabels Pixel Classification ... [32(5) = 32(5) = 2{C) = 1({B) -

Cross-entropy loss




Train SegNet

Set up training options.

options = trainingOptions('sgdm', 'InitiallLearnRate',le-3,

'‘MaxEpochs', 20, 'VerboseFrequency',10);

Train the network.
net = trainNetwork(ds,lgraph,options)

Training on single GPU.
Initializing input data normalization.

|
| Epoch | Iteration | Time Elapsed | Mini-batch | Mini-batch | Base Learning |
| | | (hh:mm:ss) | Accuracy | Loss | Rate |
A e oo it M i T T M S|
| 1] 1 | 00:00:08 | 52.15% | 0.7380 | 9.0010 |
| 10 | 10 | 00:00:20 | 63.51% | 0.7131 | 2.0010 |
| 20 | 20 | 00:00:33 | 71.58% | 0.6722 | 9.0010 |

Training ftinished: Max epochs completed.
net =

DAGNetwork with properties:

Layers: [31x1 nnet.cnn.layer.Llayer]
Connections: [34x2 table]
Inputhlames: {'inputImage’}
OutputMNames: {'pixellabels’}



Create SegNet With Custom Encoder-Decoder Depth

Create SegNet layers with an encoder/decoder depth of 4.
imageSize = [480 640 3];

numClasses = 5;

encoderDepth = 4;

lgraph = segnetlLayers(imageSize,numClasses,encoderDepth)
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_#-encoder2_maxpoal

MName Type Activations Learnable Prope...
] inputimage Image Input 488(5) = &48(5) = 3(C) = 1({B) -
480=640=3 images with ‘zerocenter nor...
2 encoderi_convi Convolution 488(5) = 648(S) = 64(C) = 1(B) Weig. 3 x 3 =3 .
84 3x3x3 convolutions with stride [1 1] a... Bias 1 =1 = 62
2 encoder1_bn_1 Batch Mormalization |488(5) = &48(5) = 64(C) = 1(B) Offset 1 =1 = 64
Batch normalization Scale 1 =1 = &4
4 encoder!_relu_1 RelLU 48B8(5) = 648(5) = &64(C) = 1(B) -
RalLl
£ |encoderl_conv2 Convolution 488(5) = 648(5) = 64(C) = 1(8) Weig. 3 = 3 x fd.
G4 3=3=84 convolutions with stride [1 1] .. Bias 1 =1 =g4
& encoderi_bn_2 Batch Mormalization |48@(5) = &4@8(5) = 64(C) = 1(B) Offset 1 = 1 x g4
Batch normakization Scale 1 = 1 = &4
7 |encoderl_relu_2 RelLU 488(5) = &48(5) = &4(C) = 1(B) -
ReLU
2 |encoderi_maxpool Max Pooling out  248(5) = 328(5) = 64(C) = 1(.. |-
2¥2 max pooling with stride [2 2] and pa... ind.. 491528(5) = 1(5)} = 1(C) = 1.
size 1(5) = 4(5) = 1(5) = 488(S5) .
¢ |encoder2_convi Convolution 248(5) = 328(5) = 64(C) = 1(B) Weig.. 3 = 3 = 64.
G4 3x3=264 convalutions with stride [1 1] ... Bias 1= 1 = §4
10 |encoder2_bn_1 Batch Mormalization |24@(s) = 32@8(5) = 64(C) = 1(B) Offset 1 =1 x B4
Batch normalization Scale 1 =1 = 84
encoder2_relu_1 RelU 240(5) = 320(5) = 64(C) = 1(B) -
RelU
1z |encoder2_conv2 Convolution 248(5) = 320(5) = 6&4(C) = 1(B) Weig. 3 = 3 = &4.
84 3x3=64 convolutions with stride [1 1] ... Bias 1 =1 =54
i3 |encoder?_bn_2 Batch Mormalization | 248(5) = 328(5) = 64(C) = 1(B) Offset 1 =1 = 64
Batch normalization Scale 1 =1 = g4
14 |encoder2_relu_2 RelU 248(5) = 328(5) = 64(C) = 1(B) -
RelU
i5 | encoder2_maxpool Max Pooling out  128(5) x 168(5) = 64(C) = 1(. |-
2x2 max pooling with stride [2 2] and pa... ind.. 122888@(5) = 1(5) = 1{C) = 1.
size 1(5) = &4(5) = 1({5) = 248(5) ..
15 |encoder3d_convi Convolution 128(5) = 168(5) = 64(C) = 1(8) MWeig. 3 = 3 = 64.
64 3=3=64 convolutions with stride [1 1] ... Bias 1 =x1 =54
17 |encoder3_bn_1 Batch Mormalization |128(5) = 168(5) = &4(C) = 1(B) Offset 1 =1 = 64
Batch normalization Scale 1 = 1 = &4
iz |encoder3_relu_1 RelU 128(5) = 168(5) = 64(C) = 1(B) -
RelU
12 |encoderd_conv2 Convolution 128(5) = 16@(5) = 64(C) = 1(B) Weig. 3 = 3 x 64
G4 3=3284 convolutions with stride [1 1] ... Bias 1 =1 =64
20 |encoder3_bn_2 Batch Normalization |128(5) = 168(5) = &64(C) = 1(B) Offset 1 =1 = B4
Batch normalization Scale 1 =1 = &4
21 |encoder3_relu_2 RelLU 128(5) = 168(5) = 64(C) = 1(B) -
RalLl
22 |encoderd_maxpool Max Pooling out  6B(5) = BB(5) = 64(C) = 1(B) -
2=2 max pooling with stride [2 2] and pa__. ind.. 387208(5) = 1(5) = 1{C) = 1{..
size 1(S) = 4(5) = 1(5) = 128(5) -
2z |encoderd_convi Convolution BB(S) * BB(S) x &4(C) = 1(B) Weig. 3 % 3 x 64,
RBRd 3v23vRAd nevrarnk ifnne antbh s 11 17 [ = P - ., & . ~a
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ANALYSIS RESULT

