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class SimpleNet(torch.nn.Module):

def _init__(self):
supper().__init_QO
self.nn_inputs = (((((224-5+1)/2)-5+1)/2)A2)*32

self.convl torch.nn.Conv2d(3, 16, 5)

self.pooll = torch.nn.mMaxPool12d(2, 2)
self.conv2 = torch.nn.Conv2d(16, 32, 5)
self.pool2 = torch.nn.MaxPool2d(2, 2)

self.fcl torch.nn.Linear(self.nn_inputs, 512)

self.fc2 = torch.nn.Linear(512, 64)
self.fc3 = torch.nn.Linear(64, 5)

def forward(self, x):
torch.nn.functional.relu(self.convl(x))
self.pooll(x)
torch.nn.functional.relu(self.conv2(x))
self.pool2(x)

x.view(-1, self.nn_inputs)
torch.nn.functional.relu(self.fcl(x))
torch.nn.functional.relu(self.fc2(x))
self.fc3(x)

return Xx
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self.fcl = torch.nn.Linear(self.nn_inputs, 512)

self.fc2 = torch.nn.Linear(512, 64)
self.fc3 = torch.nn.Linear(64, 5)

def forward(self, x):
torch.nn.functional.relu(self.convl(x))
self.pooll(x)
torch.nn.functional.relu(self.conv2(x))
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class SimpleNet(torch.nn.Module):

def __init__(self):
supper().__init_QO
self.nn_inputs = (((((224-5+1)/2)-5+1)/2)A2)*32

self.convl = torch.nn.Conv2d(3, 16, 5 & — o s — N
self. torch.nn.MaxPoo1(2d(2, 2)) BmElTZ2BES T - DNz ERE

self.conv2 torch.nn.Conv2d(16, 32, 5)

self. torch.nn.MaxpPool2d(2, 2)
self.fcl torch.nn.Linear(self.nn_inputs, 512)
self.fc2 torch.nn.Linear(512, 64)

self.fc3 torch.nn.Linear (64, 5)

 def forward(self, x): i E
E X = torch.nn.functional.relu(self.convl(x)) E
I x = self. (x) !
i X = torch.nn.functional.relu(self.conv2(x)) :
' x = self. () i
. X = X.view(-1, self.nn_inputs) :
E X = torch.nn.functional.relu(self.fcl(x)) E
' x = torch.nn.functional.relu(self.fc2(x)) :
i x = self.fc3(x) :
| return x E
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self.
self.
self.
self.
self.
self.
self.

def fo

X X X X X X X X

retu

_init__(self): ¢

mpleNet(torch.nn.Module):

BEHAAHEBDHNE=EE

erQ.__init_Q0O

convl = torch.nn.Conv2d(3, 16, 5)
pooll = torch.nn.MaxPool2d(2, 2)
conv2 = torch.nn.Conv2d(16, 32, 5)

pool2 = torch.nn.MaxPool2d(2, 2)

fcl = torch.nn.Linear(self.nn_inputs, 512)
fc2 = torch.nn.Linear(512, 64)

fc3 = torch.nn.Linear(64, 5)
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class Dataset:
def _init_QO:
self.x = images
self.y = Tabels
self.transform = transforms €¢—

def __len_QO:
retrun len(self.x)

def _getitem__(i):

x = self.transform(self.x[1])
y = self.y[1i]
return x, y

class Resize:

def it
sglf.x =
def|_call _CO«
X |= resize(x)

X

class Affine:
def __init_(X):
self.x = x
def __call_(X):
X = affine(x)

X

class Tensor:
def __init_(X):
self.x = x
def __call__(X):
X = tensor(x)

X

transforms = [

Resize(), &

Affine(), <

Tensor(), <
]
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train_dataset =

train_dataloader
train_dataset,

batch_size=16, shuffle=True, num_workers=2)

Dataset(images, labels)

DataLoader(

WEICIH U TIEE =R

class Dataset:
def __init__(images, labels):
self.x = images
self.y = Tabels
self.transform = transforms €¢—

def __len_QO:
retrun len(self.x)

def _getitem__(i):

= self.transform(self.x[i])
= self.y[i]

X
y
return x, y

class Resize:

def it
alf.x =
_call_Co«
X |= resize(x)
X

class Affine:
def __init_(X):
self.x = x
def __call_(X):
X = affine(x)

X

class Tensor:
def __init_(X):
self.x = x
def __call__(X):
X = tensor(x)

X

transforms = [

Resize(), &

Affine(), <

Tensor(), <
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class Resize:
def

X

X
class Affine:
. “ R def _init_(X):
° /J\ \H' L 7z I8 {%7—_97&9\L}_§_9:ET”/‘L'{JC self.x = x
= y— def _call_(xX):
AUIEZ1TS, x = affine(x)
X
train_dataset = Dataset(images, labels) <4— class Dataset: class Tensor:
def __init__(images, labels): def _init_(x):
train_dataloader = DataLoader( self.x = images self.x = x
train_dataset, self.y = Tabels def _call__(x):
batch_size=16, shuffle=True, num_workers=2) self.transform = transforms €¢— X = tensor(x)
X
¢ — def _len_Q):
for inputs, labels in train_dataloder: retrun len(self.x)
optimizer.zero_grad() _ _ transforms = [
outputs = model(inputs) def __getitem__(i): Resize(), —
loss = criterion(outputs, inputs) x = self.transform(self.x[1]) L Affine(), <«

