Supplementary Information
The processed MR images and kidney masks were randomly cropped into four fixed-size regions (patches) (64, 64, 64) per patch per patient. Random spatial cropping considered the foreground (i.e., the kidney section) and background (i.e., the non-kidney section) in the sampling, with a 50% probability for both kidney and non-kidney sections. For a batch of training examples, we used two patient images, and therefore, eight patches of images. The shape of the input tensor provided to the network was (8, 1, 64, 64, 64) for an effective batch size of 8, one-channel input (MRI), and patch size of (64, 64, 64).










Auto-segmentation model
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The 3D ResUNet architecture is illustrated in the above figure. Overall, it consists of four convolution blocks in the encoding and decoding branches and a bottleneck convolution block between the two branches. All the convolution layers used a kernel size of three, except for one convolution layer in the bottleneck, which used a kernel size of one. The numbers of channels in the convolution layers were 16, 32, 64, 128, and 256. Each convolution block in the encoding branch comprised a two-strided convolution layer, a residual connection containing a two-strided convolution layer, and a one-strided convolution layer. In the bottleneck, the residual connection contains two one-stride convolutional layers. In the decoding branch, each block contains a two-stride transpose convolution layer, a one-stride convolution layer, and a residual connection. Batch normalization and parametric rectified linear unit activation functions are used throughout the architecture. An MRI image was used as the one-channel input for the model. The kidney segmentation mask was provided as a two-channel output in one-hot encoding, with the first channel being the probability map of the background, and the second channel being the region of interest.
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Source code:
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import os
os.environ["KMP_DUPLICATE_LIB_OK"]="TRUE"

from monai.utilsimportfirst, set_determinism
from monai.transformsimport (
AsDiscrete,
AsDiscreted,
EnsureChannelFirstd,
Compose,
CropForegroundd,
Loadimaged,
Orientationd,
RandCropByPosNeglabeld,
RandSpatialCropSamplesd,
RandAffined,
Savelmaged,
ScalelntensityRanged,
Spacingd,
EnsureTyped,
EnsureType,
Invertd,

)

from monai.handlers.utils import from_engine

from monai.networks.netsimport UNet

from monai.networks.layersimport Norm

from monai.metrics import DiceMetric, HausdorffDistanceMetric, SurfaceDistanceMetric, ConfusionMatrixMetric
losses import Diceloss

inferers import sliding_window_inference

from monai.data import CacheDataset, DataLoader, Dataset, decollate_batch
from monai.config import print_config

from monai.apps import download_and_extract

import torch

import matplotlib.pyplot as plt

import tempfile

import shutil

import glob

import numpy as np

root_dir ="C:/xx"
data_dir = os.path.join(root_dir, “yyy")

train_images = sorted(

glob.globos.path.join(data_dir, "imagesTr", "*.nii.gz")
train_labels = sorted(

glob.globos.path.join(data_dir, "labelsTr", "*.nii.gz")

image_name, "label": label_name}
forimage_name, label_name in zip(train_images, train_labels)

1

train_files, val._files = data_dicts[:-10], data_dicts[-10:]
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train_transforms = Compose(
[

LoadImaged|keys=["image", "label"]),
EnsureChannelFirstd(keys=["image", "label"]),
Spacingd(....)),
Orientationd(....),
ScalelntensityRanged(......),
CropForegroundd(keys=["image”, "label"], source_ke
RandCropByPosNeglabeld(......),
EnsureTyped(keys="image", "label"]),