Name Type Activations Leamable Prope...
2% |decoder4_relu_1 Rell 6B(S) = 8@(5) = 84(C) = 1(B) -
RelU
37 |decoder3_unpool Max Unpooling 128(5) = 168(5) = 64(C) = 1(B) -
Max Unpooling
=3 |decoder3_conv2 Convolution 128(s) 168(s) = 64(C) = 1(B) Weig. 3 = 3 = 64.
64 3=3=64 convolutions with stride [1 1] .. Bias 1 =1 = g4
22 |decoder3_bn_2 Batch Normalization |128(5) 168(5) = 64(C) = 1(B) Offset 1 = 1 = 64
Batch normalization Scale 1 = 1 = B4
40 |decoder3d_relu_2 RelU 128(5) = 168(5) = 64(C) = 1(B) -
RelU
41 |decoderd_convi Convalution 128(5) = 168(5) = 64(C) = 1(B) Weig. 3 = 3 < 64.
64 3=3=64 convolutions with stride [1 1].. Bias 1 =1 = g4
42 |decoder3_bmn_1 Batch Normalization |12@(S) = 168(5) = 64(C) = 1(B) Offset 1 = 1 x g4
Baich normalization Scale 1 =1 = g4
4z | decoderd_relu_1 Rell) 128(s) 168(S) = 64(C) = 1(B) -
RelLU
44 |decoder2_unpool Max Unpooling 248(s) 328(5) = 64(C) = 1(B) -
Max Unpooling
45 | decoder2_conv2 Convolution 248(s) 328(S) = 64(C) = 1(B) KHeig. 3 = 3 = 64.
84 3=3x84 convolufions with stride [1 1] . Bias 1 <=1 = g4
45 |decoderZ2_bn_2 Batch Normalization | 24@(5) 328(5) = 64(C) = 1(B) Offset 1 = 1 = 64
Batch narmalization Scale 1 =1 = g4
7 |decoderZ_relu_2 RelU 248(5) = 328(5) = 64({C) = 1(B) -
RelU
2z |decoder2_convi Convolution 24@8(s) = 328(S) = 64(C) = 1(B) Weig. 3 = 3 = 64.
64 3=3x84 convolufions with stride [1 1] .. Bias 1 =1 = g4
40 |decoder2_bn_1 Batch Normalization |24@(s) = 328(5) = 64(C) = 1(B) Offset 1 = 1 x p4
Batch normalization Scale 1 =1 = g4
5 |decoder2_relu_1 RelU 248(5) = 328(5) = 64(C) = 1(B) -
RelU
51 | decoder1_unpool Max Unpooling 488(5) 648(5) = 64(C) = 1(B) -
Max Unpooling
sz |decoder1_conv2 Convolution 488(5) 648(5) = 64(C) = 1(B) Weig. 3 = 3 = 64.
B4 3x2x64 convolutions with stride [1 1] . Bias 1 = 1 = g4
=3 |decoder1_bn_2 Batch Normalization |438(5) 648(5) = 64(C) = 1(B) Offset 1 = 1 = 64
Batch normalization Scale 1 = 1 = B4
54 |decoderi_relu_2 RelU 488(5) = 648(5) = 64(C) = 1(B) -
RelU
55 | decoder1_convi Convolution 488(5) = 648(5) = 5(C) = 1(B) Weig. 3 = 3 = B4
5 3x3=54 convolutions with stride [1 1] a.. Bias 1 x1 =5
55 |decoderi_bn_1 Batch Normalization |48@(S) = 648(5) = 5(C) = 1(B) Offset 1 =1 =5
Batch normalization Scale 1 =x1=x5
57 |decoderi_relu_1 RelLU 488(5) * 848(5) = 5(C) = 1(B) -
RelLU
sz |sofimax Softmax 488(5) 648(5) = 5(C) = 1(B) -
softmax
s |pixelLabels Pixel Classification ... |488(5) 648(s) = 5(C) = 1(B) -

Cross-entropy loss
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U-Net
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U-Net 74

* Create U-Net Network with Custom Encoder-Decoder Depth
* Train U-Net Network for Semantic Segmentation



Create U-Net Network with Custom Encoder-Decoder Depth

Create a U-Net network with an encoder-decoder depth of 3.
imageSize = [480 640 3];

numClasses = 5;

encoderDepth = 3;

lgraph = unetlLayers(imageSize,numClasses, 'EncoderDepth',encoderDepth)



- AMNALYSIS RESULT
® Imageinputlayer Name Type Activations Learnable Prope...
* 1 ImagelnputLayer Image Input 488(5) = 848(5) = 3(C) = 1(B) -
I Encoder-Stage-1-... 4E50=640=3 images with ‘zerocenter' nor. ..
Encoder-Stage-1-... 2 Encoder-Stage-1-Conv-1 Convolution 488(5) = 848(5) = e4(C) = 1(B) Meig. 3 %3 =3 .
.+. G4 323 convolutions with stride [1 1] and... Bias 1 =1 x 64
;E"CD"GF'S‘EEG"'-- = |Encoder-Stage-1-RelU-1 RelU 488(5) = 648(5) = 64(C) = 1(B) 2
RelU
_#-Encoder-Stage-1- .
e T 2 |Encoder-Stage-1-Conv-2 Convolution 488(5) = 848(S) = 64(C) = 1(B) Meig. 3 = 3 = 64.
."E‘I;CDdEI’-S[EQE-I- 64 3=3 convolutions with stride [T 1] and... Bias 1 =1 = 64
1 5 Encoder-Stage-1-RelLU-2 RelLU 488(5) = 648(5) = 64(C) = 1(B) -
L Encoder-Stage-2-... RelLU
1
Q:Encuder-Slage-E— 8 Encoder-Stage-1-MaxPeool Max Pooling 248(5) = 328(5) = 64(C) = 1(B) -
1 2x2 max pooling with stride [2 2] and pa...
® Encoder-Stage-2-... T Encoder-Stage-2-Conv-1 Convolution 248(5) = 328(5) = 128{C) = 1(B) Meig. 3 = 3 = B4 ..
I 128 3=3 convolutions with stride [1 1] an... Bias 1 =1 =128
_#-Encoder-Stage-2-...
- i 8 Enc_oder—“stage—z—ﬂeLU—1 RelU 248(5) = 328(5) = 12B(C) = 1(B) -
- I'Encoder-Stage-Z... R
T 8 Encoder-Stage-2-Conv-2 Convolution 248(5) = 328(5) = 128(C) = 1(B) Mei. 3 = 3 = 128.
# Encoder-Stage-3- . 128 3=3 convolutions with stride [1 1] an... Bias 1 = 1 = 128
:Enonder—Stage-B- 0 |Encoder-Stage-2-RelU-2 RelLU 248(5) = 328(5) = 128({C) = 1(B) -
RelU
Y
# Encoder-Stage-3-... 11 |Encoder-Stage-2-MaxPool Max Pooling 128(5) = 168(5) = 128(C) = 1(B) -
T 222 max pooling with stride [2 2] and pa...
__..‘j“|E“f"""’z”'m*"ﬂ'3‘3'“'3“1'2 1> |Encoder-Stage-3-Conv-1 Convolution 128(5) = 168(5) = 256(C) = 1(B) Mei. 3 =3 = 128.
- 258 3x3 convolutions with stride [1 1]an._. Bias 1 = 1 = 256
# Encoder-Stage-3- .
T 12 |Encoder-Stage-3-RelU-1 RelU 128(5) = 168(5) = 256(C) = 1(B) -
#® Encoder-Stage-3-_. Rell
Y 14 |Encoder-Stage-3-Conv-2 Convolution 128(5) = 168(5) = 256(C) = 1(B) Mei. 3 = 3 = 256..
# Bridge-Conv-1 258 33 convolutions with stride [1 1] an... Bias 1 = 1 = 258
T
@ Sridge-Rell-1 i5 | Encoder-Stage-3-RelU-2 RelU 128(5) = 168(5) = 256(C) = 1(B) -
RelU
T
@ Bridge-Conv-2 1 : 1@ |Encoder-Stage-3-DropQut Dropout 128(5) = 168(5) = 256{C) = 1(B) -
T 50% dropout
% Bridge-RelU-2 -
T 17 | Encoder-Stage-3-MaxPool Max Pooling 6B(S) = BB(S) = 256(C) = 1(B) -
. | 2%2 max pooling with stride [2 2] and pa...
@ Bridge-DropOut Y
T 12 |Bridge-Conv-1 Convolution 6B(5) = BB(5) x 512(C) = 1(B) Mei. 3 = 3 x 256.
® Decoder-Stage-1- . 512 3=3 convolutions with stride [1 1] an... Bias 1 = 1 = 512
T z
#.Decoder-Stage-1-... 10 E;IPEE_RELU-1 RelLU 6@(5) = BB(5) x 512(C) = 1(B) -
"-.._‘ » g
% “# Decoder-Stage-1-... 20 | Bridge-Conv-2 Convolution G6B(S) = Be(S) = 512(C) = 1(B) Mei. 3 = 3 = 512.
¥ 512 3x3 convolutions with stride [1 1] an... Bias 1 = 1 = 512
:DEG"“"S“Q“"“ 5 |Bridge-RelU-2 RelU 60(5) = 88(S) x 512(C) = 1(B) -
Rell
® Decoder-Stage-1-..
L} z2 | Bridge-DropQut Dropout 6@(S) = BB(5) = 512(C) = 1(B) -
& Decoder-Stage-1-... 50% dropout
iK 22 |Decoder-Stage-1-UpConv Transposed Convol... |128(5) = 168(5) = 256{C) = 1(B) Mei. 2 = 2 = 256..
# Decoder-Stage-1-... 256 2%2 transposed convolutions with st... Eias 1 = 1 = 258§
Y
® Decoder-Stage-2-.. 24 |Decoder-Stage-1-UpRelLU RelU 128(5) = 168(5) = 256(C) = 1(B) -
RelU
T -