Toss.backward() = self.y[i] Tensor(), <«
optimizer.step() return X, Y ]
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# dataset
train_dataset = Dataset(images, labels)
train_dataloader = DataLoader(train_dataset, batch_size=4)

# model

model = SimpleCNN(Q)

model.train() « EFIZIEE—NICUIDEZ., SAERICEU QRS
# parameters HeRmREFI Do

criterion = torch.nn.CrosseEntropyLoss()
optimizer = torch.optim.SGD(net.parameters(), 1r=0.001)
n_epochs = 50

# training
for epoch in range(n_epochs):
running_loss = 0.0

# mini batch

for inputs, labels in train_dataloader:
optimizer.zero_grad()
outputs = model (inputs)
loss = criterion(outputs, labels)
loss.backward()

optimizer.step()
running_loss += loss.item()

print('Epoch: {}; Loss: {}'.format(epoch, running_loss))
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# dataset
train_dataset =
train_dataloader =

Dataset(images, labels)
DataLoader(train_dataset, batch_size=4)

# model
model = SimpleCNN(Q)
model.train()

# parameters

criterion = torch.nn.CrossgeEntropyLoss()

optimizer = torch.optim.SGD(net.parameters(), 1r=0.001)
n_epochs = 50

# training
for epoch in range(n_epochs):
running_loss = 0.0

# mini batch

for inputs, labels in train_dataloader:
optimizer.zero_grad()
outputs = model (inputs)
loss = criterion(outputs, labels)
loss.backward()
optimizer.step()
running_loss += loss.item()

print('Epoch: {}; Loss: {}'.format(epoch, running_loss))
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# dataset
train_dataset = Dataset(images, labels)
train_dataloader = DataLoader(train_dataset, batch_size=4)

# model
model = SimpleCNN(Q)
model.train()

# parameters

criterion torch.nn.CrosseEntropyLoss()

optimizer = torch.optim.SGD(net.parameters(), 1r=0.001)
n_epochs = 50

# training
for epoch in range(n_epochs):
running_loss = 0.0

# mini batch

for inputs, labels in train_dataloader:
optimizer.zero_grad()
outputs = model (inputs)
loss = criterion(outputs, labels)
loss.backward()
optimizer.step()
running_loss += loss.item()
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print('Epoch: {}; Loss: {}'.format(epoch, running_loss))
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# model

model = SimpleCNN(Q)
model.load_state_dict(torch.load('weight.pth'))
model.eval ()

# preprocess an image
img_fpath = '/path/to/image.jpg’

im = PIL.Image.open(img_fpath)
im = ImageOps.exif_transpose(im)
im = inference_transform(im)

im = im.unsqueeze(0)

# inference
output = model (input)
# [[0.0935, -5.4933, -1.1156, 6.0684, 0.0409]]

output_softmax = torch.softmax(output, dim=1)
# [[0.0025, 0.0000, 0.0001, 0.9950, 0.0023]]

output_sigmoid = torch.softmax(output)
# [[0.5233, 0.0041, 0.2468, 0.9977, 0.5102]]
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VGG (
(features): Sequential(

from torch.nn as nn
from torchvision import models

mode models.vggl6(pretrained=True)
print(model)
classifier[5] @ H1# 4096 =3 FEL %,

l

nn.Linear (4096,

5)

T

HH#ZE 5 ICERE

model.classifier[6]

ERSH

(0):
(1):
(2):
(3):
(4):
(5):e
(6):
(1)
(8):
(9):
(10):
(11):
(12):
(13):
(14):
(15) ¢
(16):
(17):
(18):
(19):
(20):
(21):
(22):
(23):
(24):
(25):
(26):
(27):
(28):
(29):
(30):
)

Conv2d(3, 64, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))

ReLU(inplace=True)

Conv2d(64, 64, kernel size=(3, 3), stride=(1, 1), padding=(1l, 1))

ReLU(inplace=True)

MaxPool2d(kernel_size=2, stride=2, padding=0, dilation=1, ceil mode=False)

Conv2d(64, 128, kernel size=(3, 3), stride=(1, 1), padding=(1l, 1))

ReLU(inplace=True)

Conv2d(128, 128, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))

ReLU(inplace=True)

MaxPool2d(kernel_size=2, stride=2, padding=0, dilation=1, ceil mode=False)
Conv2d(128, 256, kernel size=(3, 3), stride=(1l, 1), padding=(1, 1))
ReLU(inplace=True)

Conv2d (256, 256, kernel size=(3, 3), stride=(1l, 1), padding=(1, 1))
ReLU(inplace=True)

Conv2d (256, 256, kernel size=(3, 3), stride=(1,
ReLU(inplace=True)

MaxPool2d(kernel_ size=2, stride=2, padding=0, dilation=1, ceil mode=False)
Conv2d (256, 512, kernel size=(3, 3), stride=(1l, 1), padding=(1, 1))
ReLU(inplace=True)

Conv2d(512, 512, kernel size=(3, 3), stride=(1,
ReLU(inplace=True)

Conv2d(512, 512, kernel size=(3, 3), stride=(1l, 1), padding=(1, 1))
ReLU(inplace=True)

MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil mode=False)
Conv2d(512, 512, kernel size=(3, 3), stride=(1l, 1), padding=(1, 1))
ReLU(inplace=True)

Conv2d(512, 512, kernel size=(3, 3), stride=(1l, 1), padding=(1, 1))
ReLU(inplace=True)

Conv2d(512, 512, kernel size=(3, 3), stride=(1l, 1), padding=(1, 1))
ReLU(inplace=True)

MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil mode=False)

1), padding=(1, 1))

1), padding=(1, 1))

(avgpool): AdaptiveAvgPool2d(output size=(7, 7))
(classifier): Sequential(

(0):
(1):
(2):
(3):
(4):
(5):
(6):

Linear(in_features=25088, out_features=4096, bias=True)
ReLU(inplace=True)

Dropout(p=0.5, inplace=False)

Linear(in_features=4096, out_ features=4096, bias=True)
ReLU(inplace=True)

Dropout(p=0.5, inplace=False)

Linear(in=features=4096, out=features=1000, bias=True)
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from torch.nn as nn REENEE( . _ . .
f h . . t d 1 (convl): Conv2d(3, 64, kernel size=(7, 7), stride=(2, 2), padding=(3, 3), bias=False)
rom torchvision 1mpor‘ mode s (bnl): BatchNorm2d(64, eps=le-05, momentum=0.1, affine=True, track running stats=True)
(relu): ReLU(inplace=True)
model = models. r‘esnet18(pr‘etr‘a1'ned=Tr‘ue) (maxpool): MaxPool2d(kernel size=3, stride=2, padding=1, dilation=1, ceil mode=False)
(layerl): Sequential(
(0): BasicBlock(

pr"int:(mcxie1:) (convl): Conv2d(64, 64, kernel size=(3, 3), stride=(1l, 1), padding=(l, 1), bias=False)
avgpoold)&tﬁ%&!S]Z HS(FTEN S, (bnl): BatchNorm2d(64, eps=le-05, momentum=0.1, affine=True, track running stats=True)

(relu): ReLU(inplace=True)
l (conv2): Conv2d(64, 64, kernel size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)
(bn2): BatchNorm2d(64, eps=le-05, momentum=0.1, affine=True, track running stats=True)

model.fc = nn.Linear(512, 5) ) _
(1): BasicBlock(

(convl): Conv2d(64, 64, kernel size=(3, 3), stride=(1l, 1), padding=(1, 1), bias=False)
T (bnl): BatchNorm2d(64, eps=le-05, momentum=0.1, affine=True, track running stats=True)

(relu): ReLU(inplace=True)
HAO%%ZE 5 ICRET %, (conv2): Conv2d(64, 64, kernel size=(3, 3), stride=(1, 1), padding=(1l, 1), bias=False)
(bn2): BatchNorm2d(64, eps=le-05, momentum=0.1, affine=True, track running stats=True)
)
)
(layer2): Sequential(
(0): BasicBlock(
(convl): Conv2d(64, 128, kernel size=(3, 3), stride=(2, 2), padding=(1l, 1), bias=False)

(1): BasicBlock(
(convl): Conv2d(512, 512, kernel size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)
(bnl): BatchNorm2d(512, eps=le-05, momentum=0.1, affine=True, track running stats=True)
(relu): ReLU(inplace=True)
(conv2): Conv2d(512, 512, kernel size=(3, 3), stride=(1, 1), padding=(1l, 1), bias=False)
(bn2): BatchNorm2d(512, eps=le-05, momentum=0.1, affine=True, track running stats=True)
)
)
(avgpool): AdaptiveAvgPool2d(output size=(1, 1))
(fc): Linear(in_ features=512, out features=1000, bias=True)
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from torch.nn as nn
from torchvision import models

model = models.vggl6é(pretrained=True)
model.classifier[6] = nn.Linear(4096, 5)

for param in model.features.parameters():
param.requires_grad = False

VGG (

(0):
(1):
(2):
(3):
(4):
(B) &
(6):
(7)) &
(8):
(9):
(CIODES
(L) &
(12):
(L) &
(14):
(L) &
(L) &
(L7 ) E
(18):
(19):
(20):
(21):
(22)5
(228)) &
(24):
(Z5) &
(26):
(27 &
(28):
(29):
(30):
)

(Eeatures): Sequential (

Conv2d(3, 64, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))

ReLU(inplace=True)

Conv2d(64, 64, kernel size=(3, 3), stride=(1, 1), padding=(1l, 1))

ReLU(inplace=True)

MaxPool2d(kernel_size=2, stride=2, padding=0, dilation=1, ceil mode=False)

Conv2d(64, 128, kernel size=(3, 3), stride=(1, 1), padding=(1l, 1))

ReLU(inplace=True)

Conv2d(128, 128, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))

ReLU(inplace=True)

MaxPool2d(kernel_ size=2, stride=2, padding=0, dilation=1, ceil mode=False)
Conv2d(128, 256, kernel size=(3, 3), stride=(1l, 1), padding=(1, 1))
ReLU(inplace=True)

Conv2d (256, 256, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
ReLU(inplace=True)

Conv2d (256, 256, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
ReLU(inplace=True)

MaxPool2d(kernel_ size=2, stride=2, padding=0, dilation=1, ceil mode=False)
Conv2d (256, 512, kernel size=(3, 3), stride=(1l, 1), padding=(1, 1))
ReLU(inplace=True)

