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Preamble
As you saw in the Week 7 lecture, object detection and localization is rather easy
if you can get away with the assumption that there is a single instance of an
object in the image.
In general, the simpler the relationship between the input to a neural network and
its expected output, the easier it is to program the neural network.
The problem of image classification represents the easiest end of the spectrum of
difficulty levels of programming neural networks. Here the input/output
relationship is as simple as it can be – the input is the entire image and the
output its corresponding label.
The problem of object detection and localization under the assumption that the
image contains a single object instance would be at the next level of difficulty.
Now the input/output relationship is more complex since, in addition to the class
label, it must also include the four numerical parameters for the bounding box
that localizes the object. In this case, as you saw in Week 7, the neural network is
a bit more complicated since it must carry out both classification and regression
on the input image.
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Preamble (contd.)
For an even more challenging problem, consider the case when the images are
allowed to contain multiple object instances and your job is both to identify the
instances and to localize them individually. The input/output relationship in this
case is substantially more complex and, unless you have previously seen someone
else’s solution for the problem, it would not be immediately obvious as to how
one would go about solving the problem with a neural network.
Of the various deep-learning based solutions that have been proposed for solving
the problem of multi-instance detection and localization, the following three are
the most prominent:
R-CNN In this approach an RPN (Region Proposal Network) is used to
first propose different possible bounding boxes for the objects of
interest in an image. Subsequently, a classifier network is applied
to the pixels in each of the proposed bounding boxes. Finally,
there is a post-processing step to refine the bounding boxes
associated with the classifications that carry the highest confidence
values and for eliminating duplicate detections through overlapping
Purdue University
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bounding boxes.

Preamble (contd.)
As for the name of this approach, the letter ’R’ in R-CNN stands
for “Regions” for the output of the Region Proposal Network.
R-CNN is described in the following publication:
https://arxiv.org/pdf/1311.2524.pdf

YOLO What makes R-CNN relatively complex is that it consists of
multiple neural networks (RPN and the classifier) that must be
trained and fine-tuned separately. And then there is also the issue
of the post-processing of the results as mentioned above. The
YOLO approach, on the other hand, consists of using a single
neural network. The image is divided into a grid of cells and the
job of predicting the bounding-box and the class-label for an object
in the image is the responsibility of the grid cell that has the center
of the object in it. Here is the link to the original YOLO paper:
https://arxiv.org/pdf/1506.02640.pdf
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Preamble (contd.)
The publication mentioned at the bottom of the previous slide was
followed by YOLOv2 and YOLOv3 versions of the original
framework:
https://arxiv.org/pdf/1612.08242.pdf
https://arxiv.org/pdf/1804.02767.pdf

The acronym YOLO stands for “You Only Look Once” that’s
meant to contrast this approach with that of R-CNN that requires
more than one neural-network to process an input image.
SSD The name stands for “Single Shot Detector” — the name is meant
to convey the fact that, as in YOLO, this approach also processes
an input image only once. SSD is based on defining a set of
default bounding boxes in the feature maps produced by the
convolutional layers. The output of each convolutional layer
provides predictions for the offsets associated with the true
bounding boxes from the default bounding boxes and for the class
labels to be associated with the offset bounding boxes.
Purdue University
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Preamble (contd.)
Each feature layer directly informs the output about its estimated
probabilities related to the bounding-box offsets and class labels.
Here is the link to the original paper on SSD:
https://arxiv.org/pdf/1512.02325.pdf

In this lecture, I’ll focus on the architectural details of the YOLO framework. The
computational steps that implement these details are programmed into version
2.0.8 of my Python module RegionProposalGenerator (RPG):
https://engineering.purdue.edu/kak/distRPG/RegionProposalGenerator-2.0.8.html

My YOLO presentation will explain how the multi-object detection in images is
facilitated by first overlaying a grid of cells on the input image and then defining
a certain number, five to be exact in our case, of anchor boxes for each cell of the
grid. Each anchor-box is characterized by its aspect ratio (height to width ratio).
Subsequently, during training the YOLO network, you assign each object in the
input image to that cell for which the center of the object is closest to the center
of the cell. Going further, within each cell, you assign the object to that anchor
box whose aspect ratio is closest to that of the object.
Purdue University
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Preamble (contd.)
Going beyond YOLO, it is important to note that not all domains lend themselves
to the kinds of solutions you see in YOLO and SSD. (To name one such domain,
I am interested in detecting objects in satellite images.) In such domains, you are
more likely to use traditional graph based techniques for creating region proposals
for the initial figure-ground separation — the idea being to retain the pixel blobs
that are likely to contain the objects of interest with a high probability and delete
the rest of the image data from further consideration.
The second part of this lecture therefore focuses on the graph-based approaches
that have proved successful in the past for figure-ground separation. In general, a
graph-based algorithm allows you to aggregate the pixels that are similar to one
another in some loose sense and that, taken together, are dissimilar from the
background pixels in the image.
Of the graph-based approaches for forming region proposals, one of the most
effective is the Selective Search (SS) algorithm by Uijlings, van de Sande, Gevers,
and Smeulders. SS sits on top of the graph-based image segmentation algorithm
of Felzenszwalb and Huttenlocher (FH).
Purdue University
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Preamble (contd.)
I’ll show my implementations of both FH and SS in these slides through code
fragments from my RegionProposalGenerator module mentioned earlier.
Before ending this preamble, I want to touch on how object detectors used to be
implemented in the more traditional computer vision based algorithms. Typically,
a detector was developed with the assumption that one had no knowledge of
where in the image the objects would be located or about the scale at which the
objects would appear.
Under these conditions, in the old days, at each scale of detection, you would run
a sliding window through the image, moving it from one pixel to the next, and, at
each position of the window, test whether the pixels inside the window would
speak to the presence of the object.
The main problem with the approach described above is its high computational
overhead, especially when an image is mostly empty (with regard to the presence
of the object).
Purdue University
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Preamble (contd.)
To elaborate on the computational overhead associated with the traditional
computer-vision based approaches, let’s say we are looking for objects in a
500 × 500 image at, say, 4 different scales. With the sliding-window based
approach, you would need to test for the presence of the object in a million
different windows. Assuming that at most one of these windows contains the
object fully, all of the computations in all the other windows would be wasted.
It is this computational overhead that you can get around by first creating region
proposals in an image, these being pixel blobs that “look different” from the
general background in an image, and then applying the object detection logic to
just those regions. By looking different I mean that such regions hold clues to the
presence of the objects you are looking for.
The flip side of forming region proposals is region discounting, which means
eliminating regions of an image that are not likely to contain the objects of
interest.
Purdue University
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Object Detection — Deep End of the Pool

Week 7 Lecture was Baby Steps for Object
Detection
In my Week 7 lecture, the images in the dataset I used to demonstrate
object detection and localization looked like those shown below.
What makes these images almost silly is that each image contains
just one “object” and there is no structured clutter in the
background. Even with random noise added, these images are good
only as a first exercise in object detection and localization.

(a) objects in images
Purdue University
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Object Detection — Deep End of the Pool

Making Object Detection a Bit More Difficult
I am now going to present a more difficult dataset of images for
object detection and localization. Before I describe the objects of
interest in these images, shown below are image from a couple of
batches during training time:

Purdue University
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Object Detection — Deep End of the Pool

Introducing You to Purdue’s Dr Eval Dataset
First of all, here’s the reason for the name “Dr Eval Dataset”:

[In the
middle of the pandemic in the winter of 2021, my wife and I decided to watch again the very old Austin Powers
movies. You might be too young to realize that these movies were a great spoof of the James Bond genre of
movies. The main villain in these movies is a character named “Dr. Evil” whose primary goal is to destroy the good
guy Austin Powers. Around the same time I was looking for a name for a new object-detection dataset I was
creating that would be more challenging than the PurdueShapes5 dataset you saw in Week 7 slides.]

Since “Eval” is such an important word for those of us who love
programming computers, I figured Dr. Eval would be an appropriate
name for the dataset. Here is Dr. Eval:

Purdue University
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Object Detection — Deep End of the Pool

The Dr Eval Dataset (contd.)
Besides Dr. Eval, the dataset also contains a couple of other
“objects” of interest: his house and a watertower in his neighborhood.
All three objects are randomized with respect to their scale, aspect
ratio, and other appearance variables.

Purdue University
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Object Detection — Deep End of the Pool

The Dr Eval Dataset (contd.)
One thing that is common amongst all the objects of interest in the
dataset is that they are all “oriented”— you could say they are
vertically oriented. A house may not look like a house unless its base
is mostly horizontal. And the same goes for the watertower.
To the randomized object images shown on the previous slide, I add
structured (but “non-oriented” artifacts) in order to produce the
following sorts of images:

Purdue University
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Object Detection — Deep End of the Pool

Dataloader for The Dr Eval Dataset
In order to understand the implementation of the dataloader for the
Dr Eval dataset for single-instance-based object detection, note that
the top-level directory for the dataset is organized as follows:
dataroot
|
|
______________________________________________________________________
|
|
|
|
|
|
|
|
|
|
|
|
Dr_Eval
house
watertower
mask_Dr_Eval
mask_house
mask_watertower
|
|
|
|
|
|
|
|
|
|
|
|
images
images
images
binary images
binary images
binary images

As you can see, the three main image directories are Dr Eval, house,
and watertower. For each image in each of these directories, the
mask for the object of interest is supplied in the corresponding
directory whose name carries the prefix mask.
Purdue University
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Object Detection — Deep End of the Pool

Dataloader for The Dr Eval Dataset (contd.)
For example, if you have an image named 29.jpg in the Dr Eval
directory, you will have an image of the same name in the mask Dr Eval
directory that will just be the mask for the Dr Eval object in the
former image:

(a)

An example Dr Eval image

(b)

The corresponding mask image

As you can see, the dataset does not directly provide the bounding
boxes for object localization. So the implementation of the
getitem () function in the dataloader must include code that
calculates the bounding boxes from the masks. This you can see in
the definition of the dataloader in the next three slides.
Purdue University
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Object Detection — Deep End of the Pool

Dataloader for The Dr Eval Dataset (contd.)
Since this is a “non-standard” organization of the of data, the
dataloader must also provide for the indexing of the images so that
they can be subject to the fresh randomization that is carried out by
PyTorch’s torch.utils.data.DataLoader for each epoch of training. The
code that is shown in the next three slides include the index dataset()
function for this purpose
After the dataset is downloaded for the first time, the index dataset()
function stores away the information as a PyTorch “.pt” file so that it
can be downloaded almost instantaneously at subsequent attempts.
One final note about the dataset: Under the hood, the dataset
consists of the pathnames to the image files — and NOT the images
themselves. It is the job of the multi-threaded “workers” provided by
torch.utils.data.DataLoader to actually download the images from those
pathnames.
Purdue University
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Object Detection — Deep End of the Pool

Dataloader for The Dr Eval Dataset
class PurdueDrEvalDataset(torch.utils.data.Dataset):
def __init__(self, rpg, train_or_test, dataroot_train=None, dataroot_test=None, transform=None):
super(RegionProposalGenerator.PurdueDrEvalDataset, self).__init__()
self.rpg = rpg
self.train_or_test = train_or_test
self.dataroot_train = dataroot_train
self.dataroot_test = dataroot_test
self.database_train = {}
self.database_test = {}
self.dataset_size_train = None
self.dataset_size_test = None
if train_or_test == ’train’:
self.training_dataset = self.index_dataset()
if train_or_test == ’test’:
self.testing_dataset = self.index_dataset()
self.class_labels = None
def index_dataset(self):
if self.train_or_test == ’train’:
dataroot = self.dataroot_train
elif self.train_or_test == ’test’:
dataroot = self.dataroot_test
entry_index = 0
if self.train_or_test == ’train’ and dataroot == self.dataroot_train:
if ’10000’ in self.dataroot_train and os.path.exists("torch_saved_Purdue_Dr_Eval_dataset_train_10000.pt"):
print("\nLoading training data from torch saved file")
self.database_train = torch.load("torch_saved_Purdue_Dr_Eval_dataset_train_10000.pt")
self.dataset_size_train = len(self.database_train)
else:
print("""\n\n\nLooks like this is the first time you will be loading in\n"""
"""the dataset for this script. First time loading could take\n"""
"""up to 3 minutes. Any subsequent attempts will only take\n"""
"""a few seconds.\n\n\n""")
if os.path.exists(dataroot):
files = glob.glob(dataroot + "/*")
files = [os.path.split(file)[1] for file in files]
class_names = sorted([file for file in files if not file.startswith("mask")])
if self.train_or_test == ’train’:
self.class_labels = class_names
image_label_dict = {class_names[i] : i for i in range(len(class_names))}
for image_class in class_names:
image_names = glob.glob(dataroot + image_class + "/*")
for image_name in image_names:
image_real_name = os.path.split(image_name)[-1]
mask_name = dataroot + "mask_" + image_class + "/" + image_real_name
if self.train_or_test == ’train’:
self.database_train[entry_index] = [image_label_dict[image_class], image_name, mask_name]
elif self.train_or_test == ’test’:
self.database_test[entry_index] = [image_label_dict[image_class], image_name, mask_name]
entry_index += 1

Purdue University
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Object Detection — Deep End of the Pool

Dataloader for The Dr Eval Dataset
(...... continued from the previous slide)
if self.train_or_test == ’train’:
all_training_images = list(self.database_train.values())
random.shuffle(all_training_images)
self.database_train = {i : all_training_images[i] for i in range(len(all_training_images))}
torch.save(self.database_train, "torch_saved_Purdue_Dr_Eval_dataset_train_10000.pt")
self.dataset_size_train = entry_index
else:
all_testing_images = list(self.database_test.values())
random.shuffle(all_testing_images)
self.database_test = {i : all_testing_images[i] for i in range(len(all_testing_images))}
self.dataset_size_test = entry_index
else:
if os.path.exists(dataroot):
files = glob.glob(dataroot + "/*")
files = [os.path.split(file)[1] for file in files]
class_names = sorted([file for file in files if not file.startswith("mask")])
image_label_dict = {class_names[i] : i for i in range(len(class_names))}
for image_class in class_names:
image_names = glob.glob(dataroot + image_class + "/*")
for image_name in image_names:
image_real_name = os.path.split(image_name)[-1]
mask_name = dataroot + "mask_" + image_class + "/" + image_real_name
if self.train_or_test == ’train’:
self.database_train[entry_index] = [image_label_dict[image_class], image_name, mask_name]
elif self.train_or_test == ’test’:
self.database_test[entry_index] = [image_label_dict[image_class], image_name, mask_name]
entry_index += 1
if self.train_or_test == ’train’:
self.dataset_size_train = entry_index
if self.train_or_test == ’test’:
self.dataset_size_test = entry_index
if self.train_or_test == ’train’:
all_training_images = self.database_train.values()
random.shuffle(all_training_images)
self.database_train = {i : all_training_images[i] for i in range(len(all_training_images))}
torch.save(self.database_train, "torch_saved_Purdue_Dr_Eval_dataset_train_10000.pt")
self.dataset_size_train = entry_index
else:
all_testing_images = list(self.database_test.values())
random.shuffle(all_testing_images)
self.database_test = {i : all_testing_images[i] for i in range(len(all_testing_images))}
def __len__(self):
if self.train_or_test == ’train’:
return self.dataset_size_train
elif self.train_or_test == ’test’:
return self.dataset_size_test

