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Abstract

Deep learning systems have great potential in automating retail stores. However,
collecting and annotating large amounts of training data for such systems can
require substantial manual effort. Synthetical generation of such data could
therefore save time and effort if it is similar enough to the real data to be
useful. We explore this by designing an automatic inventory system and training
it on synthetic datasets generated with path-traced rendering of 3d-scanned
models. The object detection model trained on only synthetic data achieves
0.885 mAP50 score on our test set, reaching relatively close to the score of 0.907
for a model trained on just the real data, however, the model trained on both
the real and synthetic data surpasses both of these scores with a score of 0.919.
Finally, we also develop an approach to cluster visually similar objects into
clusters using a novel similarity classifier that outperforms the present Siamese
networks with a 17% performance improvement in our setting. The combined
detection and clustering system allows us to count different types of breads in
an image without predetermined classes.

Keywords: deep learning, neural networks, cascade mask r-cnn, synthetic data,
domain randomization
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1 Introduction

With the advances of deep learning in the last few years, more and more so-
phisticated computer vision models are becoming available, with possible appli-
cations for object detection, tracking and segmentation across a wide range of
industries.

One industry where this type of system could be applied is in supermarkets,
where it could be used for automatic shelf inventory or other types of product

tracking. Some actors such as Amazon with their cashier-less supermarkets
(Amazon Go) are completely embracing this technology in all ways possible
while most supermarkets have yet to make use of any such systems at all.

One common barrier to adopting machine learning models is the amount of work
required to collect and annotate the data for training. In some domains, the use
of computer-generated data has shown promise [1]. For instance, [2] trained a
road segmentation system using images from the computer gan®TA V .

In this work, we design a computer vision system for automatic shelf inventory
in supermarkets, and explore the application of computer-rendered data on this
system. Speci cally we focus on the bread section of supermarkets, as bread is
a product with low shelf-life, where tracking the stock can help in planning how
much to bake so as to reduce waste.

We further include a comprehensive study of object detection models in the
Region Based Convolutional Neural Networks (R-CNN) and You Only Look
Once (YOLO) families. Cascade Mask R-CNN [3], the most accurate model
among the studied models is used to investigate our various datasets.

The object detection model is paired with our novel clustering system, that
can cluster similar bread objects into clusters without predetermined classes,
providing us with a generalized system that can count the number of each kind of
bread in any given image. The similarity classi er, which is the main component
of the clustering system, uses a simple approach to predict a similarity score for
the two input objects, and signi cantly surpasses other systems like Siamese
networks on our dataset.

1.1 Aim

The aim of the project is to develop a computer vision system for automatic
inventory of products in a supermarket, and to investigate the performance of
using a synthetically generated dataset to train our system. In this thesis, we
limit the scope of the project by focusing only on bread shelves.

The project has the following two main objectives.

Design a system that can take an image as an input, detect all the bread
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objects, and give a count for each type of bread object by clustering similar
objects as in Figure 1.

Figure 1: Input (top) and output (bottom) of the bread inventory system.

In our case, we don't know exactly the types of bread that can appear in
our input images. Therefore, to get a count for each type of bread, we
cannot just train an object detector with classes equal to the number of
bread types that appear in the input images and count the detections. To
get a count for each kind of bread without prede ned classes, we must also
implement a similarity classi er that can predict whether the two input
bread objects are of the same kind or not, and use these predictions to
cluster breads belonging to a single type.

Design a system for generation of synthetic training images as shown in
Figure 2 using modern 3d rendering techniques, and investigate to what
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extent this type of generated data can replace or complement real training
data. Also collect and annotate a real dataset as shown in Figure 3 to
compare its performance with the synthetic dataset.

Figure 2: Sample image of synthetic dataset.

Figure 3: Sample image of real dataset.
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1.2 Scope and Limitations

The original plan was to design a system of visual inventory of shelves in a su-
permarket, however, due to presence of thousands of di erent kind of products,
and huge test setting, the time required for development and testing of such a
system is out of the scope of this project. Therefore, the use case of our inven-
tory system has been limited to only bakery products, to be able to conduct
comprehensive experiments with our system.

The evaluation of our system is performed using 204 real test images that are
manually annotated and put into di erent classes. The object detection is eval-
uated using the metric mAP50 and the clustering is evaluated using the metric
Adjusted Rand Index (ARI).

In addition to evaluating the performance of the complete system, the e ect of
various parameters of the synthetic data are evaluated, speci cally:

The number of di erent light scenarios

The number of di erent bread models

1.3 Related Work

Deep learning-based systems for inventory have been explored in many previous
works. The general challenges in these works are the large number of product
classes typically prevalent in supermarkets, the often very small details that
make up the di erence between di erent products, and the lack of more than a
few studio images of each product as training data. Many of the previous works
therefore present methods for classi cation using a single example per class ([4],
[5]). In our approach we essentially use zero examples per class. Instead, we
cluster the products based on their similarity to each other, and report the count
for each cluster.