Conv2d(512, 512, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
ReLU(inplace=True)

Conv2d(512, 512, kernel _size=(3, 3), stride=(1, 1), padding=(1, 1))
ReLU(inplace=True)

MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil mode=False)
Conv2d(512, 512, kernel size=(3, 3), stride=(1l, 1), padding=(1, 1))
ReLU(inplace=True)

Conv2d(512, 512, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
ReLU(inplace=True)

Conv2d(512, 512, kernel size=(3, 3), stride=(1l, 1), padding=(1, 1))
ReLU(inplace=True)

MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil mode=False)

(avgpool): AdaptiveAvgPool2d(output_size=(7, 7))
(classifier): Sequential(

(0):
(1):
(2):
(3):
(4):
(5):
(6):

Linear(in_features=25088, out_features=4096, bias=True)
ReLU(inplace=True)

Dropout(p=0.5, inplace=False)

Linear(in_features=4096, out_ features=4096, bias=True)
ReLU(inplace=True)

Dropout(p=0.5, inplace=False)

Linear(in_features=4096, out features=1000, bias=True)
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from torch.nn as nn
from torchvision import models

model = models.vggl6é(pretrained=True)

model.classifier[6] = nn.Linear(4096, 5)

for param in model.features.parameters():
param.requires_grad False

for param in model.avgpool.parameters():
param.requires_grad False

VGG (

mequentlal(
(0): Conv2d(3, 64, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
(1): ReLU(inplace=True)
(2): Conv2d(64, 64, kernel size=(3, 3), stride=(1, 1), padding=(1l, 1))
(3): ReLU(inplace=True)
(4): MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil_mode=False)
(5): Conv2d(64, 128, kernel size=(3, 3), stride=(1l, 1), padding=(1l, 1))
(6): ReLU(inplace=True)
(7): Conv2d(128, 128, kernel size=(3, 3), stride=(1, 1), padding=(1l, 1))
(8): ReLU(inplace=True)
(9): MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil mode=False)
(10): Conv2d(128, 256, kernel size=(3, 3), stride=(1l, 1), padding=(1, 1))
(11): ReLU(inplace=True)
(12): Conv2d(256, 256, kernel size=(3, 3), stride=(1l, 1), padding=(1, 1))
(13): ReLU(inplace=True)
(14): Conv2d(256, 256, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
(15): ReLU(inplace=True)
(16): MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil mode=False)
(17): Conv2d(256, 512, kernel size=(3, 3), stride=(1l, 1), padding=(1, 1))
(18): ReLU(inplace=True)
(19): Conv2d(512, 512, kernel _size=(3, 3), stride=(1, 1), padding=(1, 1))
(20): ReLU(inplace=True)
(21): Conv2d(512, 512, kernel size=(3, 3), stride=(1l, 1), padding=(1, 1))
(22): ReLU(inplace=True)
(23): MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil mode=False)
(24): Conv2d(512, 512, kernel size=(3, 3), stride=(1l, 1), padding=(1, 1))
(25): ReLU(inplace=True)
(26): Conv2d(512, 512, kernel size=(3, 3), stride=(1l, 1), padding=(1, 1))
(27): ReLU(inplace=True)
(28): Conv2d(512, 512, kernel size=(3, 3), stride=(1l, 1), padding=(1, 1))
(29): ReLU(inplace=True)
(30): MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil mode=False)
)
(avgpool): AdaptiveAvgPool2d(output size=(7, 7))
(classifier): Sequential(
(0): Linear(in_features=25088, out_features=4096, bias=True)
(1): ReLU(inplace=True)
(2): Dropout(p=0.5, inplace=False)
(3): Linear(in_features=4096, out_features=4096, bias=True)
(4): ReLU(inplace=True)
(5): Dropout(p=0.5, inplace=False)

(6):

Linear(in_features=4096, out features=1000, bias=True)
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=T W \ﬂ:. (features): gequentlal(
-1 ) JD (0): Conv2d(3, 64, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
— (1): ReLU(inplace=True)

(2): Conv2d(64, 64, kernel size=(3, 3), stride=(1, 1), padding=(1l, 1)) —
(3): ReLU(inplace=True)
(4): MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil mode=False)
-Fr'om tOI"Ch.r_ln.aS r_ln (5): Conv2d(64, 128, kernel size=(3, 3), stride=(1l, 1), padding=(1l, 1))
from torchvision import models (6): ReLU(inplace=True)

(7): Conv2d(128, 128, kernel size=(3, 3), stride=(1, 1), padding=(1l, 1))
. (8): ReLU(inplace=True)
mOCIe-I = mOde1S-V9916(pl"etl"a'| ned=T|"U€) (9): MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil mode=False)
model.classifier[6] = nn.Linear(4096, 5) (10): Conv2d(128, 256, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
(11): ReLU(inplace=True)
(12): Conv2d(256, 256, kernel size=(3, 3), stride=(1l, 1), padding=(1l, 1))
(13): ReLU(inplace=True)
. . (14): Conv2d(256, 256, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
for 1, param in \ (15): ReLU(inplace=True)

enumerate(model.features.parameters()): 16): MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil mode=False)