(Continued on the next slide .....)
Purdue University

21

Object Detection — Deep End of the Pool

Dataloader for The Dr Eval Dataset
(...... continued from the previous slide)
def __getitem__(self, idx):
if self.train_or_test == ’train’:
image_label, image_name, mask_name = self.database_train[idx]
elif self.train_or_test == ’test’:
image_label, image_name, mask_name = self.database_test[idx]
im = Image.open(image_name)
mask = Image.open(mask_name)
mask_data = mask.getdata()
non_zero_pixels = []
for k,pixel_val in enumerate(mask_data):
x = k % self.rpg.image_size[1]
y = k // self.rpg.image_size[0]
if pixel_val != 0:
non_zero_pixels.append((x,y))
## x-coord increases to the left and y-coord increases going downward;
x_min = min([pixel[0] for pixel in non_zero_pixels])
x_max = max([pixel[0] for pixel in non_zero_pixels])
y_min = min([pixel[1] for pixel in non_zero_pixels])
y_max = max([pixel[1] for pixel in non_zero_pixels])
bbox = [x_min,y_min,x_max,y_max]
im_tensor = tvt.ToTensor()(im)
mask_tensor = tvt.ToTensor()(mask)
bbox_tensor = torch.tensor(bbox, dtype=torch.float)
return im_tensor,mask_tensor,bbox_tensor,image_label

Purdue University

origin at upper-left

22

Object Detection — Deep End of the Pool

The Network Class for Dr Eval Dataset
The network class for the single-instance based detection in the
Dr Eval dataset images is an adaptation of the of the LOADnet2 class
in DLStudio. The original LOADnet2 class was meant for the
processing of 32 × 32 images. But now we have 128 × 128 images.
The building-block is still the SkipBlock class that you saw earlier.
The network definition has two parts: the part for classification of the
image and the part for the regression needed for estimating the four
numerical parameters that define the object bounding box. Just for
the sake of doing so, I have used the nn.Sequential container for
the defining the regression section. Whereas the bulk of the work in
the classification section is done through the convolutional layers, the
bulk of the work for regression is done by the fully-connected layers.
If you run the script single instance detection.py in the Examples
directory of the RegionProposalGenerator module, you’ll see that this
network consists of 168 layers and 85,191,591 learnable parameters.
Purdue University
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The Network Class for Dr Eval Dataset (contd.)
class LOADnet(nn.Module):
"""
The acronym ’LOAD’ stands for ’LOcalization And Detection’.
"""
def __init__(self, skip_connections=True, depth=8):
super(RegionProposalGenerator.SingleInstanceDetector.LOADnet2, self).__init__()
if depth not in [8,10,12,14,16]:
sys.exit("LOADnet has only been tested for ’depth’ values 8, 10, 12, 14, and 16")
self.depth = depth // 2
self.conv1 = nn.Conv2d(3, 64, 3, padding=1)
self.conv2 = nn.Conv2d(64, 64, 3, padding=1)
self.pool = nn.MaxPool2d(2, 2)
self.bn1 = nn.BatchNorm2d(64)
self.bn2 = nn.BatchNorm2d(128)
self.bn3 = nn.BatchNorm2d(256)
self.skip64_arr = nn.ModuleList()
for i in range(self.depth):
self.skip64_arr.append(RegionProposalGenerator.SingleInstanceDetector.SkipBlock(64, 64,skip_connections=skip_connections))
self.skip64ds = RegionProposalGenerator.SingleInstanceDetector.SkipBlock(64,64,downsample=True,
skip_connections=skip_connections)
self.skip64to128 = RegionProposalGenerator.SingleInstanceDetector.SkipBlock(64, 128,
skip_connections=skip_connections )
self.skip128_arr = nn.ModuleList()
for i in range(self.depth):
self.skip128_arr.append(RegionProposalGenerator.SingleInstanceDetector.SkipBlock(128,128,
skip_connections=skip_connections))
self.skip128ds = RegionProposalGenerator.SingleInstanceDetector.SkipBlock(128,128,
downsample=True, skip_connections=skip_connections)
self.skip128to256 = RegionProposalGenerator.SingleInstanceDetector.SkipBlock(128, 256,
skip_connections=skip_connections )
self.skip256_arr = nn.ModuleList()
for i in range(self.depth):
self.skip256_arr.append(RegionProposalGenerator.SingleInstanceDetector.SkipBlock(256,256,
skip_connections=skip_connections))
self.skip256ds = RegionProposalGenerator.SingleInstanceDetector.SkipBlock(256,256,
downsample=True, skip_connections=skip_connections)
self.fc1 = nn.Linear(8192, 1000)
self.fc2 = nn.Linear(1000, 3)
## the rest of this __init__() is for regression
self.conv_seqn = nn.Sequential(
nn.Conv2d(in_channels=64, out_channels=256, kernel_size=3, padding=1),
nn.BatchNorm2d(256),
nn.ReLU(inplace=True),
nn.MaxPool2d(2,2),
nn.Conv2d(in_channels=256, out_channels=256, kernel_size=3, padding=1),
nn.ReLU(inplace=True),
nn.MaxPool2d(2,2)
)
self.fc_seqn = nn.Sequential(
nn.Linear(65536, 1024),
nn.ReLU(inplace=True),
nn.Linear(1024, 512),
nn.ReLU(inplace=True),
nn.Linear(512, 4)
)

Purdue University
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The Network Class for Dr Eval Dataset (contd.)
(...... continued from the previous slide)
def forward(self, x):
x = self.pool(torch.nn.functional.relu(self.conv1(x)))
xR = x.clone()
## The labeling section:
x1 = nn.MaxPool2d(2,2)(torch.nn.functional.relu(self.conv2(x)))
for i,skip64 in enumerate(self.skip64_arr[:self.depth//4]):
x1 = skip64(x1)
x1 = self.skip64ds(x1)
for i,skip64 in enumerate(self.skip64_arr[self.depth//4:]):
x1 = skip64(x1)
x1 = self.bn1(x1)
x1 = self.skip64to128(x1)
for i,skip128 in enumerate(self.skip128_arr[:self.depth//4]):
x1 = skip128(x1)
x1 = self.bn2(x1)
x1 = self.skip128ds(x1)
x1 = x1.view(-1, 8192 )
x1 = torch.nn.functional.relu(self.fc1(x1))
x1 = self.fc2(x1)
## for bounding box regression:
x2 = self.conv_seqn(xR)
x2 = x2.view(x.size(0), -1)
x2 = self.fc_seqn(x2)
return x1,x2

Purdue University
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Training the Single-Instance Detector
[epoch:1/6
[epoch:1/6

[epoch:1/6

[epoch:1/6
[epoch:1/6

[epoch:1/6

iter= 500 elapsed_time=
61 secs]
iter= 500 elapsed_time=
61 secs]
gt_bb: [0,24,47,71]
pred_bb: [15,14,61,75]
gt_bb: [8,8,47,39]
pred_bb: [18,13,53,61]
gt_bb: [32,0,55,63]
pred_bb: [21,14,59,69]
gt_bb: [0,8,39,39]
pred_bb: [0,4,30,42]
iter= 500 elapsed_time=
61 secs]

iter=1000 elapsed_time= 155 secs]
iter=1000 elapsed_time= 155 secs]
gt_bb: [8,0,31,39]
pred_bb: [6,2,41,50]
gt_bb: [56,40,79,71]
pred_bb: [37,19,76,90]
gt_bb: [40,24,63,63]
pred_bb: [33,16,70,80]
gt_bb: [56,40,87,111]
pred_bb: [42,24,85,103]
iter=1000 elapsed_time= 155 secs]

Purdue University

Ground Truth:
Predicted Labels:

loss_labeling: 1.078

Ground Truth:
Predicted Labels:

loss_labeling: 1.052

house
house

house
house

Dr_Eval
house

house
Dr_Eval

watertower
Dr_Eval

Dr_Eval
Dr_Eval

loss_regression: 857.606

house
house

watertower
Dr_Eval

loss_regression: 328.831
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Training the Single-Instance Detector (contd.)
[epoch:1/6
[epoch:1/6

[epoch:1/6

[epoch:1/6
[epoch:1/6

[epoch:1/6

iter=1500 elapsed_time= 274 secs]
iter=1500 elapsed_time= 274 secs]
gt_bb: [56,40,95,103]
pred_bb: [76,42,106,111]
gt_bb: [8,56,31,95]
pred_bb: [40,30,80,95]
gt_bb: [0,0,23,47]
pred_bb: [17,8,47,48]
gt_bb: [0,8,31,55]
pred_bb: [12,13,51,64]
iter=1500 elapsed_time= 274 secs]

iter=2000 elapsed_time= 380 secs]
iter=2000 elapsed_time= 380 secs]
gt_bb: [16,8,79,63]
pred_bb: [16,9,70,79]
gt_bb: [0,0,47,55]
pred_bb: [22,6,60,62]
gt_bb: [56,48,87,95]
pred_bb: [56,29,90,95]
gt_bb: [56,40,95,119]
pred_bb: [66,37,103,119]
iter=2000 elapsed_time= 380 secs]
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Ground Truth:
Predicted Labels:

loss_labeling: 1.023

Ground Truth:
Predicted Labels:

loss_labeling: 1.010

watertower
Dr_Eval

watertower
Dr_Eval

watertower
Dr_Eval

watertower
watertower

watertower
Dr_Eval

Dr_Eval
Dr_Eval

loss_regression: 292.046

house
house

watertower
Dr_Eval

loss_regression: 255.298
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Training and Regression Losses versus Iterations

(a)

labeling loss vs. iterations (6 epochs)

(b)

Purdue University

regression loss vs. iterations (6 epochs)
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Results on Unseen Test Data

Here is a summary of the results on the unseen test dataset after 6
epochs of training:
Prediction accuracy for Dr_Eval : 81 %
Prediction accuracy for house : 54 %
Prediction accuracy for watertower : 88 %

Overall accuracy of the network on the 1000 test images: 74 %

Displaying the confusion matrix:
Dr_Eval
Dr_Eval:
house:
watertower:

Purdue University

81.07
38.49
7.90

house
10.54
54.32
3.77

watertower
8.39
7.19
88.33
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The YOLO Logic for Multi-Instance Object Detection

Transitioning to Multi-Instance Object Detection
As I mentioned in the Preamble, for multi-instance object detection,
my goal in this lecture is to focus on the YOLO framework.
Dividing an image into a grid of cells and defining a set of
anchorboxes for each cell is basic to the YOLO logic. Let S × S array
represent the cells in the grid thus created. The example shown below
depicts a 6 × 6 grid that you can pretend is overlaid on an image.
What is shown in red are the five anchorboxes for the cell at index
(3, 3) in the grid.

Purdue University
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The YOLO Logic
As you can tell from the red anchorboxes shown on the previous slide,
they are characterized by the aspect ratio – meaning the ratio of the
height to the width. My implementation of the YOLO logic in
RegionProposalGenerator uses five anchorboxes for each cell of the S × S
grid with the following aspect ratios: 1/5, 1/3, 1/1, 3/1, and 5/1.
The job of predicting the bounding-box and the class-label for an
object in the image is the responsibility of the grid cell that has the
center of the object bounding-box in it. Even more specifically, in
that grid cell, making these predictions is the responsibility of the
anchor-box to which the object instance is assigned.
In my implementation of the YOLO logic in RegionProposalGenerator, I
have defined a convenience variable yolo interval that makes it easy to
write several kinds of programming statements related to the creation
of the grid, assignment of the true bounding boxes in the training
data to the cells and the anchorboxes associated with the cells.
Purdue University
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The YOLO Logic (contd.)
In the implementation shown in RegionProposalGenerator, I have used
yolo interval=20 for the 128 × 128 images in the PurdueDrEvalMultiDataset.
With yolo interval=20, we end up with a 6 × 6 array of cells in the grid.
At the moment, I have not bothered with the bottom 8 rows and the
right-most 8 columns of the image that get left out of the area
covered by the grid.
In keeping with what I mentioned earlier, an object instance in a
training image is assigned to that cell whose center is closest to the
center of the bounding box for the instance.
After the cell assignment, the instance is assigned to that anchorbox
whose aspect ratio comes closest to matching the aspect ratio of the
instance.
Purdue University
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The YOLO Logic (contd.)
The assigning of an object instance to a (cell, anchor box) pair is
encoded in the form of a 5 + C element long vector where C is the
number of classes for the object instances. I’ll refer to this
5 + C -sized vector as the yolo vector.
As you will see later, I will also be using the term yolo tensor to
represent all of the yolo vector’s that can be created in an image
through all the cells and all the anchorboxes. For obvious reasons,
only a very small number of the yolo vector’s in a yolo tensor would
contain non-zero data — depending on how many object instances
exist in an image.
The number C of classes in the dataset PurdueDrEvalMultiDataset is
equal to 3: the ’Dr Eval’ class with the class-label 0, the ’house’ class
with the class-label 1, and the ’watertower’ class with the class-label
2.
Purdue University
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The YOLO Logic (contd.)
With C = 3, in my implementation each yolo vector is an 8-element
vector whose last 3 elements represent the one-hot encoding for the
class label associated with the object instance assigned to a given
(cell, anchor box) pair.
As for the first five elements of the vector encoding for an anchorbox,
these are set as described in what follows:
The first element is set to 1 if an object instance in a training image
was actually assigned to that anchorbox.
The next two elements of the 8-element yolo vector are the (x, y )
displacements of the center of the actual bounding box for the
instance vis-a-vis the center of the cell.
The two displacements mentioned above are expressed as a fraction
of the width and the height of the cell as explained on the next slide.
Purdue University
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The YOLO Logic (contd.)
The figure shown below illustrates the (∂x, ∂y ) displacements
between the center of the cell and the center of the bounding box in a
training image for a given object instance. The bounding box is
shown with a blue outline. The displacements are between the center
of the cell and the center of the bounding box.