el ]
T - ANALYSIS RESULT
#® Encoder-Stage-3-... T |
- Name Type Activations Learnable Prope...
. Bringe Cany:d 23 | Decoder-Stage-1-UpConv Transposed Convol... [128(5) = 168(S5) = 258{C) = 1(B) Wein 2 x 2 x 756.
258 2x2 fransposed convolutions with st... Bias 1 = 1 = 258
#® Bridge-RelU-1
L} 2+ |Decoder-Stage-1-UpRelU RelLU 128(5) = 16@8(5) = 256(C) = 1(B) -
@ Bridge-Conv-2 ¥ RelU
1 ) 25 | Decoder-Stage-1-DepthConcaten... | Depth concatenation [128(5) = 168(5) = 512{C) = 1{B) -
® Bridge-RelU-2 Depih concatenation of 2 inputs
|
® Bridge-DropCut v 253 | Decoder-Stage-1-Conv-1 Convolution 128(5) = 168(S) = 256(C) x 1(B) Wei. 3 x 3 x 512.
¥ 258 3x3 convolutions with stride [1 1] an Eias 1 x 1 = 258
® Decoder-Stage-1-...| 27 | Decoder-Stage-1-ReLU-1 RelLU 128(S) = 168(S) = 256(C) = 1(B) -
1 RelU
#® Decoder-Stage-1-..) r
“a A 25 | Decoder-Stage-1-Cony-2 Convolution 128(5) = 168(S) = 256{C) = 1(B) Hei. 3 = 3 = 256.
l.."'I'E}ié'c.:;der-StagE-l- 258 3x3 convolutions with stride [1 1] an Bias 1 = 1 x 256
T zo | Decoder-Stage-1-RelU-2 RelU 128(5) = 168(5) = 256(C) = 1(B) -
@ Decoder-Stage-1-... RelU
Y
| - =0 | Decoder-Stage-2-UpConv Transposed Convol... |248(5) = 328(S) = 128(C) = 1(B) Wei. 2 = 2 = 128.
i g i 128 2x2 transposed convolutions with st.. Bias 1 = 1 = 128
® Decoder-Stage-1-... 21 |Decoder-Stage-2-UpRelU RelLU 248(5) = 3208(5) = 128({C) = 1(B) -
Y RelU
# Decoder-Stage-1-... :
+ e iz | Decoder-Stage-2-DepthConcaten. .. | Depth concatenation [248(5) = 328(5) = 256(C) = 1(B) -
g s 5 Depth concatenation of 2 inputs
® Decoder: 1agE- S
Y 2z | Decoder-Stage-2-Conv-1 Convolution 248(5) = 328(5) = 128(C) = 1(B) MWei. 3 x 3 x 256.
# Decoder-Stage-2-... ) 128 33 convolutions with stride [1 1] an Bias 1 = 1 x 128
-.‘. s =
-\.: f:e'aba]a'r-stage-z-... 34 gfl_t:j)der-SIage—z-ReLU-1 Rell 248(5) = 328(5) = 128{C) = 1(B) -
Y
® Decoder-Stage-2-.. 25 | Decoder-Stage-2-Cony-2 Convolution 248(5) = 320(s) = 128(C) = 1(B) Wei. 3 = 3 = 128.
T 128 3x3 convolutions with stride [1 1] an. . Bias 2 o % Wk )
¥ DecoderSlage 27, 25 |Decoder-Stage-2-RelU-2 RelU 248(5) = 328(5) = 128(C) = 1(B) -
Y RelU
® Decoder-Stage-2-. .
Y =7 | Decoder-Stage-3-UpConv Transposed Convol... |488(5) = &48(5) = &4(C) = 1(B) Weig.. 2 = 2 = 64 ..
.’ Decoder-Sizge-2-.. G4 2=2 transposed convolutions with stri... Bias 1 =1 = pgd
T _ z2 | Decoder-Stage-3-UpRelU RelU 488(5) = 648(5) = 64(C) = 1(B) -
* Decoder-Stage-3-... Ral U
)
.’_Demder_gtag,__g___ 2 | Decoder-Stage-3-DepthConcaten. . | Depth concatenation [488(5) = 848(5) = 128(C) = 1(B) -
. e Depih concatenation of 2 inputs
R |Decoder-stage-3-DepthConcatenatiun 2 | Decoder-Stage-3-Conv-1 Convolution 488(5) = 648(5) = 84(C) = 1(B) Weig. 3 = 3 = 128.
G4 3x3 ponvolutions with stride [1 1] and. .. Bias 1 =1 = 64
# Decoder-Stage-3-...
\ 41 | Decoder-Stage-3-RelU-1 RelLU 488(5) = 648(5) = 64(C) = 1(B) -
Decoder-Stage-3-.._ ReLt)
4z | Decoder-Stage-3-Conv-2 Convolution 488(5) = 648(5) = 64(C) = 1(B) Weig.. 3 x 3 = 64
Decoder-Stage-3-... 84 3=32 convolutions with stride [1 1] and... Eias 1x<1x=xgd
Decoder-Stage-3- 4z | Decoder-Siage-3-RelU-2 RelLlU 488(5) = 648(5) = 64(C) = 1(B) -
Raly
® Final-Canvolution. .. 44 | Final-ConvolutionLayer Convolution 488(5) = 64B(5) = 5(C) = 1{B) Weig. 1 x 1 = &4,
1 5-1=1 convolutions with stride [1 1] and .. Eias 1=1x75
® Softmax-La
TR 45 | Softmax-Layer Softmax 488(5) = 648(5) = 5(C) = 1{B) -
softmax
Segmentation-Layer
| 45 | Segmentation-Layer Pixel Classification ... |488(5) = &48(S) = 5{C) = 1{B) -
e Cross-entropy loss




Train U-Net Network for Semantic Segmentation

Load training images and pixel labels into the workspace.
dataSetDir = fullfile(toolboxdir('vision'), 'visiondata', 'triangleImages"');

imageDir = fullfile(dataSetDir, 'trainingImages"');
labelDir = fullfile(dataSetDir, 'traininglLabels"');

Create an imageDatastore object to store the training images.
imds = imageDatastore(imageDir);

Define the class names and their associated label IDs.
classNames = ["triangle", "background"];
labelIDs = [255 0];