(17): Conv2d(256, 512, kernel size=(3, 3), stride=(1, 1), padding=(1l, 1))
(18): ReLU(inplace=True)

param.requires_grad = False (19): Conv2d(512, 512, kernel size=(3, 3), stride=(1, 1), padding=(1, 1))
(20): ReLU(inplace=True)
1'F 1 > ]_5_ (21): Conv2d(512, 512, kernel size=(3, 3), stride=(1l, 1), padding=(1l, 1))
- (22): ReLU(inplace=True)
break (23): MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil mode=False)

(24): Conv2d(512, 512, kernel size=(3, 3), stride=(1l, 1), padding=(1l, 1))
(25): ReLU(inplace=True)
(26): Conv2d(512, 512, kernel size=(3, 3), stride=(1l, 1), padding=(1l, 1))
(27): ReLU(inplace=True)
(28): Conv2d(512, 512, kernel size=(3, 3), stride=(1l, 1), padding=(1, 1))
(29): ReLU(inplace=True)
(30): MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1, ceil mode=False)
)
(avgpool): AdaptiveAvgPool2d(output_size=(7, 7))
(classifier): Sequential(
(0): Linear(in_features=25088, out_features=4096, bias=True)
(1): ReLU(inplace=True)
(2): Dropout(p=0.5, inplace=False)
(3): Linear(in_features=4096, out_features=4096, bias=True)
(4): ReLU(inplace=True)
(5): Dropout(p=0.5, inplace=False)
(6): Linear(in_features=4096, out_ features=1000, bias=True)
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Y& %8 — torch
PERE7ZILTI) X L
y/S =32 —=)
YRt E — Detectron?2
YRR L — MMDetection
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Two-stage methods

FPN
RCNN Fast RCNN Pyramid Networks
SPPNet Faster RCNN Mask RCNN
2014 2016 2018 2020
-+
SSD RetinaNet
YOLO SquuzeDet ConerNet

One-stage methods



Intersection over Union (loU)

loU =




mean Average Precision (mAP)
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https://jonathan-hui.medium.com/map-mean-average-precision-for-object-detection-45c121a31173



] warped region

aeroplane? no.

person? yes.

tvmonitor? no.

1. Input 2. Extract region 3. Compute 4. Classify
image  proposals (~2k) CNN features regions

- select search 7)Y XLZFFAL. ANBERICHZA TSI 7 SHFEEL TWE S REIFIE
# (Rol) ZRET %,

. REFMEE%E CNN [CAD UM %175,

- CNN A28 Z SVM ICAA U EZITD,

https://arxiv.org/abs/1311.2524



Fast R-CNN

Outputs: bb OX
softmax regressor

& Rol FC E 1EC

Lo pooling

Conv .'::—\_ Rol feature
feature map vector

For each Rol

ANEHRZ CNN ICADUFEY Y 7258 T %,
ANERES EITRE L o Rol Z2FHN v 7ICHET %,
KNy 7LD Rol ZAIBL. MEREENTI VT4 VI IRNy 7 XADEEZ TR %,

https://arxiv.org/abs/1504.08083



Faster R-CNN

| 2k scores | | 4k coordinates | <mm  kanchor boxes classifier

cls layer \ ' reg layer

| 256-d |
intermediate layer

proposals : /ﬁ</
. 7 7 L 7
/)

sliding window

/ Rol pooling

Region Proposal Network

°
°
conv feature map ° <+

feature maps

« AJE&RZ CNN [CADUEENY Y TZ25t879 %,

- B~ v 7% Region Proposal Network [C A L. Rol % EOTTRER /
RET Do 4 )
\ ——rre . 7
- BKEINYvT7TE RPN O SHAENS Rol ZHAALT, A7 e

VIV NDRFEZITDS
https://arxiv.org/abs/1506.01497



Resion Proposal Network

DHARE [B])FfEE
CrossEntropylLoss L1Loss
| 2k scores | | 4k coordinates | <mm  kanchor boxes
cls layer ‘ t reg layer .
| 256-d | ]
224 x 224 X 3 224 X 224 X 64 intermediate layer
VGG -I 6 @ Convolution + RelU '
- % maxpooling =
kit % Fully connected + ReLU \
56 % 56 x 256 () softmax 45x91

7 x7x%x512
14 x 14 x 512 l

64x64
91x45

28 x 28 x 512

1Xx1x4096 1x1x1000
| f it I 7

sliding window.

conv feature map

feature map

1024x768x3 64x48x512 64x48 anchors 64x48 anchors 9 anchor boxes / anchor

parameters
https://arxiv.org/abs/1506.01497 base width: 64, 128, 256

ratio: 1:1, 1:2, 2:1

https://doi.org/10.1145/3038912.3052638



Faster R-CNN

| 2k scores | | 4k coordinates | <mm  kanchor boxes classifier

cls layer \ t reg layer

| 256-d |

/ Rol pooling

intermediate layer

\ - \ proposals

sliding window

<4+—— Region Proposal Network

conv feature map

feature maps

conv layers /

S = e e T e

https://arxiv.org/abs/1506.01497



You Only Look Once (YOLO

X
y
w
h
conf
p(c1)
p(cz)
P, .
. Darknet )
P(Cm
7
7®
n2
T [+, —
3 % 3{ | —=r
448 | P1] v — ASN dETE b | = i
ﬁ P sy o _ : —_—
: “ g e d & { -7 Bounding boxes + confid
o ) A ! { >< >< ounding boxes + confidence
| | 14 5 A 3
3 192 256 512 1024 1024 1024 4096 30
Conv. Layer Conv. Layer Conv. Layers Conv. Layers Conv. Layers Conv. Layers  Conn. Layer Conn. Layer
7x7x64-s2 3x3x192 1x1x128 1x1x256 1x1x512 3x3x1024
Maxpool Layer  Maxpool Layer 3x3x256 3x3x512 3x3x1024 3x3x1024 ‘ AR
2x2-s2 2x2-s-2 1x1x256 1x1x512 3x3x1024 . .
3x3x512 3x3x1024  3x3x102452 SxSgrid oninput
Maxpool Layer  Maxpool Layer
2x2-s2 2x2-s2