Purdue University
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The YOLO Logic (contd.)
The remaining two elements of the first five elements of the
8-element yolo vector encoding are the actual height h and the actual
width w of the true bounding box for the instance in question as a
multiple of the cell dimension.
Let’s now see what goes into the last 3 elements of an 8-element
yolo vector: Consider the case when an instance of Dr Eval is assigned
to an anchorbox for one of the cells. As you already know, the class
index for the Dr Eval label is 0. So a 3-element one-hot
representation for this class is [1, 0, 0]. Therefore, amongst the last 3
elements reserved for the class label, the first of the three will be set
to 1. The 8-element yolo vector for this anchorbox is shown below. Its
first element is 1 because a true boundingbox was assigned to it.

Purdue University
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Comparing Ground-Truth Yolo Tensors with
Predicted Yolo Tensors
The following statements reproduced from my YOLO implementation
in the RPG module should give you a better understanding of the
relationship between a yolo vector and a yolo tensor:
yolo_tensor = torch.zeros( batch_size, num_yolo_cells, num_anchor_boxes, 8 )
## calculate del_x, del_y, bh, bw
yolo_vector = torch.FloatTensor( [1.0, del_x.item(), del_y.item(), bh.item(), bw.item(), 0,0,0] )
yolo_vector[5 + class_label_of_object] = 1
## creates a one-hot vector representation
yolo_cell_index = cell_row_indx.item() * num_cells_image_width + cell_col_indx.item()
yolo_tensor[0, yolo_cell_index, anch_box_index] = yolo_vector

Subsequently, I feed the training images into the NetForYolo network
and reshape the predictions produced by the network into a tensor of
the same shape as the yolo tensor shown above:
output = net(im_tensor)
predictions = output.view(batch_size, num_yolo_cells, num_anchor_boxes, 8)

At each iteration of the training cycle, I must compare the
ground-truth yolo tensor for the training image with the predicted
yoloUniversity
tensor in the predictions.
Purdue
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Comparing Ground-Truth with Predictions (contd.)
The comparison mentioned in the last bullet of the previous slide is
carried out for every corresponding pair of yolo vector’s separately in
the ground-truth and the predicted tensors, as shown in the code on
the next slide.
The goal of the comparisons mentioned above is to estimate a value
for the loss.
Starting with Version 2.0.6 of the RPG module, the calculations for
estimating the loss pay respect to the different semantics for the
different portions of a yolo vector: I use the Binary Cross-Entropy Loss
(nn.BCELoss) for the first element of the yolo vector,
mean-squared-error loss (nn.MSELoss) for the next four numerical
elements, and, finally, the regular cross-entropy loss
(nn.CrossEntropyLoss) for the remaining elements.
Purdue University
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Estimating the Loss
Lines (65) through (83) visit every corresponding pair of
yolo tensor’s for each training image.

yolo vector’s in the ground-truth and the predicted

Lines (69) through (72) estimate the nn.BCELoss (Binary Cross-Entropy Loss) for the first element values in the
corresponding pair of yolo vector’s.
Lines (73) through (77) apply the

nn.MSELoss to the regression parameters in the next four elements of the two

yolo vector’s.
Lines (78) through (82) apply the nn.CrossEntropyLoss to the remaining elements for estimating the labeling
loss between the two yolo vector’s.
criterion1 = nn.BCELoss()
criterion2 = nn.MSELoss()
criterion3 = nn.CrossEntropyLoss()
...
...
...
output = net(im_tensor)
predictions = output.view( .... shaped the same as the yolo_tensor for the training image ....)
loss = torch.tensor(0.0, requires_grad=True).float().to(self.rpg.device)
for icx in range(num_yolo_cells):
for iax in range(num_anchor_boxes):
pred_yolo_vector = predictions_aug[0,icx,iax]
target_yolo_vector = yolo_tensor_aug[0,icx,iax]
## Estiming presence/absence of object and the Binary Cross Entropy section:
object_presence = nn.Sigmoid()(torch.unsqueeze(pred_yolo_vector[0], dim=0))
target_for_prediction = torch.unsqueeze(target_yolo_vector[0], dim=0)
bceloss = criterion1(object_presence, target_for_prediction)
loss += bceloss
## MSE section for regression params:
pred_regression_vec = pred_yolo_vector[1:5]
pred_regression_vec = torch.unsqueeze(pred_regression_vec, dim=0)
target_regression_vec = torch.unsqueeze(target_yolo_vector[1:5], dim=0)
regression_loss = criterion2(pred_regression_vec, target_regression_vec)
loss += regression_loss
## CrossEntropy section for object class label:
probs_vector = pred_yolo_vector[5:]
probs_vector = torch.unsqueeze( probs_vector, dim=0 )
target = torch.argmax(target_yolo_vector[5:])
target = torch.unsqueeze( target, dim=0 )
class_labeling_loss = criterion3(probs_vector, target)
loss += class_labeling_loss
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## (3)
## (4)
## (5)

##
##
##
##
##
##
##

(62)
(63)
(64)
(65)
(66)
(67)
(68)

##
##
##
##

(69)
(70)
(71)
(72)

##
##
##
##
##

(73)
(74)
(75)
(76)
(77)

##
##
##
##
##
##

(78)
(79)
(80)
(81)
(82)
(83)
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A Dataset for Experimenting with Multi-Instance Detection

The Dr Eval Multi Dataset
The dataset to use for experimenting with multi-instance detection is
named
PurdueDrEvalMultiDataset

Note the string “Multi” in the name of the dataset. The dataset I
described earlier for single-instance detection was named
PurdueDrEvalDataset.
As with the previous dataset for single-instance detection, the new
“multi” dataset also contains three kinds of objects in its images:
“Dr Eval”, “house” and “watertower”.
Each 128x128 image in the dataset contains up to 5 instances of
these objects. The instances are randomly scaled and colored and the
number of instances chosen for each image is also random. [I also add
structured background clutter consisisting of randomly chosen shapes to the images. There is a maximum such
clutter objects in each images. In addition to the structured clutter, I add 20% Gaussian noise to each image.]

Purdue University
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The Dr Eval Multi Dataset (contd.)
On account of the much richer structure of the image annotations,
this dataset is organized very differently from the previous one. The
directory structure for the dataset is as follows, with all the images in
a single subdirectory:
dataroot
|
|
___________________________
|
|
|
|
annotations.p
images

Since each image is allowed to contain instances of the three different
types of “meaningful” objects, it is not possible to organize the
images on the basis of what they contain.
As for the annotations, the annotation for each 128 × 128 image is a
dictionary that contains information related to all the object instances
in the image.
Purdue University
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The Dr Eval Multi Dataset (contd.)
Here is an example of the annotation for an image that has three
instances in it.
annotation:

{’filename’: None,
’num_objects’: 3,
’bboxes’: {0: (67, 72, 83, 118),
1: (65, 2, 93, 26),
2: (16, 68, 53, 122),
3: None,
4: None},
’bbox_labels’: {0: ’Dr_Eval’,
1: ’house’,
2: ’watertower’,
3: None,
4: None},
’seg_masks’: {0: <PIL.Image.Image image mode=1 size=128x128 at 0x7F5A06C838E0>
1: <PIL.Image.Image image mode=1 size=128x128 at 0x7F5A06C837F0>
2: <PIL.Image.Image image mode=1 size=128x128 at 0x7F5A06C838B0>
3: None,
4: None}
}

The annotations for the individual images are stored in a global
Python dictionary called all annotations whose keys consist of the
pathnames to the individual image files and the values the
annotations dict for the corresponding images.
Purdue University
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The Dr Eval Multi Dataset (contd.)
The annotation archive name annotations.p shown in the keystroke
diagram on Slide 43 is what you get by calling pickle.dump() on the
all annotations dictionary.
Shown below is an image from the dataset along with its annotation
dictionary. The mask image you see on the right is a composite of
four separate masks.
annotation:

{ ’filename’: None,
’num_objects’: 4,
’bboxes’: {0: (85, 9, 97, 52), 1: (0, 2, 11, 47), 2: (72, 45, 88, 93), 3: (64, 65, 71, 77), 4: None},
’bbox_labels’: {0: ’Dr_Eval’, 1: ’Dr_Eval’, 2: ’Dr_Eval’, 3: ’watertower’, 4: None},
’seg_masks’: {0: <PIL.Image.Image image mode=1 size=128x128 at 0x7FB520D42520>,
1: <PIL.Image.Image image mode=1 size=128x128 at 0x7FB520D429D0>,
2: <PIL.Image.Image image mode=1 size=128x128 at 0x7FB520D42AC0>,
3: <PIL.Image.Image image mode=1 size=128x128 at 0x7FB520D428B0>,
4: None}}

Purdue University
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Dataloader for PurdueDrEvalMultiDataset
As shown on the next couple of slides, the implementation of a
dataloader for this dataset is made easy by the fact that all images
reside in a single directory as mentioned earlier on Slide 43. For the
indexing part of the dataloader, all that needs to be done is to scan
the image directory and to store the path to each image in a
dictionary.
Obviously, an important issue for this dataloader is extracting the
annotations from the pickled archive and associating each image path
with its corresponding annotation. The code for that is in the
getitem () method of the dataset class defined in the next two slides.

Purdue University
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Dataloader for PurdueDrEvalMultiDataset (contd.)
class PurdueDrEvalMultiDataset(torch.utils.data.Dataset):
def __init__(self, rpg, train_or_test, dataroot_train=None, dataroot_test=None, transform=None):
super(RegionProposalGenerator.PurdueDrEvalMultiDataset, self).__init__()
self.rpg = rpg
self.train_or_test = train_or_test
self.dataroot_train = dataroot_train
self.dataroot_test = dataroot_test
self.database_train = {}
self.database_test = {}
self.dataset_size_train = None
self.dataset_size_test = None
if train_or_test == ’train’:
self.training_dataset = self.index_dataset()
if train_or_test == ’test’:
self.testing_dataset = self.index_dataset()
self.class_labels = None
def index_dataset(self):
if self.train_or_test == ’train’:
dataroot = self.dataroot_train
elif self.train_or_test == ’test’:
dataroot = self.dataroot_test
if self.train_or_test == ’train’ and dataroot == self.dataroot_train:
if ’10000’ in self.dataroot_train and os.path.exists("torch_saved_Purdue_Dr_Eval_multi_dataset_train_10000.pt"):
print("\nLoading training data from torch saved file")
self.database_train = torch.load("torch_saved_Purdue_Dr_Eval_multi_dataset_train_10000.pt")
self.dataset_size_train = len(self.database_train)
else:
print("""\n\n\nLooks like this is the first time you will be loading in\n"""
"""the dataset for this script. First time loading could take\n"""
"""up to 3 minutes. Any subsequent attempts will only take\n"""
"""a few seconds.\n\n\n""")
if os.path.exists(dataroot):
all_annotations = pickle.load( open( dataroot + ’/annotations.p’, ’rb’) )
all_image_paths = sorted(glob.glob(dataroot + "images/*"))
all_image_names = [os.path.split(filename)[1] for filename in all_image_paths]
for idx,image_name in enumerate(all_image_names):
annotation = all_annotations[image_name]
image_path = dataroot + "images/" + image_name
self.database_train[idx] = [image_path, annotation]
all_training_images = list(self.database_train.values())
random.shuffle(all_training_images)
self.database_train = {i : all_training_images[i] for i in range(len(all_training_images))}
torch.save(self.database_train, "torch_saved_Purdue_Dr_Eval_multi_dataset_train_10000.pt")
self.dataset_size_train = len(all_training_images)

(Continued on the next slide .....)
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Dataloader for PurdueDrEvalMultiDataset (contd.)
(...... continued from the previous slide)
elif self.train_or_test == ’test’ and dataroot == self.dataroot_test:
if os.path.exists(dataroot):
all_annotations = pickle.load( open( dataroot + ’/annotations.p’, ’rb’) )
all_image_paths = sorted(glob.glob(dataroot + "images/*"))
all_image_names = [os.path.split(filename)[1] for filename in all_image_paths]
for idx,image_name in enumerate(all_image_names):
annotation = all_annotations[image_name]
image_path = dataroot + "images/" + image_name
self.database_test[idx] = [image_path, annotation]
all_testing_images = list(self.database_test.values())
random.shuffle(all_testing_images)
self.database_test = {i : all_testing_images[i] for i in range(len(all_testing_images))}
self.dataset_size_test = len(all_testing_images)
def __len__(self):
if self.train_or_test == ’train’:
return self.dataset_size_train
elif self.train_or_test == ’test’:
return self.dataset_size_test
def __getitem__(self, idx):
if self.train_or_test == ’train’:
image_path, annotation = self.database_train[idx]
elif self.train_or_test == ’test’:
image_path, annotation = self.database_test[idx]
im = Image.open(image_path)
im_tensor = tvt.ToTensor()(im)
seg_mask_tensor = torch.zeros(5,128,128)
bbox_tensor
= torch.zeros(5,4, dtype=torch.uint8)
bbox_label_tensor
= torch.zeros(5, dtype=torch.uint8) + 13
num_objects_in_image = annotation[’num_objects’]
obj_class_labels = sorted(self.rpg.class_labels)
self.obj_class_label_dict = {obj_class_labels[i] : i for i in range(len(obj_class_labels))}
for i in range(num_objects_in_image):
bbox = annotation[’bboxes’][i]
seg_mask = annotation[’seg_masks’][i]
bbox
= annotation[’bboxes’][i]
label
= annotation[’bbox_labels’][i]
bbox_label_tensor[i] = self.obj_class_label_dict[label]
seg_mask_arr = np.array(seg_mask)
seg_mask_tensor[i] = torch.from_numpy(seg_mask_arr)
bbox_tensor[i] = torch.LongTensor(bbox)
return im_tensor, seg_mask_tensor, bbox_tensor, bbox_label_tensor, num_objects_in_image
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A Network for Multi-Instance Detection