Using synthetic data to augment learning has been explored previously, for
example in [6], and there are many synthetically generated datasets available
for di erent computer vision tasks [1]. While most previous works have relied
on real-time simulations such as Unreal Engine [6], we choose to go with a more
realistic physics based rendering, path-tracing, which can achieve higher delity
at the cost of longer rendering times.

1.4 New Contributions

Our contributions include

A new similarity classi er where two images are tiled side by side and fed
into a single network rather than two di erent networks which in our case
gives a higher performance than Siamese networks.
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The application of example-based texture synthesis [7] on the texture level
rather than on the rendered image, resulting in style-transferred 3d models
that can be reused in multiple camera angles.



2 Theory

A brief overview of some of the concepts and a description of the models and
algorithms used by our system is provided in this section.

2.1 Object Detection

The major deep learning breakthroughs in computer vision seen in the last
years stem from the introduction of convolutional neural networks (CNN's) [8],
in combination with the evolution of large enough computing resources. By
sharing weights across di erent parts of the image, CNN's made it possible to
reduce the number of parameters and made the training of deep neural networks
for image classi cation  possible on modern computers. Inimage classi cation,
a single image is taken as input and classi ed into belonging to one of several
classes (often thousands).

Much of the work since this success has focused on how to make more nuanced
and complete predictions. Rather than doing one prediction per imageob-
ject detection models try to nd all the objects in an image and return their
bounding boxes and class predictions, andnstance segmentation models
additionally predict the pixel-precise mask of each found object. There are a
number of proposed architectures for these, and most of them build upon the
original image classi cation networks by including them as part of the model.
They are then usually referred to as thebackboneof the network, and are used

to extract feature maps as a base for further computations.

In this theory section we will brie y go through convolutional neural networks
and then go through some of the most popular image classi cation, object de-
tection and instance segmentation methods.

2.1.1 Neural Networks

A neural network is a mathematical model that represents a series of computa-
tions of interconnected units called neurons. A neuron is a function with one or
more than one inputs and a single output. In a neural network, each input to a
neuron is the output of another neuron, except for the neurons at the beginning
of the network { these take as input the values provided by the user, such as
pixel intensities in an image, which we want the network to reason about.

Neurons in a neural network are conceptually similar to biological neurons,
which similarly take in the signals from multiple other neurons (via dendrites),

while giving o a single signal (via the axon). This single output value can then

be delivered as input to multiple other neurons.

While in a biological neural network the neurons can seem to be connected
in a chaotic way with for example cyclical paths, neural networks in machine
learning are a bit di erent in that they typically have a clear layered structure.
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Each neuron of the rst layer of neurons take in all the values of the input. In
the second layer of neurons, each neuron takes in all the values of the rst layer
of neurons, and so on. The number of connections is thus limited by the fact
that a layer only takes input from the previous layer.

The function that each neuron performs on its input values to produce its single
output is also analogical to the biological counterpart. Each incoming connec-
tion has a weight, so that the neuron is in uenced more by some neurons than
by others. This weight can be both positive and negative, so a incoming neuron
can both contribute to the output and suppress the positive contributions of
other neurons. The weighted incoming neuron activations are summed up into
a value z. Instead of simply using this sum as the output, a non-linear function
is applied to it, called the activation function. A typical activation function is
the ReLU function shown in Figure 4, and mathematically given as

Figure 4: The ReLU function. Image reference: [9]

F(x) = x ifx>0 1)

0 otherwise.

The activation function makes the model more interesting by introducing a
non-linearity, and has a clear analogy to biological neurons here as well: In a
biological neuron, a neuron will only re if it is stimulated enough to reach a
certain threshold, otherwise it does nothing. Similarly, the neuron in machine
learning only gives a non-zero output if the weighted sum of inputs passes a
certain threshold, which in this case is 0. In order to allow other thresholds
than zero, there is an additional bias parameter for each neuron which is added
as a constant to the weighted input before the activation function.

The layered structure of the network allows initial layers to build up more re ned
information for the next layer to process, and by repeatedly building on earlier
concepts and processing them further, the layers can represent more and more
complex concepts in a hierarchical manner. By providing examples of desired
input and output pairs to the network (when the network is given the values x as
input to the rst layer, the last layer should output the values y), the parameters

of the network (weights and biases) can be mathematically optimized using
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gradient-based techniques to produce the desired behaviour. This is possible
because the entire network can be viewed as one large mathematical function,
which is di erentiable because all its components are di erentiable.