Create a pixelLabelDatastore object to store ground truth pixel labels for training images.
pxds = pixellLabelDatastore(labelDir,classNames,labellIDs);



Train U-Net Network for Semantic Segmentation

Create the U-Net network.

imageSize = [32 32];

numClasses = 2;

lgraph = unetlLayers(imageSize, numClasses)

Create a datastore for training the network.
ds = combine(imds, pxds);

Set training options.

options = trainingOptions('sgdm',
'InitiallLearnRate’,le-3,
'MaxEpochs’, 20,
'VerboseFrequency',10);



Train U-Net Network for Semantic Segmentation

Train the network.
net = trainNetwork(ds,lgraph,options)

Training on single GPU.
Initializing input data normalization.

|
| Epoch | Iteration | Time Elapsed | Mini-batch | Mini-batch | Base Learning |
| | | (hh:mm:ss) | Accuracy | Loss | Rate |
St s
| 1] 1| 00:00:03 | 17.68% | 8.7782 | 2.0010 |
| 19 | 10 | 00:00:24 | 95.38% | 0.5892 | 9.0010 |
| 20 | 20 | 00:00:48 | 96.98% | 0.2099 | 9.0010 |
|========================================================================================

Training finished: Max epochs completed.
het =

DAGNetwork with properties:

Layers: [58x1 nnet.cnn.layer.lLayer]
Connections: [61x2 table]
Inputhames: {'ImagelnputlLayer’}
Qutputlames: {'Segmentation-Layer’}
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ANALYSIS RESULT

Name Type Activations Leamable Prope...
7 Encoder-Stage-2-Conv-1 Convolution 16(5) = 16(5) = 128(C) = 1{B) Heig. 3 = 3 = 64 ..
128 2x3 convolutions with stride [1 1] an. Bias 1 = 1 = 128
g Encoder-Stage-2-Rel -1 RelLU 16(5) = 16(5) = 128(L) = 1(B) =
RelU
1 Encoder-Stage-2-Conv-2 Convolution 16(5) = 16(S5) = 128(C) = 1(B) Wei.. 3 = 3 = 128.
128 23x3 convolutions with strida [1 1] an. Bias 1 = 1 = 128
10 |Encoder-Stage-2-RelLU-2 RelLU 16(5) = 16(5) = 128(C) = 1{B) =
RelU
Encoder-Stage-2-MaxPool Max Pooling 8(5) x B(5) = 128(C) = 1(B) -
252 max pooling with stride [2 2] and pa...
iz |Encoder-Stage-3-Conv-1 Convolution B(5) = 8(5) = 256(C) = 1(B) Wei. 3 x 3 x 128.
258 2x3 convolubions with stnde [1 1] an. Bias 1 = 1 = 256
12 |Encoder-Stage-3-RelLU-1 RellU 8(5) = B(5) = 256(C) = 1(B) -
RelU
i4 | Encoder-Stage-3-Conv-2 Convolution B(5) = B(5) = 256(C) = 1(B) Wei. 3 = 3 = J56.
258 2x3 convolutions with stride [1 1] an. Bias 1 = 1 = 256
15 |Encoder-Stage-3-RelU-2 RelLU B(5) = B(5) = 256(C) = 1(B) -
RelU
i | Encoder-Stage-3-MaxPool Max Pooling 4{5) = 4(5) = 256(C) = 1(B) -
222 max pooling with stride [2 2] and pa...
17 |Encoder-Stage-4-Conv-1 Convolution A4(S) = &4(5) = 512(C) = 1(B) Wei. 3 x 3 x 256.
512 3x3 convolutions with stride [1 1] an. Bias 1 = 1 = 512
12 |Encoder-Stage-4-RelU-1 RelLl A(S) = 4(5) = 512(C) = 1(B) -
RelU
12 |Encoder-Stage-4-Conv-2 Convolution A4(5) = &4(5) = 512(L) = 1(B) Wei. 3 = 3 = 512.
512 2x3 convolutions with strida [1 1] an. Bias 1 = 1 = 512

20  |Encoder-Stage-4-RelLU-2 RelU A4(5) = &4(5) = 512{C) = 1(B) -
RelU

21 | Encoder-Stage-4-DropQut Cropout 4(5) = &4(5) = 512{C) = 1(B) -
50% dropout

z2  |Encoder-Stage-4-MaxPool Max Pooling 2(5) = 2(5) = 512{C) = 1(B) -

222 max pooling with stride [2 2] and pa...

]
]

Bridge-Conv-1

Convolution

2(5) = 2(5) =

1824(C) = 1(B)

Wei. 3 x 3 x 512.

1024 3x3 convolutions with stride [1 1] a.. Bias 1 = 1 = 1924
z¢ | Bridge-ReLU-1 RelU 2(5) = 2(5) = 10824(C) = 1(B) &

RelU
2= |Bridge-Conv-2 Convolution 2(5) = 2(S) = 1824(C) = 1(B) Wei. 3 x 3 x 182.

1024 3x3 convolutions with stride [1 1] a...

Bias 1 = 1 = 1824

& |Bridge-RelLU-2 RelU 2(5) = 2(5) = 1824(C) = 1(B) -
RelU
z7 | Bridge-DropCut Dropout 2(5) = 2(5) = 1824(C) = 1(B) -

50% dropout

22 | Decoder-Stage-1-UpConv

512 2x2 transposed convolutions with st...

Transposed Convol...

4(5) = 4(5) =

512(C) = 1(B)

Wei. 2 = 2 = 512.
Bias = 512

=
b3
[y

zo | Decoder-Stage-1-UpRelU RelU A(S) = &4(5) = 512(C) = 1(B) -
RelU
20 | Decoder-Stage-1-DepthConcaten... | Depth concatenation |4(S) = 4(5) = 1824(C) = 1(B) -

Depih concatenation of 2 inputs
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T
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T
® Final-Convolut. ..
T
® Softmax-Layer
T

® Segmentation-...