NetForYolo — A Network for Multi-Instance
Object Detection
The multi-instance object detection network shown on the next slide
predicts what would be a flattened representation of the yolo tensor for
a training images.
A 6 × 6 gridding of the images, using 5 anchorboxes in each cell of
the grid, and 8-elements for the yolo vector encodings results in a
1440-element flattened representation of the yolo tensor for a training
image. The job of the network shown on the next slide is to predict
this 1440-element vector for each training image. As you know by this
time, for loss calculations, we reshape this flat vector into the same
shape as the ground-truth yolo tensor for a training image.
The final convolutional layer in the network shown on the next slide
produces an output with 8192 nodes. Subsequently, a fully-connected
section of the network maps those to 1440 nodes for the required
regression.
Purdue University
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NetForYolo (contd.)
class NetForYolo(nn.Module):
def __init__(self, skip_connections=True, depth=8):
super(RegionProposalGenerator.YoloLikeDetector.NetForYolo, self).__init__()
if depth not in [8,10,12,14,16]:
sys.exit("This network has only been tested for ’depth’ values 8, 10, 12, 14, and 16")
self.depth = depth // 2
self.conv1 = nn.Conv2d(3, 64, 3, padding=1)
self.conv2 = nn.Conv2d(64, 64, 3, padding=1)
self.pool = nn.MaxPool2d(2, 2)
self.bn1 = nn.BatchNorm2d(64)
self.bn2 = nn.BatchNorm2d(128)
self.bn3 = nn.BatchNorm2d(256)
self.skip64_arr = nn.ModuleList()
for i in range(self.depth):
self.skip64_arr.append(RegionProposalGenerator.YoloLikeDetector.SkipBlock(64, 64, skip_connections=skip_connections))
self.skip64ds = RegionProposalGenerator.YoloLikeDetector.SkipBlock(64,64,downsample=True, skip_connections=skip_connections)
self.skip64to128 = RegionProposalGenerator.YoloLikeDetector.SkipBlock(64, 128, skip_connections=skip_connections )
self.skip128_arr = nn.ModuleList()
for i in range(self.depth):
self.skip128_arr.append(RegionProposalGenerator.YoloLikeDetector.SkipBlock(128,128,skip_connections=skip_connections))
self.skip128ds = RegionProposalGenerator.YoloLikeDetector.SkipBlock(128,128,downsample=True, skip_connections=skip_connections)
self.skip128to256 = RegionProposalGenerator.YoloLikeDetector.SkipBlock(128, 256, skip_connections=skip_connections )
self.skip256_arr = nn.ModuleList()
for i in range(self.depth):
self.skip256_arr.append(RegionProposalGenerator.YoloLikeDetector.SkipBlock(256,256,skip_connections=skip_connections))
self.skip256ds = RegionProposalGenerator.YoloLikeDetector.SkipBlock(256,256,downsample=True, skip_connections=skip_connections)
self.fc_seqn = nn.Sequential(
nn.Linear(8192, 4096),
nn.ReLU(inplace=True),
nn.Linear(4096, 2048),
nn.ReLU(inplace=True),
nn.Linear(2048, 1440)
)
def forward(self, x):
x = self.pool(torch.nn.functional.relu(self.conv1(x)))
x = nn.MaxPool2d(2,2)(torch.nn.functional.relu(self.conv2(x)))
for i,skip64 in enumerate(self.skip64_arr[:self.depth//4]):
x = skip64(x)
x = self.skip64ds(x)
for i,skip64 in enumerate(self.skip64_arr[self.depth//4:]):
x = skip64(x)
x = self.bn1(x)
x = self.skip64to128(x)
for i,skip128 in enumerate(self.skip128_arr[:self.depth//4]):
x = skip128(x)
x = self.bn2(x)
x = self.skip128ds(x)
x = x.view(-1, 8192 )
x = self.fc_seqn(x)
return x
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Training the Multi-Instance Object Detector

Training the Multi-Instance Detector
With YOLO like reasoning, you have to do a lot more work in the
training loop compared to what you have seen so far. As for the
reasons:
1

In each training image, you need to assign the bounding boxes for the
different object instances to the most appropriate cell and, within that
cell, to the most appropriate anchorbox.

2

You need to reshape the output of the network into a tensor that looks
like the yolo tensor for the training images.

3

Obviously, you need to compute the loss as explained on Slide 40.

4

And, every so often, you need to display the average loss and, possibly,
the quality of prediction in terms of the correctness of the predicted
object class labels and the bounding boxes.

5

You can see these steps implemented in the method
run code for training multi instance detection() defined for the inner
class YoloLikeDetector in the RegionProposalGenerator (RPG) module.
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Training the Multi-Instance Detector (contd.)
About the training code shown starting with Slide 57, note the three
criteria for estimating three different components of the loss in lines
(3, (4), (5).
Pay attention to idx the loop control parameter in line (24). This
parameter is for the different object instances in any given image. We
assume a maximum of 5 objects instances in an image — as declared
in line (10). The loop control parameter idx indexes into the object
instances.
In the code that follows line (24), we estimate the height and the
width, and the center of each bounding box in the annotations for the
image at the input into the network. These calculations are carried
out in lines (25) through (37). In lines (38) and (39), we calculate
the center of the grid cell that is closest to the center of the bounding
box. That sets us up to calculate the displacement parameters in lines
(40) and (41).
Purdue University
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Training the Multi-Instance Detector (contd.)
In line (42), we find the class label of the object instance from the
bbox label tensor part of the annotations for the image in question.
Note that we discard the annotation being processed should its class
label be 13. In the dataset, I have used this class label to indicate the
absence of an object instance for a given idx.
That gets us ready in line (44) to find the aspect-ratio (AR) of the
bounding box for the object instance at index idx. In lines (45)
through (49), we use the value of AR to decide as to which of the five
anchor-boxes we should assign the object instance to.
Finally, in line (50), we now have all the information we need to
construct the yolo vector for the object instance in question. In line
(51), we set the first element of this vector and we specify the
one-hot vector for the class label of the object in line (52).
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Training the Multi-Instance Detector (contd.)
In lines (53) and (54), we find the index of the cell to which the
yolo vector that has just been constructed can be assigned to.
Iterating through all the object index values for idx, we can construct
a yolo tensor for the image at the input to the network in lines (54)
through (56).
We feed the image into the network in line (61). The network outputs
a flat tensor that is reshaped into the same shape as yolo tensor.
That sets us up to estimate the loss in lines (65) through (83) in
accordance with the explanation presented earlier.
The rest of the training code is for displaying the average loss in your
terminal window every 1000 iterations and also for displaying the
estimated class labels for the objects detected in the image.
Purdue University
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Training the Multi-Instance Detector (contd.)
def run_code_for_training_multi_instance_detection(self, net, display_labels=False, display_images=False):
net = net.to(self.rpg.device)
criterion1 = nn.BCELoss()
# For the first element of the 8 element yolo vector
criterion2 = nn.MSELoss()
# For the regiression elements (indexed 2,3,4,5) of yolo vector
criterion3 = nn.CrossEntropyLoss()
# For the last three elements of the 8 element yolo vector
optimizer = optim.SGD(net.parameters(), lr=self.rpg.learning_rate, momentum=self.rpg.momentum)
start_time = time.perf_counter()
Loss_tally = []
elapsed_time = 0.0
yolo_interval = self.rpg.yolo_interval
num_yolo_cells = (self.rpg.image_size[0] // yolo_interval) * (self.rpg.image_size[1] // yolo_interval)
num_anchor_boxes = 5
# (height/width)
1/5 1/3 1/1 3/1 5/1
max_obj_num = 5
for epoch in range(self.rpg.epochs):
running_loss = 0.0
for iter, data in enumerate(self.train_dataloader):
yolo_tensor = torch.zeros( self.rpg.batch_size, num_yolo_cells, num_anchor_boxes, 8 )
im_tensor, seg_mask_tensor, bbox_tensor, bbox_label_tensor, num_objects_in_image = data
im_tensor
= im_tensor.to(self.rpg.device)
seg_mask_tensor = seg_mask_tensor.to(self.rpg.device)
bbox_tensor = bbox_tensor.to(self.rpg.device)
bbox_label_tensor = bbox_label_tensor.to(self.rpg.device)
yolo_tensor = yolo_tensor.to(self.rpg.device)
cell_height = yolo_interval
cell_width = yolo_interval
num_cells_image_width = self.rpg.image_size[0] // yolo_interval
num_cells_image_height = self.rpg.image_size[1] // yolo_interval
height_center_bb = torch.zeros(im_tensor.shape[0], 1).float().to(self.rpg.device)
width_center_bb = torch.zeros(im_tensor.shape[0], 1).float().to(self.rpg.device)
obj_bb_height = torch.zeros(im_tensor.shape[0], 1).float().to(self.rpg.device)
obj_bb_width = torch.zeros(im_tensor.shape[0], 1).float().to(self.rpg.device)
## idx is for object index
for idx in range(max_obj_num):
## Note that the bounding-box coordinates are in the (x,y) format, with x-positive going to
## right and the y-positive going down. A bbox is specified by (x_min,y_min,x_max,y_max):
## in what follows, the first index (set to 0) is for the batch axis
height_center_bb = (bbox_tensor[0,idx,1] + bbox_tensor[0,idx,3]) // 2
width_center_bb = (bbox_tensor[0,idx,0] + bbox_tensor[0,idx,2]) // 2
obj_bb_height = bbox_tensor[0,idx,3] - bbox_tensor[0,idx,1]
obj_bb_width = bbox_tensor[0,idx,2] - bbox_tensor[0,idx,0]
if (obj_bb_height < 4.0) or (obj_bb_width < 4.0): continue

##
##
##
##

(3)
(4)
(5)
(6)

##
##
##
##
##
##

(7)
(8)
(9)
(10)
(11)
(12)

## (13)
## (14)
## (15)

##
##
##
##
##
##
##
##

(16)
(17)
(18)
(19)
(20)
(21)
(22)
(23)

## (24)

##
##
##
##
##

(25)
(26)
(27)
(28)
(29)

cell_row_indx = (height_center_bb / yolo_interval).int()
## for the i coordinate
cell_col_indx = (width_center_bb / yolo_interval).int()
## for the j coordinates
cell_row_indx = torch.clamp(cell_row_indx, max=num_cells_image_height - 1)
cell_col_indx = torch.clamp(cell_col_indx, max=num_cells_image_width - 1)
bh = obj_bb_height.float() / yolo_interval
bw = obj_bb_width.float() / yolo_interval

##
##
##
##
##
##

(30)
(31)
(32)
(33)
(34)
(35)

## You have to be CAREFUL about object center calculation since bounding-box coordinates
## are in (x,y) format --- with x-positive going to the right and y-positive going down.
obj_center_x = (bbox_tensor[0,idx][2].float() + bbox_tensor[0,idx][0].float()) / 2.0
obj_center_y = (bbox_tensor[0,idx][3].float() + bbox_tensor[0,idx][1].float()) / 2.0

## (36)
## (37)
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Training the Multi-Instance Detector (contd.)
(...... continued from the previous slide)
## Now you need to switch back from (x,y) format to (i,j) format:
yolocell_center_i = cell_row_indx*yolo_interval + float(yolo_interval) / 2.0
yolocell_center_j = cell_col_indx*yolo_interval + float(yolo_interval) / 2.0
del_x = (obj_center_x.float() - yolocell_center_j.float()) / yolo_interval
del_y = (obj_center_y.float() - yolocell_center_i.float()) / yolo_interval
class_label_of_object = bbox_label_tensor[0,idx].item()
if class_label_of_object == 13: continue
AR = obj_bb_height.float() / obj_bb_width.float()
if AR <= 0.2:
anch_box_index = 0
if 0.2 < AR <= 0.5:
anch_box_index = 1
if 0.5 < AR <= 1.5:
anch_box_index = 2
if 1.5 < AR <= 4.0:
anch_box_index = 3
if AR > 4.0:
anch_box_index = 4
yolo_vector = torch.FloatTensor([0,del_x.item(), del_y.item(), bh.item(), bw.item(), 0, 0, 0] )
yolo_vector[0] = 1
yolo_vector[5 + class_label_of_object] = 1
yolo_cell_index = cell_row_indx.item() * num_cells_image_width + cell_col_indx.item()
yolo_tensor[0,yolo_cell_index, anch_box_index] = yolo_vector
yolo_tensor_aug = torch.zeros(self.rpg.batch_size, num_yolo_cells, \
num_anchor_boxes,9).float().to(self.rpg.device)
yolo_tensor_aug[:,:,:,:-1] = yolo_tensor
## If no object is present, throw all the prob mass into the extra 9th ele of yolo_vector
for icx in range(num_yolo_cells):
for iax in range(num_anchor_boxes):
if yolo_tensor_aug[0,icx,iax,0] == 0:
yolo_tensor_aug[0,icx,iax,-1] = 1
optimizer.zero_grad()
output = net(im_tensor)
predictions_aug = output.view(self.rpg.batch_size,num_yolo_cells,num_anchor_boxes,9)
loss = torch.tensor(0.0, requires_grad=True).float().to(self.rpg.device)
for icx in range(num_yolo_cells):
for iax in range(num_anchor_boxes):
pred_yolo_vector = predictions_aug[0,icx,iax]
target_yolo_vector = yolo_tensor_aug[0,icx,iax]
## Estiming presence/absence of object and the Binary Cross Entropy section:
object_presence = nn.Sigmoid()(torch.unsqueeze(pred_yolo_vector[0], dim=0))
target_for_prediction = torch.unsqueeze(target_yolo_vector[0], dim=0)
bceloss = criterion1(object_presence, target_for_prediction)
loss += bceloss
## MSE section for regression params:
pred_regression_vec = pred_yolo_vector[1:5]
pred_regression_vec = torch.unsqueeze(pred_regression_vec, dim=0)
target_regression_vec = torch.unsqueeze(target_yolo_vector[1:5], dim=0)
regression_loss = criterion2(pred_regression_vec, target_regression_vec)
loss += regression_loss

##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##

(38)
(39)
(40)
(41)
(42)
(43)
(44)
(45)
(46)
(47)
(48)
(49)
(50)
(51)
(52)
(53)
(54)

## (55)
## (56)
##
##
##
##
##
##
##
##

(57)
(58)
(59)
(60)
(61)
(62)
(63)
(64)

##
##
##
##

(65)
(66)
(67)
(68)

##
##
##
##

(69)
(70)
(71)
(72)

##
##
##
##
##

(73)
(74)
(75)
(76)
(77)