2.1.2 Convolutional Neural Networks

The goal of convolutional neural networks (CNN's) is to extract image features
useful for tasks such as classi cation and segmentation. While regular neural
networks could also be used for this, the large number of input pixels from
an image often makes it infeasible to train such networks. CNN's therefore
introduced a few tricks to reduce the number of parameters such as having
multiple neurons in the same layer share weights, making training possible on
modern computers. As in regular neural networks there is a hierarchical layered
structure, and CNN's have been inspired by how the visual cortex in a human
brain works, where the raw light input is rst processed to detect simple edges
and colors in the initial layers, patterns and textures in intermediate layers and
parts of objects or entire objects in the last layers.

In practice, a CNN pipeline consists of an input layer, then network layers, and
nally the output. An input in computer vision is usually an image with a
certain width, height and number of channels. The image will have a single
channel if it's a black and white image, 3 channels (red, blue, green) if it's a
colored image, or more than 3 channels if more information such as depth is
included. The input is in the form of a matrix with dimensions width x height

X channels, and values ranging from 0 to 255 (or 0.0 to 1.0). Such inputs are
usually normalized by subtracting the mean from the original values and then
dividing by standard deviation of the pixels. This makes the mean of all pixels
0 and values that are one standard deviation away from the mean 1. These
normalization processes help the network in learning the features using a single
learning rate as the distribution of feature values across di erent images becomes
more similar after normalization [10]. The input obtained after performing these
processes is referred to as the preprocessed input.

This preprocessed input is then fed to the network layers. There are di erent
kinds of layers that perform di erent operations in a CNN. The most important
type of layer is the convolutional layer. It consists of a lter/kernel that slides
over the input to that layer, and at every position performs element-wise mul-
tiplication between the input and the Iter followed by summation as shown in
Figure 5. This is how weights are shared in a CNN { the same grid of kernel
weights are used for each placement of the kernel on the image. The number of
weights are also greatly reduced by the fact that each neuron in the next layer
is only connected to the neurons inside the corresponding kernel window of the
previous image rather than to all neurons of the previous image. There are var-
ious kinds of convolutional layers that can result in output of size less, greater
than or equal to the input depending on for example how many pixels the sliding
window moves in each step, which is called thetride of the convolutional layer.
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Figure 5: Example of convolution operation on an input. Image reference: [11]

The max pooling layer is another important type of layer, which picks the the
max value from a given window as shown in Figure 6. It is used to downscale
the input and reduce the number of parameters.

Figure 6: Example of max pooling operation on a an input. Image reference:
[12]

The input after getting passed through a sequence of convolutional and max
pooling layers is nally fed to a single or more fully connected layers (FCNSs),
i.e. regular neural network layers. An FCN attens the input before processing
it as shown in Figure 7. In image classi cation, the output layer has one neuron
for each possible class, where the values can typically be interpreted as the
network's certainty that the image belongs to the given class. If for instance the
second output neuron represents the correct class, then the ideal output would
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be 01000::.. Other outputs are also possible, such as the positions of bounding
box corners.

Figure 7: Example of a convolutional neural network pipeline. Image reference:
(13]

2.1.3 ResNet

Intuitively, in a vanilla CNN, adding more layers should always give either better

or at least the same result as the lower layered counterpart, since in the worst
case scenario the additional layers can just act as identity layers. However,
experiments shows saturation and degradation of training accuracy when the
number of layers is increased [14, 15]. The ResNet [16] paper shows that the
problem arises from the fact that in a deep network, even learning the identity
function becomes an extremely di cult task and the network requires a lot of
time to converge to that solution.

ResNet solves this problem by introducing Identity Shortcut Connections (IDCs)
shown in Figure 8, between the input and output of a layer or a block of lay-
ers. Such shortcuts have been used before by the Highway network [15], which
has gated shortcuts through which direct ow of information across layers can
be controlled, however they have been re ned in ResNet resulting in better
performance.

Figure 8: An identity shortcut connection. Image reference: [16].

IDCs take advantage of the fact that it is much easier to learn a zero function
than an identity function by non linear layers and since using these shortcuts the
initial problem of solving f (x) becomesg(x) = f (x)+ x, learning f (x) = 0 gives
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us g(x) = X, the identity function. The network ResNet got its name from the
fact that we can also look at the problem as an attempt to learnf (x) = g(x) X,
where f (x) is the residual. The full ResNet architecture is show in Figure 9.
The ResNet is used for parts of networks that will be discussed in the following
sections.