MName Type Activations Leamable Prope...
25 | Decoder-Stage-2-UpConv Transposed Convol .. [8(5) = 8(5) = 256(C) = 1(B) Mei. 2 = 2 x 256.
258 2x2 transposed convolutions with st... Bias 1 = 1 = 256
2z | Decoder-Stage-2-UpRelU RelU B(5) = 8(5) = 256(C) = 1(B) -
RelU
=7 | Decoder-Stage-2-DepthConcaten... | Depth concatenation |8{5) = 8(5) = 5312(C) = 1(B) -
Depth concatenation of 2 inputs
== | Decoder-Siage-2-Conv-1 Convolution B(S) = 8(5) = 256(C) = 1(B) Mei. 3 = 3 = 512.
258 3x3 convolutions with stride [1 1] an Bias 1 =1 = 256
2z |Decoder-Stage-2-RelU-1 RelU 8(5) = 8(5) = 256(C) = 1(B) -
RalU
40 |Decoder-Stage-2-Conv-2 Convolution 8(5) = B(5) = 256(C) = 1(B) Mei. 3 = 3 = 256.
258 2x3 convolutions with stride [1 1]an Bias 1 = 1 = 256
41 |Decoder-Stage-2-RelU-2 RelU B(5) = 8(5) = 256(C) = 1(B) -
RelU
1z | Decoder-Siage-3-UpConv Transposed Convol... [16(5) 16(5) = 128(C) = 1(B) Mei. 2 = 2 = 128.
128 2x2 transposed convolutions with st.. Eias 1w 3 ox IR
42 |Decoder-Siage-3-UpRelU RelU 16(5) 16(5) = 128(C) = 1(B) -
RelU
44 | Decoder-Stage-3-DepthConcaten. . | Depth concatenation |158(5) 16(5) = 256(C) = 1(B) -
Depth concatenation of 2 inputs
25 | Decoder-Siage-3-Conv-1 Convolution 16(5) 16(5) = 128(C) = 1(B) Mei. 3 = 3 % 256.
128 3x3 convelutions with stride [1 1] an Bias 1 = 1 = 128
4 | Decoder-Stage-3-RelU-1 RelU 16(5) = 16(S) = 128(C) = 1(B) -
RelU
47 | Decoder-Stage-3-Cony-2 Convolution 16(5) 16(5) = 128(C) = 1(B) Mei. 3 = 3 x 128.
128 3x3 convolutions with stride [1 1] an Bias 1w ) ox 3R
sz |Decoder-Stage-3-RelU-2 RelU 16(5) 16(5) = 128(C) = 1(B) -
RelU
42 | Decoder-Stage-4-UpConv Transposed Conveol. .. |32(5) = 32(5) = 64(C) = 1(B) Weig. 2 = 2 = g4
G4 222 transposed convolufions with stri... Bias 1 =1 54
=0 | Decoder-Stage-4-UpRelU RellU 32(5) 32(5) = 64(C) = 1(B) -
RelU
=1 | Decoder-Siage-4-DepthConcaten. . | Depth concatenation |32(5) 32(5) = 128(C) = 1(B) -
Depih concatenation of 2 inputs
5z | Decoder-Stage-4-Conv-1 Convolution 32(5) 32(5) = 64(C) = 1(B) MWeig. 3 = 3 = 128..
G4 3=3 conwolutions with stride [1 1] and._. Eias Fomo 64
=2 | Decoder-Stage-4-RelU-1 RelU 32(5) 32(5) = 64(C) = 1(8) -
RelU
54 | Decoder-Stage-4-Cony-2 Convolution 32(5) = 32(5) = s4{C) = 1(B) Weig. 3 = 3 = B4,
64 3=3 convolutions with stride [1 1] and... Bias 1=1= g4
=5 | Decoder-Siage-4-RelU-2 RellU 32(s) 32(5) = 64(C) = 1(B) -
RelU
53 | Fina-ConvolutionLayer Convolution 32(5) 32(5) = 2(C) = 1(B) Meig. 1 x 1 = 64..
2 1=1 convofutions with stride [1 1] and Bias 1=1=2
57 | Softmax-Layer Softmax 32(5) 32(5) = 2(C) = 1{B) -
softmax
== | Segmentation-Layer Pixel Classification ... |32(5) 32(5) = 2{C) = 1(B) -

Cross-entropy loss
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Semantic Segmentation Using Deep Learning

This example shows how to train a semantic segmentation network using
Deeplab v3+, one type of convolutional neural network (CNN) designed for
semantic Image segmentation.

This example creates the Deeplab v3+ network with weights initialized from a
pre-trained Resnet-18 network. ResNet-18 Is an efficient network that is well
sulted for applications with limited processing resources. Other pretrained
networks such as MobileNet v2 or ResNet-50 can also be used depending on
application requirements.
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In addition, download a pretrained version of DeeplLab v3+. The pretrained model allows
you to run the entire example without having to wait for training to complete.

pretrainedURL =
"https://ssd.mathworks.com/supportfiles/vision/data/deeplabv3plusResnetl8CamVid.zip"';
pretrainedFolder = fullfile(pwd, "deeplabv3plusResnet18Camvid");
pretrainedNetworkZip = fullfile(pretrainedFolder, 'deeplabv3plusResnetl18CamVid.zip"');
if ~exist(pretrainedNetworkZip, 'file"')
mkdir(pretrainedFolder);
disp('Downloading pretrained network (58 MB)...');
websave(pretrainedNetworkZip,pretrainedURL);
end
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Load CamVid Images
Use imageDatastore to load CamVid images. The imageDatastore enables you to
efficiently load a large collection of images on disk.

imgDir = fullfile(outputFolder," 1mages , 701 StillsRaw full');
imds = imageDatastore(imgDir); ™ !

Display one of the images.

I = readimage(imds,559);
I = histeq(I);

imshow(I)
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Load CamVid Pixel-Labeled Images
Use pixelLabelDatastore to load CamVid pixel label image data. A pixelLabelDatastore encapsulates the
pixel label data and the label ID to a class name mapping.
We make training easier, we group the 32 original classes in CamVid to 11 classes. Specify these classes.
classes = |

"Sky"

"Building"

"Pole"

"Road"

"Pavement”

"Tree"

"SignSymbol™

"Fence"

"Car"

"Pedestrian”

"Bicyclist”

1
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To reduce 32 classes into 11, multiple classes from the original dataset are grouped
together. For example, "Car” is a combination of "Car”, "SUVPickupTruck”, "Truck_Bus",
“Train”, and "OtherMoving". Return the grouped label IDs by using the supporting
function camvidPixelLabellDs, which is listed at the end of this example.
labelIDs = camvidPixellLabelIDs();

Use the classes and label IDs to create the pixelLabelDatastore.
labelDir = fullfile(outputFolder, 'labels’);
pxds = pixellLabelDatastore(labelDir,classes,labellIDs);
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Read and display one of the pixel-labeled images by overlaying it on top of an image.
C = readimage(pxds,559);

cmap = camvidColorMap;

B = labeloverlay(I,C, 'ColorMap’',cmap);

imshow(B)
pixellLabelColorbar(cmap,classes);
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Analyze Dataset Statistics

To see the distribution of class labels in the CamVid dataset, use countkEachlLabel. This
function counts the number of pixels by class label.

tbl = countEachLabel(pxds)

tbl = 11
Name PixelCount ImagePixelCount
3 |'Pole’ 4798742 483148800
4 |'Road 140535728 484531200
§ |'Pavement 33614414 472089600
6 |Tree' 54258673 447397600
7 |'SignSymbol’ 5224247 468633600
8 |'Fence' 6921061 251596800
9 |'Car 24436957 483148800
10 |'Pedestrian’ 3402909 444441600
11 |'Bicyclist’ 2591222 261964800
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Visualize the pixel counts by class.
frequency = tbl.PixelCount/sum(tbl.PixelCount);

0.3

bar(l:numel(classes),frequency)
xticks(1l:numel(classes))
xticklabels(tbl.Name)
xtickangle(45)
ylabel('Frequency')

025

02}

Frequency
&
—
(%) ]
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0.05F
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Prepare Training, Validation, and Test Sets

Deeplab v3+ is trained using 60% of the images from the dataset. The rest of the images
are split evenly in 20% and 20% for validation and testing respectively. The following code
randomly splits the iImage and pixel label data into a training, validation and test set.

[imdsTrain, imdsVal, imdsTest, pxdsTrain, pxdsVal, pxdsTest] =
partitionCamVidData(imds, pxds);

The 60/20/20 split results in the following number of training, validation and test images:
numTrainingImages = numel(imdsTrain.Files)

numValImages = numel(imdsVal.Files)

numTestingImages = numel(imdsTest.Files)
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Create the Network

Use the deeplabv3pluslLayers function to create a Deeplab v3+ network based on
ResNet-18. Choosing the best network for your application requires empirical analysis
and is another level of hyperparameter tuning. For example, you can experiment with
different base networks such as ResNet-50 or MobileNet v2, or you can try other
semantic segmentation network architectures such as SegNet, fully convolutional
networks (FCN), or U-Net.