(Continued on the next slide .....)
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Training the Multi-Instance Detector (contd.)
(...... continued from the previous slide)
## CrossEntropy section for object class label:
probs_vector = pred_yolo_vector[5:]
##
probs_vector = torch.unsqueeze( probs_vector, dim=0 )
##
target = torch.argmax(target_yolo_vector[5:])
##
target = torch.unsqueeze( target, dim=0 )
##
class_labeling_loss = criterion3(probs_vector, target)
##
loss += class_labeling_loss
##
loss.backward()
##
optimizer.step()
##
running_loss += loss.item()
##
if iter%1000==999:
##
current_time = time.perf_counter()
elapsed_time = current_time - start_time
avg_loss = running_loss / float(1000)
##
print("\n[epoch:%d/%d, iter=%4d elapsed_time=%5d secs]
mean value for loss: %7.4f" %
(epoch+1,self.rpg.epochs, iter+1, elapsed_time, avg_loss))
##
Loss_tally.append(running_loss)
running_loss = 0.0
##
if display_labels:
predictions = output.view(self.rpg.batch_size,num_yolo_cells,num_anchor_boxes,9)
##
for ibx in range(predictions.shape[0]):
# for each batch image
##
icx_2_best_anchor_box = {ic : None for ic in range(36)}
##
for icx in range(predictions.shape[1]):
# for each yolo cell
##
cell_predi = predictions[ibx,icx]
##
prev_best = 0
##
for anchor_bdx in range(cell_predi.shape[0]):
##
if cell_predi[anchor_bdx][0] > cell_predi[prev_best][0]:
##
prev_best = anchor_bdx
##
best_anchor_box_icx = prev_best
##
icx_2_best_anchor_box[icx] = best_anchor_box_icx
##
sorted_icx_to_box = sorted(icx_2_best_anchor_box,
key=lambda x: predictions[ibx,x,icx_2_best_anchor_box[x]][0].item(), reverse=True)
##
retained_cells = sorted_icx_to_box[:5]
##
objects_detected = []
##
for icx in retained_cells:
##
pred_vec = predictions[ibx,icx, icx_2_best_anchor_box[icx]]
##
class_labels_predi = pred_vec[-4:]
##
class_labels_probs = torch.nn.Softmax(dim=0)(class_labels_predi)
##
class_labels_probs = class_labels_probs[:-1]
##
if torch.all(class_labels_probs < 0.25):
##
predicted_class_label = None
##
else:
best_predicted_class_index = (class_labels_probs == class_labels_probs.max())
##
best_predicted_class_index =torch.nonzero(best_predicted_class_index,as_tuple=True)##
predicted_class_label =self.rpg.class_labels[best_predicted_class_index[0].item()] ##
objects_detected.append(predicted_class_label)
##
print("[batch image=%d] objects found in descending probability order: " % ibx,
objects_detected)
##
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Training Loss versus Iterations
Shown below is the training loss I get when I execute the code in
run code for training multi instance detection() over 20 epochs.
Starting with Slide 84, I will present equally impressive results on the
validation dataset.
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Evaluating a Multi-Instance Object Detector
It is straightforward to write the evaluation logic for the case of
single-instance object detectors discussed in my Week 7 lecture. If we
assume that each image has at most one instance of an object in it,
then the evaluation consists of comparing the class label predicted for
the image with its true label. If the detection also involves estimating
the bounding-box for the object in the image, it is just as easy to
evaluate the accuracy achieved for the predicted bounding box
vis-a-vis the ground-truth bounding box.
However, evaluating a multi-instance object detector is much more
complicated for several reasons. First and foremost, a successful
detection of an instance in a given cell/anchorbox combo depends on
the value predicted for the first element of the yolo-vector for that
combo and also for the values estimated for the last three elements of
the yolo-vector where we estimate the probability of the class label for
that instance (assuming it is there).
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Evaluating a Multi-Instance Detector (contd.)
Assuming that the detection logic applied to the 1st and the 6th
through 8th elements of the yolo-vector indicated the presence of an
object instance, you then have to get hold of the predicted bounding
box based on the values in the 2nd through the 5th elements of the
yolo-vector and estimate the IoU metric when applied to ground-truth
and the predicted bounding-boxes.
As you will recall from the multi-loss function presented on Slide 40,
we use the nn.BCELoss for the first element of the predicted yolo-vector
for each cell/anchorbox combo, implying that we treat the predicted
value in the first element as binary detector for detemining the
presence or absence of an object instance. Therefore, at inference
time, we must apply a decision threshold to this element in order to
accept the predicted instance offered. This threshold obviously has a
significant bearing on the overall performance of the detector.
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Evaluating a Multi-Instance Detector (contd.)
Starting with this slide, I’ll now use some results from the YOLO
multi-instance object detector to illustrate the challenges involved in
the evaluation of such detectors. But, first, shown below is a typical
case in which all the instances are detected correctly and with the
predicted bounding boxes that appear to be reasonably good
approximations to the ground-truth bounding boxes.
[To keep the displays from being too cluttered visually, I have not shown the ground-truth bounding boxes —
especially because you can easily imagine them for the object instances in question. ]
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Evaluation Issue — Missed Detections
Now for the more difficult cases, shown below is a case in which there
is a single instance of an object — Dr Eval in this case — in the
image, but the instance is barely visible. It is highly likely that this
instance will not be detectable based merely on the values in the 1st
and the 6th through 8th elements of the yolo-vector for the applicable
cell/anchorbox combo. To account for such cases in the output, the
evaluation must include a category called “missed detections” for
each object type.
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Evaluation Issue — Inconsistent Evidence
Shown below is a case involving an object — the watertowers — that
is very thin for the most part and whose predicted bounding-box has
zero overlap with the ground-truth bounding box for one such
instance. That raises an interesting question: How to deal with the
case when the labeling evidence is inconsistent with the regression
evidence. That is, when the predicted bounding-box does not capture
any part of the instance corresponding to the predicted label.
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Evaluation Issue — Double Detections
Shown below is an evaluation difficulty caused by the double
detections of the same instance. This can happen when the center of
the ground-truth bounding-box for an instance happens to fall exactly
on the edge between two adjacent cells in the YOLO grid overlaid on
the image. Such double detections can be eliminated by the
“non-maximum suppression” algorithm that uses an appropriate
criterion to, first, decide that the two neighboring detections are for
the same instance and then rejecting the weaker of the two.
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Testing the Multi-Instance Object Detector
The explanations in this section are based on the code in the function
run code for testing multi instance detection() of the RPG module.
I also assume that the function named above will be run on the test
dataset that comes for experiments with multi-instance object
detection using the RPG module. This dataset is NOT used for the
training routine presented earlier.
In the code shown in this section for
run code for testing multi instance detection(), in the statements that
immediately follow Line (1), we have the initializations for what is
needed for the calculation of the confusion matrix for the object
instance labels. And in Line (2), we do the same for the calcuation of
the IoU metric for measuring the accuracy of the predicted bounded
boxes vis-a-vis the ground-truth bounding boxes.
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Testing the Multi-Instance Detector (contd.)
In the statement in Line (3), the

looks like
where ’0’ is a
genuine class label for ’Dr.Eval’ and the number 13 as a label
represents the case when there is no object. As you will recall, each
image has a max of 5 object instances in it. So the 5 positions in the
tensor are for each of those instances. The bounding-boxes for each
of those five instances are in the tensor bbox tensor and their
segmentation masks in the tensor seg mask tensor.
tensor bbox label tensor

tensor([0,0,13,13,13], device=’cuda:0’,dtype=torch.uint8)

In Line (4), we feed the testing data tensor into our neural network
that was described earlier in Slide 51. And in Line (5), we reshape the
output of the network so that it corresponds to the shape of the
yolo tensor as defined on Slide 34.
Starting in Line (6), our goal is to look through all the cells and
identify at most five of the cells/anchorbox combos for which the
value in the first element of the predicted yolo-vectors are the
Purdue
University
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Testing the Multi-Instance Detector (contd.)
Starting in Line (7), for each of the 36 cells of the yolo-grid overlaid
on the image, we examine the value in the first element of the
yolo-vector for each of the five anchorboxes for the cell. For each cell,
we retain the anchorbox that has the highest probability of detection
in the first element of the yolo-vector. In the ’for’ loop that begins in
Line (6), I use ibx for the batch instance index. However, note that
the code shown has been tested for a batch size of just 1 (as is not
uncommonly the case at inference time). Additionally, I use icx for
the cell index, and anchor bdx as the anchorbox index for each cell.
In Line (15), we sort all the cell/anchorbox combos retained in the
loop described above and then in Line (16), we retain the top five of
those on the basis of the probabilities in the first element in the
predicted yolo-vectors.
That takes to the loop in Lines (18) through (42), which is explained
on the next slide.
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Testing the Multi-Instance Detector (contd.)
In Lines (19) through (24), our first job is to figure out if the
probability mass in the 6th , 7th , and 8th elements of the predicted
yolo-vector is large enough to warrant paying further attention to the
cell/anchorbox combo in question.
To understand the logic in Lines (22), (23) and (24), you need to
recall that an additional element was appended to the 8-element
yolo-vectors for accumulating the probability mass for the case when
there is no object instance assigned to a cell/anchorbox combo.
In Line (22) we get hold of the probabilities in the 6th , 7th , and 8th
elements of the augmented yolo-vector. Since we have only three
object classes in our training data, a noise-induced random
assignment of probabilities to the 6th , 7th , and 8th elements and the
additional 9th element used for augmentation will roughly equal 0.25.
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Testing the Multi-Instance Detector (contd.)
Therefore, if the largest value stored in the elements 6th , 7th , and 8th
does not exceed, say, 0.2, we can be reasonably certain that the
cell/anchorbox in question does not contain a viable instance.
Lines (25) through (42) deal with the case when we are reasonably
certain that we are looking at a cell/anchorbox combo that contains
an object instance. Of these, Lines (25) through (29) get hold of the
element index that has the largest value amongst the 6th , 7th , and 8th
elements. The statement in Line (25) returns a Boolean tensor whose
elements are either True or False. With the statements in Line (26)
and (27), we get hold of the index of the element where the value is
True. That gives us the index of the class label for the object
instance. Line (28) gives us the symbolic name of the class.
Lines (30) through (42) are for getting hold of the predictions for the
regression elements of the yolo-vectors as explained on the next slide.
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Testing the Multi-Instance Detector (contd.)
In Line (30), we store the 2nd through 5th elements of the predicted
yolo-vector in the variable pred regression vec. The first two elements
of this vector, as accessed in Line (31), are for the δx and δy
displacments of the center of the predicted bounding-box vis-a-vis the
center of the cell as shown on Slide 36. And the other two elements
as accessed in Line (32) are for the height h and the width w of the
bounding box.
Since the variables δx, δy , h, and w are normalized by the variable
yolo interval at training time, we de-normalize them and use them to
estimate the coordinates of the actual center of the predicted
bounding box and its top-left corner in Lines (33) through (42).
Just after Line (42), the ground-truth bounding-boxes are in the
(x1, y 1, x2, y 2) format in which (x1, y 1) are the coordinates of the
top-left corner and (x2, y 2) of the bottom-right corner. On the other
hand, the predicted bounding boxes are in the (x, y , h, w ) format.
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Testing the Multi-Instance Detector (contd.)
Note that when I use the notation (x, y ) for the pixel coordinates, x
is the horizontal coordinate that is positive to the right and y is the
vertical coordinate positive downwards.
The goal of the loop in Lines (45) through (56) is to compare each of
the predicted bounding boxes with every one of the ground-truth
bounding boxes to figure out the mappings between the predicted
bboxes and the ground-truth bboxes. This comparison involves
calculating the IoU distance between a predicted bbox and a gt bbox
by calling IoU calculator(predicted bboxes[i], gt bboxes[j]) in Line (54).
[An important consequence of this IoU based comparison: If there is no intersection between the predicted and the
ground-truth bounding boxes and even if the classification label was correctly identified, that would be treated as a
missed detection.]

For each predicted bounding box, we rank order the ground-truth
bounding boxes on the basis of the IoU values and choose the best
ground-truth bounding-box in Line (56).
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Testing the Multi-Instance Detector (contd.)
Note that the predicted to the ground-truth bbox mappings stored in
the mapping from pred to gt dictionary are in terms of the integer indexes
associated with the bounding boxes.
Now that we have found found the best possible pairings between the
predicted and the gt bboxes, we need to compare their class labels for
filling out the confusion matrix that was defined originally in the
statement just after Line (1). This comparison is based on the integer
indexes associated with the symbolic class names.
The integer indexes for the symbolic class labels of the ground-truth
bounding-boxes are stored in the variable gt labels in Line (57) and
the same for the predicted bounding-boxes in pred labels ints in Line
(58). In Line (58), we accumulated the integer integer indexes for the
predicted class labels in the variable predicted label index vals earlier in
Line (27).
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Testing the Multi-Instance Detector (contd.)
Using the integer indexes for the class labels and the mapping from
the integer indexes associated with the predicted bboxes to the
ground-truth bboxes, we now fill out the confusion matrix in Line (60).
The statement in Line (67) updates the IoU scores accumulated for
each class label. To understand this statement, note that the
dictionary mapping from pred to gt constructed in Line (56) records not
only the ground-truth bbox index for a given predicted bbox index but
also the IoU score for the mapping. In Line (56), the target index and
the IoU score are put away as a tuple.
The code in Lines (68) through (71) is for displaying the image that
also shows the annotated bounding-boxes for the predicted objects
instances. And the code segment that begins with Line (72) is for
displaying the Confusion Matrix and other ancillary stats related to
the classification performance of the detector. The section of the
code that begins with Line (73) outputs the IoU scores for the
Purdue
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Testing the Multi-Instance Detector (contd.)
Finally, the definition of the
(74).