Class probability map

https://arxiv.org/abs/1506.02640



conf = argmax{p(object) - loUF ™t}
be{by,by)

3 % 0.286
o 0.714
_\ ; 0.332
XHX 0.584
2 4096 0.845 | <«----
C Lay: Conn. Lay: 0
1 | p(dog)
S X S grld on mput 23 HENZ )L
O, ./o % .
y 6/@0'/ 6/00,/ /0(‘,/
y 1st-5th  6th- 10th 11th - 30th
conf Box #1 Box #2 Class Probabilities
p(C1)
p(cz)
p(cm)/

https://arxiv.org/abs/1506.02640



YOLO - 8RB
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Feature Pyramid Network (FPN)

predict

(a) Featurized image pyramid

-, predict

Va3

predict

(c) Pyramidal feature hierarchy (d) Feature Pyramid Network

—>» 1x1 conv 4% E

- mm mm o o Em Em o o Em e e Em Em e e Em Em o e Em o e o e o = e

https://arxiv.org/abs/1612.03144



small objects

Type Filters Size Qutput
Convolutional 32 3x3 256 x 256
Convolutional 64 3x3/2 128 x 128
Convolutional 32 1 x1

1x| Convolutional 64 3x3

Residual 128 x 128
Convolutional 128 3x3/2 64 x64
Convolutional 64 1 x1

2x| Convolutional 128 3x 3

Residual 64 x 64
Convolutional 256 3x3/2 32x32
Convolutional 128 1 x 1

8x| Convolutional 256 3 x 3

Residual 32 x 32
Convolutional 512 3x3/2 16x 16
Convolutional 256 1 x 1

8x| Convolutional 512 3x3

Residual 16 x 16
Convolutional 1024 3 x3/2 8x8
Convolutional 512 1 x 1

4x| Convolutional 1024 3 x 3

Darknet-53

B R et

1
|
1
Residual Bx8 |-t large objects
Avgpool Global I
Connected 1000 :
Softmax :
1

https://arxiv.org/abs/1804.02767



SSD (Single Shot multibox Detector)

SSD
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(c) 4 x 4 feature map

https://arxiv.org/abs/1512.02325
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SSD — #BRFEX
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https://arxiv.org/abs/1512.02325



RetinaNet

Cross Entropy Loss

CE(p, y) — log(p) ify=1
AL log(l1 —p) otherwise. 4

CE(p) = — log(p1)
FL(pt) = —(1 — pt)" log(p)

(&)

S L R
T T I
o= oo

HEEER o, ROKSICEET

B

{ P ify=1 o

Pt = .
1 —p otherwise,

CE(p,y) = CE(p) = — log(pt) /

BREEZSERTOETERELT
H, BERBEENEL BRI E. ZDEE
BANE 8D, CORFERZRS
- . EEOHBIAX S (CHED .
JleHlc. ERDFEENS SICTED, well-classified
examples

A
f\: )

probability of ground truth clas
Focal Loss

FL(pt) = —au(1 — p)” log(p)-

HLZWEERBEEBZSEEXRTHET
= LT. FORELZFE
ULTHRD AL EOIRL,

https://arxiv.org/abs/1708.02002



RetinaNet

(a) ResNet

(b) feature pyramid net

class+box
subnets

class+box
subnets

class+box
subnets

________________________________

class /

subnet

—3{| WxH 4---> WxH +—>

—>

box

N 7 7

________________________________

(c) class subnet (top) (d) box subnet (bottom)

https://arxiv.org/abs/1708.02002



MZ2Det
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https://arxiv.org/abs/1811.
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Non-maximum Suppression (NMS)

1. FRICEWTEZ < D bbox BHHE N5,
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Non-maximum Suppression (NMS)

1. FRICEWTEHZ K D bbox NEAHE N5,
2. EEEMNEDSTV K ED bbox %9,




Non-maximum Suppression (NMS)

1. FRNTHE W TEHZ < D bbox HEHE 3,

2. EEENEHEWV K @D bbox £,

3. EEENRDLSE) bbox ZEEE LT, 1D bbox
ED loU ZEET %,




Non-maximum Suppression (NMS)

1. FANCEWTHEHZ < D bbox EAHZI N3,

2. EEENEHEWV K @D bbox £,

3. EEENRDLSE) bbox ZEEE LT, 1D bbox
ED loU ZEET %,

4. loU> 05 B5EFD bbox ZRrEL. BEEERL -
bbox ZFAfERE L THAT S,




Non-maximum Suppression (NMS)