% Specity the network image size. This is typically the same as the traing image sizes.
imageSize = [720 960 3];

% Specify the number of classes.
numClasses = numel(classes);

% Create Deeplab v3+.
lgraph = deeplabv3pluslLayers(imageSize, numClasses, "resnetl8");
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Balance Classes Using Class Weighting

As shown earlier, the classes in CamVid are not balanced. To improve training, you can
use class weighting to balance the classes. Use the pixel label counts computed earlier
with countEachLabel and calculate the median frequency class weights.

imageFreq = tbl.PixelCount ./ tbl.ImagePixelCount;

classWeights = median(imageFreq) ./ imageFreq

classheights =

.3182
. 2082
8924
1744
. 7163
4175
5371
. 8386
. Bagd
.6@59

=

O = = fm oL
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Specify the class weights using a pixelClassificationLayer.

pxLayer =
pixelClassificationLayer('Name', 'labels’', 'Classes',tbl.Name, 'ClassWeights',classWeights);
lgraph = replacelayer(lgraph,"”classification”,pxLayer);



" ANALYSIS RESULT
. _.._ Name Type Activations Leamable Prope...
. 1 |data Image Input 728(5) = 968(S) = 3(C) = 1(B) 2
?mn"" T20x060%3 images with ‘zscore’ normak. .
bn_zonvi 2 comyl Convolution 3eB(S) = 486(S) = B4(C) = 1(B) Weig.. 7 =7 =3 .
G4 7xT7x3 convolutions with stride [2 2]a .. Eias 1 x1 x g4
. comtrels 2 |bn_conv Baich Mormalization |368(5) = 488(S) = 64(C) = 1(B) Offset 1 =1 = 64
f Batch normalization with 84 channels Scale 1 =1 = g4
& pooit
; N 4 |convi_relu RelU 368(S) x 488(S) = B4(C) = 1(B) 2
!’?Es?s_bra...' Rell
T 5 |pool Max Pooling 188(S) = 248(5) = 64(C) = 1(B) =
® bn2a_bra... 3¥32 max pooling with stride [2 2] and pa...
T
il o s 5 |res?a_branch2a Convolution 188(5) = 248(5) x 64(C) = 1(B) Weig. 3 x 3 x Bd
+ i 04 3x3=64 convolutions with stride [1 1] ... Eias 1 =1 = g4
® res2a_bra 7 bn2a_branch2a Batch Normalization |188(5) = 248(5) = 64(C) = 1(B) Offset 1 =1 x 64
T Batch normalization with 84 channels Scale 1 =1 = &4
@ bn2a_bra... |
e v 3 res2a_branch2a_relu RelLU 188(5) = 248(S) = B4(C) = 1(B8) -
L RelU
res2a
f g res2a_branch2b Convolution 188(5) = 248(S) = B4(C) = 1(B) Weig. 3 = 3 = g4.
resZa_relu G4 3x3=64 convolutions with stride [1 1] .. Bias 1 x 1 = g4
. -
o et ) 10 |bn2a_branch2b Batch Normalization |188(5) = 248(5) = 64(C) = 1(B) Offset 1 =1 = 64
& Lt Batch normalization with 64 channels Scale 1 =1 = &4
# bnb_brs... 11 |res2a Addition 188(5) = 248(5) = B4(C) = 1(B) N
Y Element-wise addition of 2 inpuis
® res2b_bra.)
! 12 |res2a_relu RelU 188(S) x 248(S) = B4(C) = 1(B) 2
RelU
® res2b_bra ..
1 12 |res2b_branch2a Convolution 188(S) = 248(5) = 64(C) = 1(B) Meig. 3 x 3 x B4.
.bnEb bra G4 3=3=84 convolutions with stride {1 1] ... Bias 1 =1 = 64
i 14 |bn2b_branch2a Batch Normalization |18@(5) = 248(S) = #4(C) = 1(B) Offset 1 x 1 x b4
F e Batch normalization with G4 channels Scale 1 =1 = 84
ses2b_| relu 15 |res2b_branch2a_relu RelLlU 188(5) = 248(S) = B4(C) = 1(B) -
o SIS RelLU
wiesda b s3z_b e dec 2 z :
s e B 9 dec. c 5 |res2b_branch2b Convolution 188(5) = 248(s) = B4(C) = 1(8) Weig. 3 = 3 = g4.
G4 3=3=64 convolutions with stride 1 1] . Eias 1 x 1 =x'g4
. bnaa_bra.... bnda_bra... ® dec_bnZ
1 17 | bn2b_branch2b Batch Normalization |188(5) = 24B8(5) = 64(C) = 1(B) Offset 1 =1 = 4
@ res3a_bra... _#. dec_relu2 Batch normalization with 84 channels Scale 1 =1 &4
i . Y e
= |res2p Addition 188(S) x 248(S) = B4(C) = 1(B) 2
: resda_bra..y Element-wise addition of 2 inputs
& bnda_bra...| 12 |res2b_ralu ReLU 188(S) = 248(5) = B4(C) = 1(B) =
. Rell
W resda 20 |res3a_branch2a Convolution 98(5) = 128(S) = 128(C) = 1(B) Meip. 3 = 3 = 64 ..
| 128 3=3=04 ponvolutions with stride [22... Eias 1= 1 = 128
% . res3a_relu
F AN 21 |bn3a_branch2a Eatch Mormalization |98(5) = 128(5) = 128(C) = 1(B) Offset 1 =1 = 128
-‘resﬂb_bra..:" Batch normalization with 128 channels Scale 1 =1 x 128
T 22 |res3a_branch2a_relu RelLlU 98(s5) = 128(5) = 12B(C) = 1(8) -
@ bn3b_bra... RelU
T
& res3b bra.y 2z |resda_branch2b Convolution 9@(s) = 128(5) = 12B(C) = 1(B) Wei. 3 = 3 = 128.
T B 128 3=3=128 convolutions with stride [1 . Eias 1 %71 = 128
Presth e 24+ |bn3a_pranch2b Batch Mormalization |98(5) = 128(5) = 128(C) = 1(B) Offset 1 x 1 = 128
¥ i Batch normalization with 128 channels Scale 1 =1 = 128
- AL b
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—> fifresda rely] !