IoU calculator

is provided starting at Line

The IoU calculator has two required arguments: the two
bounding-boxes whose IoU you want to calculate. It assumes that
each bounding-box is described by a 4-tuple whose first two entries
are the integer coordinates of the top-left corner of the bounding box
and the last two entries the same for the bottom-right corner.
The corner coordinates in the bounding-box args supplied to the
IoU calculator are in the (x, y ) format as opposed to the (i, j) format.
In the (x, y ) format, x is the horizontal coordinate with positive going
to the right and y the vertical coordinate with positive pointing
straight down.
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Testing the Multi-Instance Detector (contd.)
def run_code_for_testing_multi_instance_detection(self, net, display_images=False):
yolo_debug = False
net.load_state_dict(torch.load(self.rpg.path_saved_yolo_model))
net = net.to(self.rpg.device)
yolo_interval = self.rpg.yolo_interval
num_yolo_cells = (self.rpg.image_size[0] // yolo_interval) * (self.rpg.image_size[1] // yolo_interval)
num_anchor_boxes = 5
# (height/width)
1/5 1/3 1/1 3/1 5/1
## The next 5 assignment are for the calculations of the confusion matrix:
confusion_matrix = torch.zeros(3,3)
# We have only 3 classes: Dr. Eval, house, and watertower
class_correct = [0] * len(self.rpg.class_labels)
class_total = [0] * len(self.rpg.class_labels)
totals_for_conf_mat = 0
totals_correct = 0
## We also need to report the IoU values for the different types of objects
iou_scores = [0] * len(self.rpg.class_labels)
with torch.no_grad():
for iter, data in enumerate(self.test_dataloader):
im_tensor, seg_mask_tensor, bbox_tensor, bbox_label_tensor, num_objects_in_image = data
if iter % 50 == 49:
im_tensor
= im_tensor.to(self.rpg.device)
seg_mask_tensor = seg_mask_tensor.to(self.rpg.device)
bbox_tensor = bbox_tensor.to(self.rpg.device)
output = net(im_tensor)
predictions = output.view(self.rpg.batch_size,num_yolo_cells,num_anchor_boxes,9)
for ibx in range(predictions.shape[0]):
# for each batch image
icx_2_best_anchor_box = {ic : None for ic in range(36)}
for icx in range(predictions.shape[1]):
# for each yolo cell
cell_predi = predictions[ibx,icx]
prev_best = 0
for anchor_bdx in range(cell_predi.shape[0]):
if cell_predi[anchor_bdx][0] > cell_predi[prev_best][0]:
prev_best = anchor_bdx
best_anchor_box_icx = prev_best
icx_2_best_anchor_box[icx] = best_anchor_box_icx
sorted_icx_to_box = sorted(icx_2_best_anchor_box,
\
key=lambda x: predictions[ibx,x,icx_2_best_anchor_box[x]][0].item(), reverse=True)
retained_cells = sorted_icx_to_box[:5]
## We will now identify the objects in the retained cells and also extract their bounding boxes:
objects_detected = []
predicted_bboxes = []
predicted_labels_for_bboxes = []
predicted_label_index_vals = []

## (1)

## (2)
## (3)

## (4)
## (5)
##
##
##
##
##
##
##
##
##

(6)
(7)
(8)
(9)
(10)
(11)
(12)
(13)
(14)

## (15)
## (16)
## (17)

(Continued on the next slide .....)
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Evaluation Logic (contd.)
(...... continued from the previous slide)
for icx in retained_cells:
pred_vec = predictions[ibx,icx, icx_2_best_anchor_box[icx]]
class_labels_predi = pred_vec[-4:]
class_labels_probs = torch.nn.Softmax(dim=0)(class_labels_predi)
class_labels_probs = class_labels_probs[:-1]
if torch.all(class_labels_probs < 0.2):
predicted_class_label = None
else:
## Get the predicted class label:
best_predicted_class_index = (class_labels_probs == class_labels_probs.max())
best_predicted_class_index = torch.nonzero(best_predicted_class_index, as_tuple=True)
predicted_label_index_vals.append(best_predicted_class_index[0].item())
predicted_class_label = self.rpg.class_labels[best_predicted_class_index[0].item()]
predicted_labels_for_bboxes.append(predicted_class_label)
## Analyze the predicted regression elements:
pred_regression_vec = pred_vec[1:5].cpu()
del_x,del_y = pred_regression_vec[0], pred_regression_vec[1]
h,w = pred_regression_vec[2], pred_regression_vec[3]
h *= yolo_interval
w *= yolo_interval
cell_row_index = icx // 6
cell_col_index = icx % 6
bb_center_x = cell_col_index * yolo_interval + yolo_interval/2 + del_x * yolo_interval
bb_center_y = cell_row_index * yolo_interval + yolo_interval/2 + del_y * yolo_interval
bb_top_left_x = int(bb_center_x - w / 2.0)
bb_top_left_y = int(bb_center_y - h / 2.0)
predicted_bboxes.append( [bb_top_left_x, bb_top_left_y, int(w), int(h)] )
## make a deep copy of the predicted_bboxes for eventual visual display:
saved_predicted_bboxes =[ predicted_bboxes[i][:] for i in range(len(predicted_bboxes)) ]
## To account for the batch axis, the bb_tensor is of shape [1,5,4]. At this point, we get rid of the batch axis
## and turn the tensor into a numpy array.
gt_bboxes = torch.squeeze(bbox_tensor).cpu().numpy()
## We want the predictions bboxes to be in the same format as the GT bboxes:
for pred_bbox in predicted_bboxes:
w,h = pred_bbox[2], pred_bbox[3]
pred_bbox[2] = pred_bbox[0] + w
pred_bbox[3] = pred_bbox[1] + h
## These are the mappings from indexes for the predicted bboxes to the indexes for the gt bboxes:
mapping_from_pred_to_gt = { i : None for i in range(len(predicted_bboxes))}
for i in range(len(predicted_bboxes)):
gt_possibles = {k : 0.0 for k in range(5)}
## 0.0 for IoU
for j in range(len(gt_bboxes)):
if all(gt_bboxes[j][x] == 0 for x in range(4)): continue
## 4 is for the four coords of a bbox
gt_possibles[j] = self.IoU_calculator(predicted_bboxes[i], gt_bboxes[j])
sorted_gt_possibles = sorted(gt_possibles, key=lambda x: gt_possibles[x], reverse=True)
mapping_from_pred_to_gt[i] = (sorted_gt_possibles[0], gt_possibles[sorted_gt_possibles[0]])
gt_labels = torch.squeeze(bbox_label_tensor).cpu().numpy()
## These are the predicted numeric class labels for the predicted bboxes in the image
pred_labels_ints = predicted_label_index_vals
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##
##
##
##
##
##
##

(18)
(19)
(20)
(21)
(22)
(23)
(24)

##
##
##
##
##

(25)
(26)
(27)
(28)
(29)

##
##
##
##
##
##
##
##
##
##
##
##

(30)
(31)
(32)
(33)
(34)
(35)
(37)
(38)
(39)
(40)
(41)
(42)

## (43)
## (44)
##
##
##
##

(45)
(46)
(47)
(48)

##
##
##
##
##
##
##
##
##

(49)
(50)
(51)
(52)
(53)
(54)
(55)
(56)
(57)

## (58)
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Evaluation Logic (contd.)
(...... continued from the previous slide)
for i,bbox_pred in enumerate(predicted_bboxes):
if gt_labels[pred_labels_ints[i]] != 13:
confusion_matrix[gt_labels[mapping_from_pred_to_gt[i][0]]][pred_labels_ints[i]] += 1
totals_for_conf_mat += 1
class_total[gt_labels[mapping_from_pred_to_gt[i][0]]] += 1
if gt_labels[mapping_from_pred_to_gt[i][0]] == pred_labels_ints[i]:
totals_correct += 1
class_correct[gt_labels[mapping_from_pred_to_gt[i][0]]] += 1
iou_scores[gt_labels[mapping_from_pred_to_gt[i][0]]] += mapping_from_pred_to_gt[i][1]
## If the user wants to see the image with the predicted bboxes and also the predicted labels:
if display_images:
predicted_bboxes = saved_predicted_bboxes
if yolo_debug:
print("[batch image=%d] objects found in descending probability order: " % ibx, predicted_labels_for_bboxes)
logger = logging.getLogger()
old_level = logger.level
logger.setLevel(100)
fig = plt.figure(figsize=[12,12])
ax = fig.add_subplot(111)
display_scale = 2
new_im_tensor = torch.nn.functional.interpolate(im_tensor,
scale_factor=display_scale, mode=’bilinear’, align_corners=False)
ax.imshow(np.transpose(torchvision.utils.make_grid(new_im_tensor,
normalize=True, padding=3, pad_value=255).cpu(), (1,2,0)))
for i,bbox_pred in enumerate(predicted_bboxes):
x,y,w,h = np.array(bbox_pred)
x,y,w,h = [item * display_scale for item in (x,y,w,h)]
rect = Rectangle((x,y),w,h,angle=0.0,edgecolor=’r’,fill = False,lw=2)
ax.add_patch(rect)
ax.annotate(predicted_labels_for_bboxes[i], (x,y-1), color=’red’, weight=’bold’, fontsize=10*display_scale)
plt.show()
logger.setLevel(old_level)

##
##
##
##
##
##
##
##
##

(59)
(60)
(61)
(62)
(63)
(64)
(65)
(66)
(67)

## (68)

## (69)
## (70)
## (71)

## Our next job is to present to the user the information collected for the confusion matrix for the validation dataset:
for j in range(len(self.rpg.class_labels)):
## (72)
print(’Prediction accuracy for %5s : %2d %%’ % (self.rpg.class_labels[j], 100 * class_correct[j] / class_total[j]))
print("\n\n\nOverall accuracy of the network on the 10000 test images: %d %%" % (100 * sum(class_correct) / float(sum(class_total))))
print("\n\nDisplaying the confusion matrix:\n")
out_str = "
"
for j in range(len(self.rpg.class_labels)): out_str += "%15s" % self.rpg.class_labels[j]
out_str += "%15s" % "missing"
print(out_str + "\n")
for i,label in enumerate(self.rpg.class_labels):
out_percents = [100 * confusion_matrix[i,j] / float(class_total[i]) for j in range(len(self.rpg.class_labels))]
missing_percent = 100 - sum(out_percents)
out_percents.append(missing_percent)
out_percents = ["%.2f" % item.item() for item in out_percents]
out_str = "%10s: " % self.rpg.class_labels[i]
for j in range(len(self.rpg.class_labels)+1): out_str += "%15s" % out_percents[j]
print(out_str)
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Evaluation Logic (contd.)
(...... continued from the previous slide)
print("\n\nNOTE 1: ’missing’ means that an object instance of that label was NOT extracted from the image.")
print("\nNOTE 2: ’prediction accurary’ means the labeling accuracy for the extracted objects.")
print("\nNOTE 3: True labels are in the left-most column and the predicted labels at the top of the table.")
## Finally, we present to the user the IoU scores for each of the object types:
iou_score_by_label = {self.rpg.class_labels[i] : 0.0 for i in range(len(self.rpg.class_labels))}
for i,label in enumerate(self.rpg.class_labels):
iou_score_by_label[self.rpg.class_labels[i]] = iou_scores[i]/float(class_total[i])
print("\n\nIoU scores for the different types of objects: ")
for obj_type in iou_score_by_label:
print("\n
%10s:
%.4f" % (obj_type, iou_score_by_label[obj_type]))

## (73)

def IoU_calculator(self, bbox1, bbox2, seg_mask1=None, seg_mask2=None):
"""
I assume that a bbox is defined by a 4-tuple, with the first two integers standing for the
top-left coordinate in the (x,y) format and the last two integers for the bottom-right coordinates
in also the (x,y) format. By (x,y) format I mean that x stands for the horiz axis with positive to
the right and y for the vert coord with positive pointing downwards.
"""
union = intersection = 0
b1x1,b1y1,b1x2,b1y2 = bbox1
## b1 refers to bbox1
b2x1,b2y1,b2x2,b2y2 = bbox2
## b2 refers to bbox2
for x in range(self.rpg.image_size[0]):
## image is 128x128
for y in range(self.rpg.image_size[1]):
if ( ( ( (x >= b1x1) and (x >= b2x1) ) and ( (y >= b1y1) and (y >= b2y1) ) ) and \
( ( (x < b1x2) and (x < b2x2) ) and ((y < b1y2) and (y < b2y2)) ) ):
intersection += 1
if ( ( (x >= b1x1) and (x <b1x2) ) and ((y >= b1y1) and (y < b1y2)) ):
union += 1
if ( ( (x >= b2x1) and (x <b2x2) ) and ((y >= b2y1) and (y < b2y2)) ):
union += 1
union = union - intersection
if union == 0.0:
raise Exception("something_wrong")
iou = intersection / float(union)
return iou

## (74)
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Validation Results on Multi-Instance Detection

Validation Results on Multi-Instance Detection
I’ll now show some results from running the script
multi_instance_object_detection.py

in the ExamplesObjectDetection directory of the RegionProposalGenerator
(RPG) module. In order to get the sort of results I show in this
section, please make sure that your version of the RPG is 2.0.8 or
higher.
The results I’ll be showing are based on 20 epochs of training. When
doing their multi-instance object detection homework based on the
code illustrated in these lecture slides, some students in my class at
Purdue have run their training for up to 80 epochs. I have noticed
that it can take a lot more than 20 epochs of training for getting the
best possible results — especially on datasets as complex as the
COCO dataset.
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Validation Results on Multi-Instance Detection (contd.)

(a) At iteration 100

(b) At iteration 200

Showing output for test image 100:

Showing output for test image 200:

For predicted bbox 0: the best gt bbox is: 1
For predicted bbox 1: the best gt bbox is: 0
For predicted bbox 2: the best gt bbox is: 2

For
For
For
For

predicted
predicted
predicted
predicted

bbox
bbox
bbox
bbox

0:
1:
2:
3:

the
the
the
the

best
best
best
best

gt
gt
gt
gt

bbox
bbox
bbox
bbox

is:
is:
is:
is:

2
0
3
1

mapping from pred to gt: {0: (1, 0.48), 1: (0, 0.20), 2: (2, 0.20)}

mapping from pred to gt: {0: (2, 0.61), 1: (0, 0.81), 2: (3, 0.43), 3: (1, 0.37

for i=0, the predicted label: house
the ground truth label: house
for i=1, the predicted label: Dr Eval
the ground truth label: Dr Eval
for i=2, the predicted label: watertower
the ground truth label: watertower

for
for
for
for
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i=0,
i=1,
i=2,
i=3,

the
the
the
the

predicted
predicted
predicted
predicted

label:
label:
label:
label:

house
the ground truth label: house
Dr Eval
the ground truth label: Dr Eval
Dr Eval
the ground truth label: Dr Eval
Dr Eval
the ground truth label: Dr Eval
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Validation Results on Multi-Instance Detection (contd.)

(a) At iteration 300
Showing output for test image 300:
For
For
For
For

predicted
predicted
predicted
predicted

bbox
bbox
bbox
bbox

0:
1:
2:
3:

the
the
the
the

best
best
best
best

gt
gt
gt
gt

bbox
bbox
bbox
bbox

Showing output for test image 400:
is:
is:
is:
is:

0
3
1
2

mapping from pred to gt: {0: (0, 0.51), 1: (3, 0.81), 2: (1, 0.34), 3: (2, 0.21)}
for
for
for
for

i=0,
i=1,
i=2,
i=3,

the
the
the
the

predicted
predicted
predicted
predicted
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label:
label:
label:
label:

(b) At iteration 400

mapping from pred to gt: {}

house
the ground truth label: house
house
the ground truth label: house
watertower
the ground truth label: watertower
Dr Eval
the ground truth label: Dr Eval
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Validation Results on Multi-Instance Detection (contd.)