1. FANCEWTHEHZ < D bbox EAHZI N3,

2. EEENEHEWV K @D bbox £,

3. EEENRDLSE) bbox ZEEE LT, 1D bbox
ED loU ZEET %,

4. loU> 05 B5EFD bbox ZRrEL. BEEERL -
bbox ZFAfERE L THAT S,

5. %>z bbox [cx¥L T, FlE 3-4 =D&,
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Y& %8 — torch

YRR 77 )L T X
y/Tr=a>y/=l
Y& E — Detectron2
Y&kt — MMDetection
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- XIF Orientation

PIL.Image.open(img_fpath)

im = PIL.Image.open(img_fpath) im

im.show() im = PIL.ImageOps.exif_transpose(im)
im.show()
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PR AP

Y& %8 — torch
YRR 77 )L T X
y/STr—=rary =)l
Mg — Detectron2
Y&kt — MMDetection




IRIGIBE

$ module load cuda/10.2/10.2.89 cudnn/7.6.5

mkdir ws
mkdir ws/tmp = BHERREEREFET DOO—RKT ALY,

A A

go to work directory
cd ws

& 3

conda environment
conda create -n wsenv python=3.7 <« Python 3.6 Bt
conda activate wsenv

A A HF

package installation
conda install -c conda-forge jupyterlab

conda install -c torch pytorch torchvision cudatoolkit=10.2 <€ pytroch (= 1.8)BE&ED/\yT—I% 1Y k—)l,

git clone https://github.com/facebookresearch/detectron2.git «——— Detectron?2 /Sy s —I% AV 2 ~—)L,
python -m pip install -e detectron?2

pip install --upgrade pip
pip install openmim <« MMDetection /Sy 7 — %A > Z k— Lo
mim install mmdet

A A A AA A A A AT

pip install agrolens > BRL/ICY T —,




O PyTOrCh https://pytorch.org/

PyTorch Build Stable (1.10) Preview (Nightly) LTS (1.8.2)

Your OS Linux Mac Windows

Package Conda ' LibTorch Source

Language Python C++/Java

Compute Platform CUDA 10.2 CUDA 11.3 ROCm 4.2 (beta) CPU

Run this Command: conda install pytorch torchvision torchaudio cudatoolkit=10.2 -c pytozrch

gscO1-07: CUDA 10.2
gsc08-10: CUDA 11.4



= DeteCt r0n2 https://github.com/facebookresearch/detectron2

« MMEIRE. AV RAYVRAETAVYT—Y 3y, F—RA Y MEEH
o FIEEE DR
« 1VAM—ILEH

« Linux or macOS with Python > 3.6

« PyTorch > 1.8, torchvision

:git clone https://github.com/facebookresearch/detectron2.git
'CC clang CXX=clang++ ARCHFLAGS="-arch x86_64" python -m pip install -e detectron?2



Mfm Detection

« MMERH., 1V RYVRAETAVYT—2 7Y
« XWILF—FT T FrHEL
« FIfEEEN Detectron2 (TR TR
« 1 YVAM—ILEH
« Linux or macOS with Python > 3.6
« PyTorch> 1.3
- CUDA >9.2

p1p install --upgrade p1p
p1p install openmim

|m1m install mmdet



Agrolens

 Detectron2 & & 0" MMDetection Z & D WP I < Lz Python 204 72Y A YAM=ILAEE
- PERHERLEEYARE 4 torch torchvision |
- Faster R-CNN, YOLO3, SSD, RetinaNet, U2-Net (X35
- CUI & GUI omA THAM A EE

i# detectron? i
5# mmdet |




AgrolLens

RE/INFRIL
[ NON ] %\ AgroLens - Object Detection

Preferences = Model Training = Image Analysis

AgroLens - Object Detection v0.0.1
Backend MMDetection -

Architecture -

Class label
CPU a8 GFU 1,

Load Workspace

7 ILENR/ SRV

X\ AgroLens - Object Detection

HERR/ NI

0@ N\ AgrolLens - Object Detection

GUI 7 7V iEa7h*E

# object detection
agrolens od

# salient object detection
agrolens sod

Preferences Model Training Image Analysis

Training Settings
Model weight
Image folder
Annotation format

Annotations

batch size 2

learning rate 0.001

Job Panel
Job

Image Sorting

Model Training

epochs 10000

cutoff 0.7

Status Datetime
UNCOMPLETE
UNCOMPLETE

Select

Select

(%]
o
q

1

Preferences = Model Training = Image Analysis

Detection Settings

Model weight
Image folder
batch size = cutoff 0.7
Job Panel
Job Status Datetime
Image Sorting UNCOMPLETE
Object Detection UNCOMPLETE
Summarization UNCOMPLETE




AgrolLens API - &t €7 LR

import os
from agrolens.models import FasterRCNN
from agrolens.utils import ImageAnnotation = = mrmmommmmmmosmmosmmsmoooeooooooooooooooooooooooooooooo-

ws = "tmp' < BRRERR EERET BOD—ET ALY,
images = '/data/workshopl/odws/COCO/images’ < EEEERE ST 4 LY,
annotation = '/data/workshopl/odws/COCO/annotations.json’ ——— coco 94—vw D7 /57— 9> T 74,
cl = '/data/workshopl/odws/class_labels.txt' < 1151 SALIEEETFEIRNT 7+ L,
i1eaf E
' tree i
if1ower i

net = FasterRCNN(cl, workspace=ws, backend='detectron2') €——— H#hH752%%AHL T Detectron2 T Faster R-CNN
7_:\:7__7 h%%ﬁ—é—éo

net.train(annotation, 1i1mages, < HRH LT/ F—avaAALT, EFILOIEELT
batchsize=8, epoch=1000, 5,
gpu=1, cpu=8)

net.save('trained_fasterrcnn.pth')



