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Abstract—As an important grain crop, maize seed quality is the key factor affecting maize yield. It is of great
significance to improve the rate and efficiency of maize seed screening. In order to solve the problem of phenotypic
identification of abnormal ear in the process of corn seed production and ear selection, a variety of classical
convolutional neural network models were constructed based on deep learning image processing technology. The image
enhancement API of PaddlePaddle was called for data enhancement processing to realize high-throughput intelligent
screening of corn ears. The experimental results show that this method can effectively improve the accuracy of corn
abnormal ear recognition when the data set is relatively small.
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class Dataset(Dataset):

Wi b Wt o

IR —. YkKio.DatasetZs

DR SEOUMIE R s SCEE RO, &)
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super(Dataset, self).__init_ ()
train_image_dir = train_parameters['train_image_ dir']
eval_image_dir= train_parameters['eval_image_dir']
test_image_dir = train_parameters['test_image_dir']
transform_train =  Compose([Resize(size=(224, 224)),
Transpose(), Normalize()])
transform_eval =
Transpose(), Normalize()])
train_data_folder =
transform=transform_train)
eval_data_folder =
transform=transform_eval)
test_data_folder =
transform=transform_eval)
self. mode = mode
if self. mode == "train":
self.data = train_data_folder

Compose([Resize(size=(224, 224)),
DatasetFolder(train_image_dir,
DatasetFolder(eval_image_dir,

DatasetFolder(test_image_dir,
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elif self.mode == "eval":
self.data = eval_data_folder

elif self.mode == 'test":
self.data = test_data_folder

def __getitem__(self, index):

IR = SZP getitem_ Jyik, 5 MR Eindexit
PUEE 7N EAE/ T SUAEEER. A€/ Q1 4 4 &/ Oy VAf]
PR

data = np.array(self.data[index][0]).astype(‘float32’)
label = np.array([self.data[index][1]]).astype('int64")
return data, label

def __len__(self):

return len(self.data)

train_dataset = Dataset(mode="train’)
val_dataset = Dataset(mode="eval’)
test_dataset = Dataset(mode="test")
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VGGNet. ResNet. MobileNet V1. MobileNeV2,
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class AlexNet(paddle.nn.Layer):
def __init__(self, class_dim):
super(AlexNet, self).__init_ ()
self.convl = paddle.nn.Conv2D(3, 96, 11, stride=4,
padding=2)
self.pooll = paddle.nn.MaxPool2D(3, stride=2, padding=0)
self.conv2 = paddle.nn.Conv2D(96, 256, 5, stride=1,
padding=2)
self.pool2 = paddle.nn.MaxPool2D(3, stride=2, padding=0)
self.conv3d = paddle.nn.Conv2D(256, 384, 3, stride=1,

padding=1)

self.convd = paddle.nn.Conv2D(384, 384, 3, stride=1,
padding=1)

self.conv5 = paddle.nn.Conv2D(384, 256, 3, stride=1,
padding=1)

self.pool3 = paddle.nn.MaxPool2D(3, stride=2, padding=0)
self.fcl = paddle.nn.Linear(9216, 4096)
self.fc2 = paddle.nn.Linear(4096, 4096)
self.fc3 = paddle.nn.Linear(4096, class_dim)
self.relu = paddle.nn.ReLU()
self.dropout = paddle.nn.Dropout(p=0.5)
self.softmax = paddle.nn.Softmax()
def forward(self, x):

x = self.convl(x)

x = self.relu(x)

x = self.pool1(x)

x = self.conv2(x)

x = self.relu(x)

x = self.pool2(x)

x = self.conv3(x)

x = self.relu(x)

x = self.conv4(x)

x = self.relu(x)

x = self.conv5(x)

x = self.relu(x)

x = self.pool3(x)

x = paddle.flatten(x, start_axis=1, stop_axis=3)

x = self.fc1(x)

x = self.relu(x)

x = self.fc2(x)

x = self.relu(x)

x = self.fc3(x)

x = self.softmax(x)
return x

model_alexnet =
AlexNet(class_dim=train_parameters[“class_dim"])

# 5E X ResNet %%

model_resnet =
paddle.vision.models.resnet50(pretrained=True,

num_classes=train_parameters[*class_dim"])

# E X VGG M %

model_vgg = paddle.vision.models.vggl6(pretrained=True,

batch_norm=False,
num_classes=train_parameters[“class_dim"])

# 5 3L MobileNet v1 %%

model_mobilenet_v1 =
paddle.vision.models.mobilenet_v1(pretrained=True,

num_classes=train_parameters[“class_dim"])

# 5 X MobileNet v2 %%

model_mobilenet_v2=
paddle.vision.models.mobilenet_v2(pretrained=True,

num_classes=train_parameters[*class_dim"])

# YA R 45

model = paddle.Model(model_mobilenet_v1)

test_dataset = Dataset(mode="test")
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model fit(train_dataset,
epochs=5,
batch_size=64,
verbose=1)
model.evaluate(test_dataset, verbose=1)

5. 2 M&BFRZ

i i paddle.io.Dataloader ¥4 2 Il Z5 4 %5 95 Jin #%
iy MR AR A

train_loader = paddle.io.DataLoader(train_dataset,
batch_size=64, shuffle=True)
test_loader = paddle.io.Datal oader(test_dataset,

batch_size=64, shuffle=True)
model fit(train_loader,
eval_data = test_loader,
epochs=5,
verbose=1,

model.evaluate(test_dataset, verbose=1)
5. 3 YHKAR=

FERIGL, 25 T ZRBE AL (Pre_trained model) ,
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