(a) At iteration 500

(b) At iteration 600

Showing output for test image 500:

Showing output for test image 600:

For predicted bbox 0: the best gt bbox is: 0

For
For
For
For
For

mapping from pred to gt: {0: (0, 0.39)}
for i=0, the predicted label: Dr Eval
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the ground truth label: Dr Eval

predicted
predicted
predicted
predicted
predicted

bbox
bbox
bbox
bbox
bbox

0:
1:
2:
3:
4:

the
the
the
the
the

best
best
best
best
best

gt
gt
gt
gt
gt

bbox
bbox
bbox
bbox
bbox

is:
is:
is:
is:
is:

0
2
3
1
3

mapping from pred to gt: {0: (0, 0.59), 1: (2, 0.44), 2: (3, 0.20), 3: (1, 0.4
4: (3, 0.25)}
for
for
for
for
for

i=0,
i=1,
i=2,
i=3,
i=4,

the
the
the
the
the

predicted
predicted
predicted
predicted
predicted

label:
label:
label:
label:
label:

house
the ground truth label: house
Dr Eval
the ground truth label: Dr Eval
house
the ground truth label: house
watertower
the ground truth label: watertowe
house
the ground truth label: house
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Validation Results on Multi-Instance Detection (contd.)

(a) At iteration 700

(b) At iteration 800

Showing output for test image 700:

Showing output for test image 800:

For predicted bbox 0: the best gt bbox is: 1
For predicted bbox 1: the best gt bbox is: 2
For predicted bbox 2: the best gt bbox is: 0

For predicted bbox 0: the best gt bbox is: 0
For predicted bbox 1: the best gt bbox is: 2
For predicted bbox 2: the best gt bbox is: 1

mapping from pred to gt: {0: (1, 0.75), 1: (2, 0.16), 2: (0, 0.19)}

mapping from pred to gt: {0: (0, 0.71), 1: (2, 0.67), 2: (1, 0.58)}

for i=0, the predicted label: house
the ground truth label: house
for i=1, the predicted label: house
the ground truth label: house
for i=2, the predicted label: watertower
the ground truth label: house

for i=0, the predicted label: house
the ground truth label: house
for i=1, the predicted label: house
the ground truth label: house
for i=2, the predicted label: Dr Eval
the ground truth label: Dr Eval
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Validation Results on Multi-Instance Detection (contd.)

(a) At iteration 900

Showing output for test image 900:

(b) At iteration 1000

Showing output for test image 1000:

For predicted bbox 0: the best gt bbox is: 0
For predicted bbox 1: the best gt bbox is: 1

For predicted bbox 0: the best gt bbox is: 0
For predicted bbox 1: the best gt bbox is: 1

mapping from pred to gt: {0: (0, 0.48), 1: (1, 0.33)}

mapping from pred to gt: {0: (0, 0.30), 1: (1, 0.61)}

for i=0, the predicted label: Dr Eval
the ground truth label: Dr Eval
for i=1, the predicted label: watertower
the ground truth label: watertower

for i=0, the predicted label: watertower
for i=1, the predicted label: watertower
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the ground truth label: watertowe
the ground truth label: watertowe
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Overall Results on the Validation Dataset (After 20 Epochs of
Training)
Overall accuracy of multi-instance detection on 1000 test images: 98 %
NOTE 1: This accuracy does not factor in the missed detections. This number is related
to just the mis-labeling errors for the detected instances. Percentage of
the missed detections are presented in the last column of the table shown below.

Displaying the confusion matrix:
Dr_Eval
Dr_Eval:
house:
watertower:

100.00
0.00
0.00

house
0.00
77.27
0.00

watertower
0.00
4.55
66.67

missing
0.00
18.18
33.33

NOTE 2: ’missing’ means that an object instance of that label was NOT extracted from the image.
NOTE 3: ’prediction accurary’ means the labeling accuracy for the extracted objects.
NOTE 4: True labels are in the left-most column and the predicted labels at the top of the table.

IoU scores for the different types of objects:
Dr_Eval:
house:
watertower:

0.4743
0.4435
0.2840
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What Do the Graph Based Algorithms Do?
Graph based algorithms represent an image with a graph G = (V , E )
in which, at the beginning, the vertices in V are the individual pixels
and an edge in E between a pair of vertices is a measure of the
similarity between those pixels.
In the simplest cases, the similarity may depend directly on the
difference between the color values at the pixels and also on how far
apart the pixels are. In other cases, the value of similarity may depend
on a comparison of the neighborhoods around the pixels.
The goal of such algorithms is to partition an image into regions so
that the total similarity weight in each region is maximized, while it is
minimized for all pixel pairs for which the pixels are in two different
regions.
In other words, we want to partition a graph G into disjoint
collections of vertices so that the vertices in each collection are
maximally similar, while, at the same time, the collections are
Purdue
Universitydissimilar from one another.
maximally
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What Do the Graph Based Algorithms Do?
(contd.)
A good tutorial paper to read for such algorithms is “A Tutorial on
Spectral Clustering” by Luxburg that is available at:
https://arxiv.org/abs/0711.0189

A central notion in such algorithms is that of graph Laplacian, as you
will see in this lecture. It is the eigendecomposition of the graph
Laplacian that can yield the region proposals. The algorithms of the
sort we will talk about are also known as the graph spectral clustering
algorithms.

Purdue University
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Representing an Image with a Graph
Let’s say an image has N pixels, with each pixel represented by the
index i whose values go from 0 through N − 1.
Let wij express the similarity of the pixel i to pixel j. The quantity wij
could depend on, say, (1) the color difference at the two pixels; and
(2) inversely on the distance between the two pixels.
We could also make wij proportional to some attribute of local
grayscale or color variations in the neighborhoods around the pixels i
and j, as used in the Census Transform.
As mentioned earlier, we represent an image by a graph G = (V , E ),
where the vertex set V is the set of pixels, indexed 0 through N − 1,
and E the set of edges between the vertices. Between the vertices
corresponding to the two pixels i and j, Eij = wij .
Purdue University
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Representing an Image with a Graph (contd.)
Although our overall goal is to partition V into subsets
{V1 , V2 , ...., VN } so that the similarity weight within each partition is
the highest it can be and across all pairs of partitions the lowest it
can be, in the rest of the discussion we will focus specifically on the
problem of bipartition, meaning creating two disjoint partitions A and
B from the graph subject to some optimality criterion.
Given a partition (A, B) of V , we can associate a value cut(A, B)
with the partition as follows:
cut(A, B) =

X

w (i, j)

i∈A,j∈B

The edges that go from any vertex in A to any vertex in B are referred to as
the cutset of the partition. Some folks like to use the word cutset only for
an optimum partition in which the value of cut(A, B) is the least it can be.
Purdue University
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To Gain Insights in What cut(A, B) Stands For
We consider (A, B) to be an ‘optimum’ partition if, of all possible
choices for (A, B) partitions, it minimizes the value of cut(A, B).
Using general graph-theoretic terminology, the problem we want to
solve is this: Given a general attributed graph in which each edge
carries a numerical weight, what is the minimal-weight set of vertices
that must be disconnected in order to bipartition the graph?
Consider a simple graph (that obviously does not represent an image):
5
8
5
a-----------b------------------ h--------------i
/
\
/
\
/5
\5
/5
\5
/
\
2
/
\
c
d------------g
j
\
/
\
/
\5
/5
\5
/5
\
/
\
/
e-----------f
k--------------m
5
5

In general, there will exist multiple cutsets for a graph. For example,
for the graph shown above, one solution consists of the edges
{{b, h}, {d, g }}, another solution consists of {{b, h}, {d, g }, {g , h}},
andUniversity
yet another of the cutset {{b, h}, {d, g }, {b, d}}, and so on. 96
Purdue
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Gaining Insights in What cut(A, B) Stands For
(contd.)
For the example on the previous slide, a solution that minimizes the
cutset weight consists of using edges {{b, h}, {d, g }} as the cut set.
This optimum solution has a cutset weight of 10.
Note that the optimum cutset is not unique in the example on the
previous slide. Here is another cutset that also has the cutset weight
of 10: {{h, i}, {k, m}}. There exist additional solutions also. For
example, {{m, j}, {i, j}}, with one partition containing only one
vertex, etc.
For another example, consider the following graph:
5
8
5
a-----------b--------------------h--------------i
/
\
/
/5
\5
/5
/
\
2
/
c
d------------g
j
\
/
\
/
\5
/5
\5
/5
\
/
\
/
e-----------f
k--------------m
5
5
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Gaining Insights in What cut(A, B) Stands For
(contd.)
As with the previous example, we again have a number of cutsets,
especially if we include cutsets that result in one-vertex partitions. Of
all the solutions that are possible, the following four are particularly
interesting:
Solution 1:

cutset: { {b,h}, {d,g} }

cutset weight = 10

Solution 2:

cutset: { {b,h}, {g,h} }

cutset weight = 13

Solution 3:

cutset: { {a,b}, {e,f} }

cutset weight = 10

solution 4:

cutset: { {g,k} }

cutset weight = 5

The optimum solution corresponds to Solution 4 with a cutset weight
of 5.

Purdue University

98

Graph Based Algorithms for Generating Region Proposals

Relevance of the Min-Cut Solution to Computer
Vision
It was shown by Greig, Porteous, and Seheult in a paper “Exact
Maximum A Posteriori Estimation for Binary Images” way back in
1989 that the problem of finding the best MAP solution to the
restoration of binary images can be cast as a min-cut problem. The
solution obtained with min-cut was superior to the one obtained with
simulated annealing.
The best way to solve a min-cut problem is with the max-flow
algorithms. These algorithms have low-order polynomial complexity.
As for the name “max-flow” for the algorithms, one can show that in
a network of pipes for transporting, say, oil, the maximum flow
capacity between any two given points is determined by the pipes that
are in the min-cut of the graph that describes the pipe network.
Purdue University
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Moving on to Normalized Cuts
Unfortunately, the min-cut solutions do not always work for solving
computer vision problems. They frequently result in highly
unbalanced graph bipartitions, unbalanced to the extent that one of
the partitions may consist of just a single pixel.
Of the graph-based algorithms, what has “worked” for image
partitioning is the minimization of the Normalized Cut criterion. This
criterion, denoted Ncut, seeks a bipartition (A, B) of a graph
G = (V , E ) that minimizes the following:

NCut(A, B)

=

assoc(A, V )

=

cut(B, A)
cut(A, B)
+
assoc(A, V ) assoc(B, V )
X
wut
u∈A,t∈V

Purdue University
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The Shi-Malik Algorithm for Minimizing Ncut
Define an indicator vector ~x of size N assuming V is of cardinality N.
The i th element xi of the vector ~x is +1 if vertex i is in A. Otherwise,
xi is −1.
Define an N element vector ~1 as consisting of all 1s.
We can now express cut(A, B) as
X

cut(A, B) =

−wij xi xj

xi >0,xj <0

We associate with each vertex vi ∈ V the degree di defined by
di =

N
X

wij

j=1

Obviously, di is the sum of all the similarity weights emanating from
the vertex i in the graph.
Purdue University
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The Shi-Malik Algorithm for Minimizing Ncut (contd.)

We place all the node degrees, di ’s, on the diagonal of an N × N
matrix D, with its all other elements set to 0. D is called a degree
matrix. Along the diagonal, the i th element of D is di .
In terms of the indicator vector elements xi and the degrees di , we
can now express the formula for the normalized cut as
P
Ncut(A, B) =

xi >0,xj <0

P

P

−wij xi xj

xi >0

+

di

xi <0,xj >0

P

−wij xi xj

xi <0

di

The ratios on the right can be expressed more compactly as
4Ncut(~x ) =

(~1 + ~x )T (D − W )(~1 + ~x )
k~1T D~1

+

(~1 − ~x )T (D − W )(~1 − ~x )
(1 − k)~1T D~1

where W is the matrix representation of the similarity weights wij .
The unit vector ~1 was defined on the previous slide. The quantity k is
P
given by:
di
k

Purdue University
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The Shi-Malik Algorithm for Minimizing Ncut (contd.)

Note that k is a normalized sum of all the similarity weights in just
the partition A. Therefore, 1 − k would be a normalized sum of all
the similarity weights in just the partition B.
The expression for Ncut(~x ) shown on the previous slide can be further
simplified to
Ncut(~x )

=

~y

=

b

=

~y T (D − W )~y
~y T D~y
(~1 + ~x ) − b(~1 − ~x )
k
1−k

The form D − W is famous unto itself. Recall that D is a diagonal
matrix whose i th element is sum of all the similarity weights
emanating from the vertex i in the graph.
Purdue University
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Graph Laplacian and Its Properties
The matrix L = D − W is known as the graph Laplacian of a
similarity matrix W . It has the following interesting properties:
1
2

3

L is symmetric and positive semidefinite;
Its smallest eigenvalue is always 0 and the corresponding eigenvector is
~1, meaning a vector of all 1’s.; and
All of its eigenvalues are non-negative.