* ~ Name Type Activations Learmnable Prope...
®'resdb_bra.. =
¥ | o7 |res3a Addition 98(5) = 128(5) = 128(C) = 1(B) -
® bnab bra.. Element-wise addition of 2 inputs
A 2z |res3a_reiu RelLU 98(5) = 128(S) = 128(C) = 1(B) =
® resdb_bra.y RelU
1 ) 28 |res3b_branch2a Convolution 098(5) = 128(s) = 128(C) = 1(B) Wei. 3 x 3 x 128.
® res3b_bra... 128 2232128 convolutions with stride [1 ... Bias 1 = 1 = 128
Y
@ bn3b_bra...) =0 |bn3b_branch2a Batch Normalization |98(5) = 128(5) = 128(C) = 1(B) Offset 1 = 1 x 128

' .-/ Batch normalization with 128 channels Scale 1 =1 = 128

‘wresdb

o 31 |res3b_branch2a_relu RelU 98(5) * 128(5) = 128(C) = 1(B) 2
RelU

@ res3b_relu :

» w, zz |res3b_branch2b Convolution oa8(5) = 128(s) = 128(C) = 1(B) Wei.. 3 x 3 > 128.
#resda_bra.® resda_bra... 128 2x3=x128 convolutions with stride [1 ... Bias 1 = 1 =128
| ) 2 |bn3b_branch2b Batch Normalization |9@(s) * 120(s) * 128(C) x 1(8) DFfset 1 x 1 x 128
ibn4a_bra....| bnda_bra... Batch normalization with 128 channels Scale 1 =1 = 128
b
® resda_bra..| 34 |res3b Addition 98(S) = 128(5) = 128(C) = 1(B) H
L | Element-wise addition of 2 inputs
ey 5 |res3b_relu RelU 99(s) = 120(5) * 128(C) = 1(B) -

T RelU
@ bnda_bra... |
W, 2= |resda_branch2a Convolution 45(5) = 6@(5) = 256(C) = 1{B) Wei.. 3 = 3 = 128.
.’F;_qd.a 258 3=3x128 convelutions with stride [2 .. Bias 1 =1 = 256
'.' , 27 |bnda_branch2a Batch Mormalization |45(S) = &@(5) = 256(C) = 1{B) Offset 1 = 1 = 256
M resda_reiu Batch normalization with 256 channeis Scale 1 =1 = 258

F 4 b Y
®'resdb_bra..) 2z |resda_branch2a_relu RelU 45(5) = GB(5) = 256(C) = 1(B) -
¥ RelU
A bndh. b=, s |resda_branch2b Convolution 45(5) = €8(5) = 256(C) = 1(B) Mei. 3 =3 % 256.
Y 258 3x=3x256 convolutions with stride [1 .. Eias 1 = 1 = 256
@ resdb_bra_y
¥ | 40 | bnda_branch2b Batch Mormalization |45(5) = &8(5) = 256({C) = 1{B) Offset 1 = 1 = 256
@ resdn bra. Batch normakzation with 256 channeis Scale 1 = 1 = 256
1 41 |resda_branchi Convolution A5(5) = 6B8(5) = 256(C) = 1(B) Wei. 1 = 1 = 128.
@ bndb_bra... | 256 1x1x128 convolutions with stride [2 . Bias 1 = 1 = 256

L .

®resdb 42 |bnda_branchi Batch Normalization |45(5) = &8(5) = 256(L) = 1{B) Offset 1 = 1 = 256
T.' ‘ Batch normalization with 266 channets Scale 1 = 1 = 256
Aresi el s3 |resda Addition 45(S) = 68(S) = 256(C) = 1({B) 2
4 * ™ Element-wise addition of 2 inpuis
@ resfa_bra.. @ resfa_bra .
¥ ¥ 44 |resda_relu RelLU 45(5) = 6B(S) = 256(C) = 1(B) +
@ bnSa_bra...# bna_bra... el
[ 45 |resd4b_branch2a Convolution 45(S) = 6B(5) = 256(C) = 1{B) Wei.. 3 = 3 x 256.
#resSa_bra... 258 3x3x250 convolutions with stride [1 .. Eias 1= 1 = 256
¥
N h 45 |bndb_branch2a Batch Normalization  |45(S) = 68(S) x 256(C) = 1(B) Offset 1 x 1 x 256
¥ 1 Batch normalization with 256 channeis Scale 1 = 1 = 256
&.bnSa_bra...} s7  |resdb_branch2a_relu RelU 45(S) = 68(S) = 256(C) = 1(B) -
e W Rell
®ressa =
¥ 4z |resdb_branch2b Convolution 45(5) = 6B(5) = 256(C) = 1{B) Wei.. 3 = 3 x 256.
H ir_esﬁa_relu 258 3x3x250 convelutions with stride [1 .. Bias 1 = 1 = 256
3 » ™ \ 42 |bndb_branch2b Batch Mormalization |45(S) = &@(5) = 256{C) = 1{B) Offset 1 = 1 = 256
®resfb_bra..| Batch normakzation wath 256 channeis Scale 1 =1 = 256
A |
& BABE B 50 |resdb Addition 45(S) = e8(5) = 256(C) = 1{B) -
il & | x Element-wise addition of 2 inputs
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rd oy
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|
® bnSb_bra...
A |
® resSb_bra.y
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A |
@ bnSk_bra...|
" o~
®res5h
T
_@.res5b_relu
S SR
.'a"s'bp_Con..I'aspp_Con..i. aspp_Con-® aspp_Con...
T ¥ Y
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.-a_s_pp_ReI...i\aspp_ReI..::. aspp_Rel..# aspp_Rel...
T . K.
i¢{catasoo)]
Y
® dec_ci
1
@ dec_bn1
T
® dec_relui
T
@ dec_upsa...
."" i =
-Qaéa'_n'mm
e ¥ =
“w-deg_cat!
B dec c3
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§ dec relul
p dec_cd
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 dec_relud
B SCOrET
8 dec_upsa...
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I softmax-out
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ANALYSIS RESULT

Activations

Name

Type

Leamable Prope...

aspp_Conv_4

258 322 convolutions with stide [1 1], di...

Convolution

45(5) = 68(5) x

256(C) = 1(B}

Wei. 3 = 3 = 512.
Bias 1 = 1 = 256

aspp_BatchNorm_4

Eatch Mormalization

45(3)

6@(S) =

256{C) = 1(B)

Offset 1 = 1 = 256

Batch nomakzation Scale 1 = 1 = 256
72 |aspp_Relu_4 RelU 45(5) = 6B(5) = 256(C) = 1(B) -
RelLU
20 | catAspp Depth concatenation |45(5) = 6B(S) = 1824(C) = 1(B) -
Depth concatenation of 4 inputs
21 |dec_ci Convolution 45(5) = 6B(5) = 256(C) = 1(B) MWei. 1 = 1 = 1@2..
258 1=1 convolutions with stride [1 1] an... Bias 1 = 1 = 25§
z2  |dec_bni Batch Mormalization |45(5) = 68(5) = 256(C) = 1(B) Offset 1 = 1 = 256
Batch nommalization Scale 1 =1 = 256
23 |dec_relul RelU 45(5) = 6B(5) = 256(C) = 1(B) -
RelLU
2¢ | dec_upzamplei Transposed Convol... [188(5) = 24B(5) = 256{C) = 1(B) Mei. 8 = 8 = 256.
258 Bx8=256 transposed convolutions . Bias 1 = 1 x 256
25 |dec_c? Convolution 188(5) = 248(S) = 48(C) = 1(B) Weig.. 1 = 1 = 64.
48 121 convolutions with stride [1 1] and. Bias 1 =1 = 48
25 |dec_bn2 Batch Normalization |188(5) = 248(S) = 48(C) = 1{B) Offset 1 = 1 = 48
Batch nommakzation Scale 1 =1 = 48
z7 | dec_relu2 RelU 188(5) = 248(S) = 48(C) = 1(B) -
RelLU
zz | dec_crop1 Crop 2D 188(5) = 248(S) = 256(C) = 1(B) -
center crog
2z |dec_catl Depth concatenation |188(5) = 248(S) = 384({C) = 1(B) -
Depth concatenation of 2 inputs
o |dec_c3 Convolution 188(5) = 248(S) = 256(C) = 1(B) Wei. 3 = 3 « 3@4.
258 3x3 convolutions with stride [1 1] an Bias 1 = 1 = 256
21 |dec_bn3 Batch Mormalization |18@(5) = 248(S) = 256(C) = 1(B) Offset 1 = 1 = 256
Batch normakzation Scale 1 = 1 x 25§
a2 |dec_relu3 RelU 188(5) = 248(S) = 256(C) = 1(B) -
RelLU
23 |dec_c4 Convolution 188(5) = 248(S) = 256(C) = 1(B) Wei. 3 = 3 = 256.
258 3=3 convolutions with stride [1 1] an Bias 1 = 1 = 25§
24 |dec_bnd Batch Mormalization | 188(5) = 248(S) = 256(C} = 1(B) Offset 1 =1 = 256
Batch normakzation Scale 1 = 1 .x 256
25 | dec_relud RelLlU 188(5) = 248(s) = 256{C) = 1(B) -
RelU
25 |scorer Convolution 188(5) = 248(s) = 11(C) = 1(B) Meig. 1 = 1 = 256.
11 121 convolutions with stride [1 1] and. Bias 11 %33
o7 |dec_upsample2 Transposed Convol... [728(5) = 968(5) = 11(C) = 1({B) Weig. 8 = 8 = 11..
11 8=8=11 transposed convolutions with.. Bias 1 =1 =11
a5 |dec_crop2 Crop 2D 728(5) = 968(5) = 11(C) = 1(B) -
center crop
o0 |softmax-out Softmax 728(5) = 96@8(5) = 11(C) = 1({B) -
softmax
120 | labels Pixel Classification ... |728(5) = 96@(S) = 11(C) = 1{B) -