AgrolLens API - ¥{ita s HESE

import os

from agrolens.models import FasterRCNN .CUDA_VISIBLE DEVICES=0 python infer.py
from agrolens.utils import ImageAnnotation = = mrmmmmmmmsmmmoommoommooomeooesoooooooooooooo oo

ws = "tmp'
images = '/data/workshopl/odws/COCO/images’
cl '/data/workshopl/odws/class_labels.txt'

net

FasterRCNN(cl, model_weight="trained_fasterrcnn.pth', <«—— ®hs52#cilEEADEHR%EANLT Detectron?
workspace=ws, backend='detectron2') = Faster R-CNN 7— %54 h 5559 2,

outputs = net.inference(images, batchsize=8, gpu=1l, cpu=8) € EERIFMLILBEGNEINTNETALTZSA

THRZIT Do
for output in outputs:
output.draw( < HREEEERE LTHAL, RSN TV R
"bbox ', KNIV T v IRy I RE/F, TSN TAB
os.path.join(ws, os.path.basename(output.image_path)), LFORATHERT B,

label=True, score=True

)

outputs.format('coco', 'inference_results.json') < HemiERE CO00 74 —< v b TRET 2.
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TR [ R

Global Wheat Head Dataset ZF|JFHU T, NEDOEEREHETILZEHR L THKL D,

$ 1s /data/workshopl/rcait/dataset/gwhd
train train.csv

i$ 1s /data/workshopl/rcait/dataset/gwhd/train | head
1 000be778dbb878bf22db3a3525d9722d7f2a49a3al1fb49321cla43beabd88c06.png
1 001be48ccfab560e650dc0ad4cceebl1636844520c88267e215ec9987688566931.png

1 003c89679439f746a046c4a89aad17ff32d4e0feObe96c17518a8f972f31b30d.png
007b9fa7360dd0e511b7663287b3237299123b03380da0ee90de998b7d5c573f. png

image_name,BoxesString,domain

7b73239dfd89b06c03elbe81cc5074ec47ae048305ec6377b692a7df579723d1,949 967 999 994;368 649 443 685;118 280 185
333;899 564 947 609;604 243 682 297;178 613 220 647;18 598 71 655;96 929 119 957;503 588 558 710;800 221 853
280;344 792 398 844;323 115 355 157;161 924 278 1018;587 303 645 358;48 970 120 1022;657 696 723 742,0
0e37ccfb64ccbd456f07dcfel10133018F324e5bdf63b086b35c2620791142426,691 60 730 119;838 901 897 969;477 444 526
489:;406 837 441 877;661 471 695 514;456 400 504 437;171 175 198 229;988 461 1023 487;520 53 560 99;938 946 990
1015;362 5 412 32;588 512 650 553;941 452 974 473;649 339 693 396;427 374 483 424;756 576 789 626;485 306 532
360;462 807 508 846; 89 901 117 937;268 52 293 75;719 210 764 277;901 569 972 620;799 475 878 535;0 349 32
375;816 379 859 419;276 742 320 776,0

89e0aa4148f0a9ff01le9e55c5a2bcbe294150444dbe43c303e399c02ed6d9142,953 178 1023 24456 196 129 250;612 557 666
616;752 22 807 66;594 872 698 990;355 278 400 330;303 702 347 777;390 263 443 310;827 646 884 703;938 758 101

i$ head /data/workshopl/rcait/dataset/gwhd/train.csv



7 ks
I =

Global Wheat Head Dataset Z#FfJFHU T, NEOEEREETILEZERL THK S,

cp -r /data/workshopl/odws/gwhd_ans gwhd
cd gwhd

In -s /data/workshopl/rcait/dataset/gwhd/train .
In -s /data/workshopl/rcait/dataset/gwhd/train.csv .

python gwhd2coco.py ./train ./train.csv ./train.json

CUDA_VISIBLE_DEVICES=0 python train_fasterrcnn.py
CUDA_VISIBLE_DEVICES=0 python predict_fasterrcnn.py

# run as qsub job

)
' $
 $
' $
1§
)
' $
 $
' $
1§
)
' $
'$ # run script directly
' $
' $
)
' $
 $
i $ bash run_script.sh
1§
)
' $
 $
' $
1§
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| dataset_dicts = [
1

gjllﬁ{}%@{% J i {'ﬁ"le_name': "img/01.jpg’, i

| "image_id': O,

| "height': 1024,

- 'width': 1024, :

! 'annotations': [
{

DatasetCatalog | 'bbox': [x1, y1, x2, y2],
: "bbox_mode': BoxMode.XYXY_ABS
! 'segmentation': None,

MetadatacCatalog | 'category_id': 0,

.pth

DefaultTrainer

.yam]

TAIFER
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faster R-CNN faster R-CNN RetinaNet
(COCO format) (TXT format) (COCO format)
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Y& %8 — torch

YRR 77 )L T X
y/STr—=rary =)l
Y& E — Detectron2
MEiEt — MMDetection