On the next slide you will see a variant of the graph Laplacian known
as the symmetric normalized graph Laplacian and given by
1

1

Lsym = D − 2 (D − W )D − 2
The form for Ncut(~x ) shown on the previous slide is an example of
what is known as the Raleigh Quotient that looks like
R(A, ~x ) =
Purdue University

~x T A~x
~x T ~x
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Using the Raleigh Quotient Exactly
We get the Raleigh Quotient form exactly for Ncut if set
~y

=

1

D − 2 ~z

Substituting the above in the formula for Ncut, we get
min Ncut(~x )
~
x

=

min
~z

~z T Lsym~z
~z T ~z

where Lsym was defined on the previous slide.
It follows from the properties of the graph Laplacian as stated on the
previous slide that Lsym is also symmetric positive semidefinite, that
its smallest eigenvalue is 0 and that the corresponding eigenvector is
1
~z = D − 2 ~1.
We therefore use the next to the smallest eigenvalue and its
corresponding eigenvector as the solution for ~x for bipartitioning a
graph.
Purdue University
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Some Results Obtained with Ncut Minimization
and Clustering
Here is a result from our own paper:
https://engineering.purdue.edu/RVL/Publications/Martinez04OnCombining.pdf
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The Felzenszwalb and Huttenlocher (FH) Algorithm

The Felzenszwalb and Huttenlocher (FH) Algorithm
The graph-based algorithm by Felzenszwalb and Huttenlocher has
emerged as a strong competitor to the graph spectral clustering based
method described in the previous section. You can download the FH
paper from:
http://people.cs.uchicago.edu/~pff/papers/seg-ijcv.pdf

FH algorithm is a recursive merging algorithm in the graph
G = (V , E ) representation of an image in which initially the vertices
in V represent the individual pixels and the edges in E represent the
pairwise similarity between the pixels. Subsequently, each vertex in V
represents a blob obtained by previous merging steps, and each edge a
measure of similarity between a pair of blobs.
FH bases its blob merging decisions on two quantities: (1) the largest
inter-pixel color difference at adjacent pixels within each blob ; and
(2) the smallest inter-pixel difference for a pair of pixels that are in
twoUniversity
different blobs.
Purdue
108

The Felzenszwalb and Huttenlocher (FH) Algorithm

The FH Algorithm (contd.)
The largest value of the inter-pixel color difference at a pair of
adjacent pixels within a blob is represented by Int(u) for a vertex u in
the graph.
In order to account for the fact that, at the beginning, each vertex
consists of only one pixel [which would not allow for the calculation of
Int(u)], the unary property of the pixels at a vertex is extended from
Int(u) to MInt(u) with the addition of a vertex-size dependent
number equal to k/|C | where k is a user-specified parameter and |C |
the cardinality of the set of pixels represented by the vertex u in the
graph.
As mentioned above, initially the edges in the graph representation of
an image are set to the color difference between the two 8-adjacent
pixels that correspond to two different vertices, meaning to two
different blobs.
Purdue University
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The FH Algorithm (contd.)
That is, the edge E (u, v ) between two vertices u and v in the graph
is set to the smallest value of the inter-pixel color difference for two
adjacent pixels that belong to the two vertices.
At each iteration of the algorithm, two vertices u and v are merged
provided E (u, v ) is less than the smaller of the MInt(u) or MInt(v )
attributes at the two vertices. My experience is that for most images
the algorithm terminates of its own accord after a small number of
iterations while the vertex merging condition can be satisfied.
Since the algorithm is driven by the color differences between
8-adjacent pixels, the FH algorithm is likely to create too fine a
segmentation of an image. The segments produced by FH can be
made larger by using the logic of SS that allows blobs of pixels to
merge into larger blobs provided doing so makes sense based on the
inter-blob values for mean color levels, color variances, texture values,
etc.University
Purdue
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RPG’s Implementation of FH
In FH, the fundamental condition for merging the pixel blobs
corresponding to two different vertices u and v is: The value of the
E[u,v], which keeps track of the smallest inter-pixel color difference
for two pixels that are each other’s 8-neighbors, with one pixel in blob
u and the other in blob v, must be less than the smaller of the Int
values for either of the two blobs.
In order to carry out this comparison efficiently, the code you see in
Slide 85 also associates another attribute with each edge, Mint[u,v],
that stores the minimum of the Int values at u and v.
When two blobs u and v are merged, they must both be dropped
from the list of blobs maintained by the system and we must also
drop the edge corresponding to them.
It stands to reason that the edges that do not satisfy the condition for
merging of the blobs represented by the vertices at their two ends
should be eliminated from further consideration. This is what is
Purdue
University
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by the statements labeled (B), (C), and (D) in Slide 112
85.
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RPG’s Implementation of FH (contd.)
After the step at the end of the last slide, all other edges are good
candidates for the merging of the blobs represented by their vertex
ends.
From the remaining edges, we now take up one edge at a time in
order of increasing value of the Mint value associated with the edges.
This is on account of the call to sorted() in line (A).
Therefore the edge whose vertices we want in line (E) is the one with
the smallest value of Mint value, that is, with the smallest of either of
the two values for Int attribute at the two vertices that define the
edge.
One thing that requires care in coding FH is that we want to go
through all the edges in the sorted edges while we are deleting the
vertices that are merged and the edges that are no longer relevant
because of vertex deletion.
Purdue University
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RPG’s Implementation of FH (contd.)
You have to be careful when debugging the code in the the main for
loop. The problem is that the sorted edge list is made from the
original edge list which is modified by the code in the for loop.
Let’s say that the edge (u,v) is a good candidate for the merging of
the pixel blobs corresponding to u and v. After the main for loop
shown on the next slide has merged these two blobs corresponding to
these two vertices, the u and v vertices in the graph do not exist and
must be deleted. Deleting these two vertices requires that we must
also delete from E all the other edges that connect with either u and
v.
Shown on the next slide is RPG’s main loop that implements the FH
algorithm.

Purdue University
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RPG’s Implementation of FH (contd.)
V,E = graph
sorted_vals_and_edges = list( sorted( (v,k) for k,v in E.items() ) )
sorted_edges = [x[1] for x in sorted_vals_and_edges]
edge_counter = 0
for edge in sorted_edges:
if edge not in E: continue
edge_counter += 1
if E[edge] > MInt[edge]:
del E[edge]
del MInt[edge]
continue
### Let us now find the identities of the vertices of the edge whose two vertices
### are the best candidates for the merging of the two pixel blobs.
vert1,vert2 = int(edge[:edge.find(’,’)]), int(edge[edge.find(’,’)+1 :])

## (A)
## (B)
## (C)
## (D)

## (E)

if (vert1 not in V) or (vert2 not in V): continue
affected_edges = []
for edg in E:
end1,end2 = int(edg[:edg.find(’,’)]), int(edg[edg.find(’,’)+1 :])
if (vert1 == end1) or (vert1 == end2) or (vert2 == end1) or (vert2 == end2):
affected_edges.append(edg)
if self.debug:
print("\n\n\naffected edges to be deleted: %s" % str(affected_edges))
for edg in affected_edges:
del E[edg]
del MInt[edg]
merged_blob = V[vert1] + V[vert2]
V[index_for_new_vertex] = merged_blob
if self.debug:
print("\n\n\n[Iter Index: %d] index for new vertex: %d
and the merged blob: %s" % (master_iteration_index, index_for_new_vertex, str(merged_blob)))
###
We will now calculate the Int (Internal Difference) and MInt property to be
###
to be associated with the newly created vertex in the graph:
within_blob_edge_weights = []
for u1 in merged_blob:
i = u1[0] * arr_width + u1[1]
for u2 in merged_blob:
j = u2[0] * arr_width + u2[1]
if i > j:
ij_key = "%d,%d" % (i,j)
if ij_key in initial_graph_edges:
within_blob_edge_weights.append( initial_graph_edges[ ij_key ] )
Int_prop[index_for_new_vertex] = max(within_blob_edge_weights)
MInt_prop[index_for_new_vertex] = Int_prop[index_for_new_vertex] + kay / float(len(merged_blob))
###
Now we must calculate the new graph edges formed by the connections between the newly
###
formed node and all other nodes. However, we first must delete the two nodes that
###
we just merged:
del V[vert1]
del V[vert2]
del Int_prop[vert1]
del Int_prop[vert2]
del MInt_prop[vert1]
del MInt_prop[vert2]
for v in sorted(V):
if v == index_for_new_vertex: continue
###
we need to store the edge weights for the pixel-to-pixel edges
###
in the initial graph with one pixel in the newly constructed
###
blob and other in a target blob
pixels_in_v = V[v]
for u_pixel in merged_blob:
i = u_pixel[0] * arr_width + u_pixel[1]
inter_blob_edge_weights = []
for v_pixel in pixels_in_v:
j = v_pixel[0] * arr_width + v_pixel[1]
if i > j:
ij_key = "%d,%d" % (i,j)
else:
ij_key = "%d,%d" % (j,i)
if ij_key in initial_graph_edges:
inter_blob_edge_weights.append( initial_graph_edges[ij_key ] )
if len(inter_blob_edge_weights) > 0:
uv_key = str("%d,%d" % (index_for_new_vertex,v))
E[uv_key] = min(inter_blob_edge_weights)
MInt[uv_key] = min( MInt_prop[index_for_new_vertex], MInt_prop[v] )
index_for_new_vertex = index_for_new_vertex + 1
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Some Results Obtained with FH as Reported by the
Authors
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The Selective Search Algorithm

The Selective Search (SS) Algorithm for Region
Proposals
If for whatever reason an algorithm for generating region proposals is
creating too fine a division of the image, you can use the Selective
Search (SS) algorithm proposed by Uijlings, van de Sande, Gevers,
and Smeulders for merging them into larger proposals. You can
access their paper at:
http://www.huppelen.nl/publications/selectiveSearchDraft.pdf

In the publication mentioned above, the logic of SS sits on top of the
image partitions produced by the FH algorithm and that’s what I have
also implemented in my previously mentioned Python module
RegionProposalGenerator. I’ll refer to this module by RPG in the
rest of this section.
Purdue University
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SS Algorithm as Implemented in RPG

The Selective Search (SS) Algorithm for Region
Proposals
In RPG, the recursive blob-merging logic of SS is based on comparing
the adjacent pixel blobs on the basis of the following four properties:
1
2
3
4

pairwise
pairwise
pairwise
pairwise

adjacency
comparison of color homogeneity
comparison of grayscale variance
comparison of LBP textures

In order to appreciate what is meant by color homogeneity and LBP
(Local Binary Patterns) texture values, I’ll refer the reader to the
following report by me:
https://engineering.purdue.edu/kak/Tutorials/TextureAndColor.pdf

The RPG module maintains an ever-increasing integer index as the ID
for each blob and associates a pair id with every pair of blobs
discovered in an image as shown in the code fragment on the next
slide.
Purdue University
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SS Algorithm (contd.)
The comparative properties for each pair of blobs are calculated as
shown below and subsequently stored in the dictionary
all pairwise similarities:
for blob_id_1 in pixel_blobs:
for blob_id_2 in pixel_blobs:
if blob_id_1 > blob_id_2:
pair_id = str("%d,%d" % (blob_id_1,blob_id_2))
pairwise_adjacency[pair_id] = True if pair_id in E else False
pairwise_gray_homogeneity_val[pair_id] = abs(gray_mean_vals[blob_id_1] - gray_mean_vals[blob_id_2])
pairwise_color_homogeneity_val[pair_id] = [abs(color_mean_vals[blob_id_1][j]
- color_mean_vals[blob_id_2][j]) for j in range(3)]
pairwise_gray_var_comp[pair_id] = abs(gray_vars[blob_id_1] - gray_vars[blob_id_2])
pairwise_texture_comp[pair_id] = np.linalg.norm(texture_vals[blob_id_1] - texture_vals[blob_id_2])
all_pairwise_similarities[’adjacency’] = pairwise_adjacency
all_pairwise_similarities[’color_homogeneity’] = pairwise_color_homogeneity_val
all_pairwise_similarities[’gray_var’] = pairwise_gray_var_comp
all_pairwise_similarities[’texture’] = pairwise_texture_comp

The unary properties of the blobs are calculated as follows. Note that
we consider the blobs in the reverse order of their sizes — just in case
we want to ignore the very smallest of the blobs. With the option
reverse=True, sorted returns a list in descending order of the sorting
criterion:
sorted_blobs = sorted(pixel_blobs, key=lambda x: len(pixel_blobs[x]), reverse=True)
for blob_id in sorted_blobs:
pixel_blob = pixel_blobs[blob_id]
pixel_vals_color = [im_array_color[pixel[0],pixel[1],:].tolist() for pixel in pixel_blob]
pixel_vals_gray = np.array([im_array_gray[pixel] for pixel in pixel_blob])
color_mean_vals[blob_id] = [ float(sum([pix[j] for pix in pixel_vals_color])) / float(len(pixel_vals_color)) for j in range(3) ]
gray_mean_vals[blob_id] = np.mean(pixel_vals_gray)
gray_vars[blob_id] = np.var(pixel_vals_gray)
texture_vals[blob_id] = estimate_lbp_texture(pixel_blob, im_array_gray)
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SS Algorithm (contd.)
Shown below is RPG’s logic for merging the blobs recursively:
while ss_iterations < 1:
sorted_up_blobs = sorted(merged_blobs, key=lambda x: len(merged_blobs[x]))
sorted_down_blobs = sorted(merged_blobs, key=lambda x: len(merged_blobs[x]), reverse=True)
for blob_id_1 in sorted_up_blobs:
if blob_id_1 not in merged_blobs: continue
for blob_id_2 in sorted_down_blobs[:-1]:
# the largest blob is typically background
if blob_id_2 not in merged_blobs: continue
if blob_id_1 not in merged_blobs: break
if blob_id_1 > blob_id_2:
pair_id = "%d,%d" % (blob_id_1,blob_id_2)
if (pairwise_color_homogeneity_val[pair_id][0] < self.color_homogeneity_thresh[0])\
and
\
(pairwise_color_homogeneity_val[pair_id][1] < self.color_homogeneity_thresh[1])\
and
\
(pairwise_color_homogeneity_val[pair_id][2] < self.color_homogeneity_thresh[2])\
and
\
(pairwise_gray_var_comp[pair_id] < self.gray_var_thresh)
\
and
\
(pairwise_texture_comp[pair_id] < self.texture_homogeneity_thresh):
if self.debug:
print("\n\n\nmerging blobs of id %d and %d" % (blob_id_1, blob_id_2))
new_merged_blob = merged_blobs[blob_id_1] + merged_blobs[blob_id_2]
merged_blobs[next_blob_id] = new_merged_blob
del merged_blobs[blob_id_1]
del merged_blobs[blob_id_2]
### We need to estimate the unary properties of the newly created
### blob:
pixel_vals_color = [im_array_color[pixel[0],pixel[1],:].tolist() for pixel in
new_merged_blob]
pixel_vals_gray = np.array([im_array_gray[pixel] for pixel in new_merged_blob])
color_mean_vals[next_blob_id] = [float(sum([pix[j] for pix in \
pixel_vals_color])) / float(len(pixel_vals_color)) for j in range(3)]
gray_mean_vals[next_blob_id] = np.mean(pixel_vals_gray)
gray_vars[next_blob_id] = np.var(pixel_vals_gray)
texture_vals[next_blob_id] = estimate_lbp_texture(new_merged_blob, im_array_gray)
### Now that we have merged two blobs, we need to create entries
### in pairwise dictionaries for entries related to this new blob
for blb_id in sorted_up_blobs:
if blb_id not in merged_blobs: continue
if next_blob_id > blb_id:
pair_id = "%d,%d" % (next_blob_id, blb_id)
pairwise_adjacency[pair_id] = \
True if are_two_blobs_adjacent(new_merged_blob, pixel_blobs[blb_id]) else False
pairwise_color_homogeneity_val[pair_id] = \
[abs(color_mean_vals[next_blob_id][j] - color_mean_vals[blb_id][j]) for j in range(3)]
pairwise_gray_homogeneity_val[pair_id] = \
abs(gray_mean_vals[next_blob_id] - gray_mean_vals[blb_id])
pairwise_gray_var_comp[pair_id] = \
abs(gray_vars[next_blob_id] - gray_vars[blb_id])
pairwise_texture_comp[pair_id] = \
np.linalg.norm(texture_vals[next_blob_id] - texture_vals[blb_id])
next_blob_id += 1
ss_iterations += 1
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Some Results Obtained with SS as Reported by the
Authors
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