Class weighted cross-entropy loss with '
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Select Training Options
% Define validation data.
dsVal = combine(imdsVal,pxdsVal);

% Define training options.

options = trainingOptions('sgdm',
"LearnRateSchedule’, "piecewise’, ...
'LearnRateDropPeriod’,10,...
'LearnRateDropFactor',0.3,...
"Momentum',0.9,
'"InitiallLearnRate’,le-3,
"L2Regularization’,0.005,
'ValidationData',dsVal,...
"MaxEpochs', 30,
'MiniBatchSize',8,
'Shuffle', 'every-epoch’,
'CheckpointPath', tempdir,
"VerboseFrequency',2, ...
"Plots', "training-progress’,...
'ValidationPatience', 4);
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Data Augmentation

Data augmentation is used to improve network accuracy by randomly transforming the original data during
training. By using data augmentation, you can add more variety to the training data without increasing the
number of labeled training samples. To apply the same random transformation to both image and pixel
label data use datastore combine and transform. First, combine imdsTrain and pxdsTrain.

dsTrain = combine(imdsTrain, pxdsTrain);

Next, use datastore transform to apply the desired data augmentation defined in the supporting function
augmentimageAndLabel. Here, random left/right reflection and random X/Y translation of +/- 10 pixels is
used for data augmentation.

xTrans = [-10 10];

yTrans = [-10 10];

dsTrain = transform(dsTrain, @(data)augmentImageAndLabel(data,xTrans,yTrans));

Note that data augmentation is not applied to the test and validation data. Ideally, test and validation data
should be representative of the original data and is left unmodified for unbiased evaluation.
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Start Training
Start training using trainNetwork if the doTraining flag is true. Otherwise, load a pretrained network.
Note: The training was verified on an NVIDIA™ Titan X with 12 GB of GPU memory. If your GPU has less
memory, you may run out of memory during training. If this happens, try setting ‘MiniBatchSize' to 1 in
trainingOptions, or reducing the network input and resizing the training data. Training this network takes
about 70 minutes. Depending on your GPU hardware, it may take longer.
doTraining = false;
if doTraining
[net, info] = trainNetwork(dsTrain,lgraph,options);
else
pretrainedNetwork = fullfile(pretrainedFolder, 'deeplabv3plusResnetl8CamVid.mat');
data = load(pretrainedNetwork);
nhet = data.net;
end
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Test Network on One Image

As a quick sanity check, run the trained network on one test image.
I = readimage(imdsTest,35);

C = semanticseg(I, net);

Display the results.
B = labeloverlay(I,C, 'Colormap',cmap, 'Transparency’',0.4);
imshow(B)

pixellLabelColorbar(cmap, classes);
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Compare the results in C with the expected ground truth stored in pxdsTest. The green and magenta
regions highlight areas where the segmentation results differ from the expected ground truth.
expectedResult = readimage(pxdsTest,35);

actual = uint8(C);

expected = uint8(expectedResult);
imshowpair(actual, expected)
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Visually, the semantic segmentation results overlap well for classes such as road, sky, and building. However,
smaller objects like pedestrians and cars are not as accurate. The amount of overlap per class can be
measured using the intersection-over-union (loU) metric, also known as the Jaccard index. Use the jaccard
function to measure loU.

iou = jaccard(C,expectedResult);

table(classes,iou)

ans =

classes iou
1 "Sky" 0.9342
2 |"Building" 0.8660
3 |"Pole" 0.3752
4 |"Road" 0.9452
5 "Pavement” 0.8542
B |"Tree" 0.9156
7 |"SignSymbaol" 0.6208
B8 "Fence” 0.8108
9 |"Car" 0.7145
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Evaluate Trained Network

To measure accuracy for multiple test images, run semanticseg on the entire test set. A mini-batch size of 4

IS used to reduce memory usage while segmenting images. You can increase or decrease this value based
on the amount of GPU memory you have on your system.

pxdsResults = semanticseg(imdsTest,net,
'"MiniBatchSize',4,
"WritelLocation',tempdir,
"Verbose',false);
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semanticseg returns the results for the test set as a pixelLabelDatastore object. The actual pixel label data
for each test image in imdsTest is written to disk in the location specified by the "WriteLocation' parameter.
Use evaluateSemanticSegmentation to measure semantic segmentation metrics on the test set results.
metrics = evaluateSemanticSegmentation(pxdsResults,pxdsTest, 'Verbose',false);

evaluateSemanticSegmentation returns various metrics for the entire dataset, for individual classes, and for
each test image. To see the dataset level metrics, inspect metrics.DataSetMetrics .
metrics.DataSetMetrics

dans =

GlobalAccuracy MeanAccuracy MeanloU WeightedloU MeanBF Score
1 0.8924 0.8657 0.6635 0.8284 NaN
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The dataset metrics provide a high-level overview of the network performance. To see the impact each
class has on the overall performance, inspect the per-class metrics using metrics.ClassMetrics.
metrics.ClassMetrics

dans =

Accuracy loU MeanBF Score
1 |Sky 0.9427 0.9098 NaN
2 |Building 0.8149 0.7916 0.6396
3 |[Pole 0.7600 0.2463 NaN
4 |Road 0.9395 0.9264 0.86061
9 |Pavement 0.9005 0.7387 NaN
6 |[Tree 0.8817 0.7746 NaN
7 |SignSymbol 0.7649 0.4234 NaN
8 |[Fence 0.8366 05744 NaN
9 [Car 0.9259 0.7944 0.7433




Examples (ss2.m)

BFCL
openkxample(‘deeplearning_shared/TrainAndDeployFullyConvolutionalNetworksExample')

%SegNet
openkxample('vision/Ex66742723Example’)
openkxample('vision/Ex66594235Example’)

%U-Net
openkxample('vision/CreateUNetWithCustomEncoderDecoderDepthExample’)
openkxample('vision/TrainUNetExample’)

%DeeplabV3
openkxample(‘'deeplearning_shared/SemanticSegmentationUsingDeeplLearningkxample’)