“image™),

1
)
val_transforms = Composef
[
LoadImaged|keys=["image", "label"]),
EnsureChannelFirstd(keys=["image", "label"]),
Spacingd(....)),
Orientationd(....),
ScalelntensityRanged|.
CropForegroundd(keys=["image”, "label"], source_key="image"),
EnsureTyped(keys="image", "label"]), ]
)

check_ds = Dataset(data=val_files, transform=val_transforms)
check_loader = DataLoader(check_ds, batch_size=1)

check_data = first(check_loader)

image, label = (check_data["image"][0][0], check_data["label"][0][0])
print(f"image shape: {image.shape}, label shape: {label.shape}")
pltfigure("check”, (12, 6))

plt.subplot(1, 2, 1)

plt.title("image”)

pltimshow(image[:, ; 100], cmap="gray")

plt.subplot(1, 2, 2)

plt.title("label")

pltimshow(label:, ;, 100])

plt.show()

train_ds = CacheDataset(
data=train_files, transform=train_transforms,
cache_rate=0.3, num_workers=2)

train_loader = Dataloader(train_ds, batch_size=2, shuffle=True, num_workers=2)

val_ds = CacheDataset(
data=val_files, transform=val_transforms, cache_rate=0.3, num_workers=2)
val_loader = Dataloader(val_ds, batch_size=1, num_workers=4)

device = torch.device("cuda:0")
model = UNet(
spatial_dim
in_channels=1,
out_channel
channels=(16, 32,64,128, 256),
strides=(2, 2,2, 2),
num_res_units=2,
norr lorm.BATCH,
)-toldevice)
loss_function = DiceLoss(to_onehot_y=True, softmax=True)
optimizer = torch.optim.Adam(model.parameters(), 1e-4)
dice_metric = DiceMetric(include_background=False, reduction="mean")
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max_epochs = o val_interval =x; best_metric =x; best_metric_epoch=x
epoch_loss_values =[]

metric_values =[]

post_pred =Compose([EnsureType(), AsDiscrete(argmax=True, to_onehot=2)])
post_label = Compose([EnsureType(), AsDiscrete{to_onehot=2)])

for epoch in range(max_epochs):
print("-" *10)
print(f"epoch {epoch + 1)/{max_epochs}")
model train()
epoch_loss=0
step=0
for batch_datain train_loader:
step+=1
inputs, labels = (
batch_data["image"].to(device),
batch_data["label"].to(device),
)
optimizer.zero_grad()
outputs =model(inputs)
loss = loss_function(outputs, labels)
loss.backward()
optimizer.step()
epoch_loss += loss.item()
print(
F'{step}/{len(train_ds) // train_loader.batch_size},"
F'train_loss: {loss.item():.4f}")
epoch_loss /=step
epoch_loss_values.append(epoch_loss)
print(f"epoch {epoch + 1} average loss: {epoch_loss:.4f}")

if (epoch + 1) % val_interval
model.eval()
with torch.no_grad():
forval_datain val_loader:
val_inputs, val_labels = (
val_datal"image"].to(device),
val_datal"label"].to(device),
)
roi_size=
sw_batch_size = xc
val_outputs = sliding_window_inference(
val_inputs, roi_size, sw_batch_size, model)
val_outputs = [post_pred(i) for i n decollate_batch(val_outputs)]
val_labels = [post_labeli)for iin decollate_batch(val_labels)]
dice_metricly_pred=val_outputs, y=val_labels)

metric=dice_metric.aggregate).item()
dice_metric.reset()

metric_values.append(metric)
if metric > best_metric:

best_metric = metric

best_metric_epoch =epoch + 1

torch.save(model.state_dict(), os.path.join(

root_dir, "best_metric_model.pth"))

print("saved new best metric model”)
print(

Fcurrent epoch: {epoch + 1 current mean dice: {metric:.4f}"

Fat epoch: {best_metric_epoch}”

)
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print(
Ftrain completed, best_metric: {best_metric.4f}"
fat epoch: {best_metric_epoch})

pltfigure("train”, (12, 6))
plt.subplot(1, 2, 1)

plt.title("Epoch Average Loss")

i+ 1fori in range(len(epoch_loss_values))]
epoch_loss_values

plt.xlabel("epoch”)

plt.plot(x,y)

plt.subplot(1, 2, 2)

plt.title("Val Mean Dice")

x=[val_interval * i + 1) for i in range{len(metric_values))]
y = metric_values

plt.xlabel("epoch”)

plt.plot(x,y)

plt.show()
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