Figure 9: ResNet model architeture in comparison with VGG-19 model [17] and
a plain network. Image reference: [16].

214 R-CNN

In 2013, a big leap in object detection came with R-CNN (Regions with CNN
features) [18]. This model performs object detection in three steps. The rst
step is region proposal, followed by feature extraction for proposed regions,
and nally a Support Vector Machine (SVM)-based [19] object classi cation
using these features. Optionally, regression for adjusting the proposal size and
location can also be performed which improves the accuracy by 4% but it is
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not a part of the original R-CNN design. R-CNN is also an example of a two
stage object detector where the rst stage constitutes of the region proposal
and the object classi er forms the second stage. Training in R-CNN is a two
stage process (three stage if bounding box regression is present), where the rst
stage is ne-tuning the network using a log loss, followed by training the SVM
classi er and lastly training the bounding box regressor, if applicable.

During region proposal, a manageable number (2000 in R-CNN) of proposed
bounding boxes are generated by Selective Search (SS) [20]. At its base, the
SS algorithm uses the concept of super-pixel straddling, which is grouping of
regions of pixels with similar properties. In order to make the algorithm more
generalized, multiple strategies are used to group pixels together in SS. The main
strategies include grouping together based on the color, texture or composition.
In Figure 10, pixels of the image of cats can be grouped based on colors, however
in the image of chameleon grouping based on just color will be di cult, so in
that case the texture of the pixels can be used instead. In the image of the car,
the tire and the car body can not be grouped based on either color or texture

{ in such cases composition of pixels is used. For example, the tire and the
windshield are contained in the car body, so they become a part of the car.
This grouping is done in a hierarchical fashion. For example, in the image of
the table, the table is the highest in hierarchy, the bowl is lower than the table
and the spoon is the lowest. This proposal generation is fast and works for
objects of all scales, and can produce 3574 regions in 3.8 seconds [20].

Figure 10: Example of images in which using di erent strategies in selective
search aids in producing better object proposals. Image reference: [20].

R-CNN takes each of these image proposals, warps them to the size 227x227,
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normalizes them and passes them through the CNN described in [8], which
outputs a feature vector of constant size 4096. This feature vector is used by
class-speci ¢ support vector machines to classify the object in the proposed
region. The complete architecture of R-CNN is shown in Figure 11.

Figure 11: R-CNN model architecture. Image reference: [18].

2.1.5 Fast R-CNN

R-CNN was a breakthrough in terms of accuracy, but the fact that it had

to classify 2000 regions for each image, which takes 47 seconds per image
(excluding proposal generation) makes it unfeasible to be used in many real
life applications. Furthermore, the three-stage training is very time consuming.
Fast R-CNN [21] improves the architecture of R-CNN to overcome some of
R-CNN's problems.

The rst major change that improves the inference time signi cantly, is to feed
the whole image to the feature extractor convolutional network once instead
of feeding 2000 crops of the proposals from the image, while Selective Search
(SS) [20] generates the region proposals for the image separately in parallel.
These region proposals are projected to the output feature map of the feature
extractor, a process called ROI (region of interest) projection. During ROI
projection, the subsampling ratio (ratio of output size to input size for a CNN)

is used to translate the coordinates of the ROI in the image to the ROI in the
feature map. Fast R-CNN also introduced ROI pooling, replacing the last max
pooling layer of CNN in R-CNN. In ROI pooling, the feature output of the CNN

for each proposal is divided into a 7x7 grid and the max pooling operation is
applied to each cell in the grid, giving us a constant-sized output. ROI pooling
allows Fast R-CNN to take images of di erent sizes and aspect ratios, which
increases the exibility and accuracy of the model as the images are not required
to be distorted if they are not square. R-CNN has a bounding box regressor as
an optional component, while Fast R-CNN has it as a necessary part. Huber
loss (smooth L1 loss) is used for the regressor in Fast R-CNN instead of L2 loss
which improves and stabilizes the regression. Unlike R-CNN, where a separate
log loss function is used for ne-tuning the network and an SVM as a classi er,
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Fast R-CNN uses a single softmax classi er for both tasks which achieves same

accuracy. Fast R-CNN also combines the classi er and regressor losses to make
training of the network a one-stage process instead of a three-stage process as
in R-CNN. The complete architecture of Fast R-CNN is shown in Figure 12.

Figure 12: Fast R-CNN model architecture. Image reference: [21].

Fast R-CNN improves the accuracy over R-CNN by only a small margin from
66.0% to 66.9%. However, the signi cant improvement comes in inference time,
which is 146 times faster than R-CNN at 0.32 seconds per image (excluding
proposal generation). Fast R-CNN brought object detection much closer to
real-time and opened up doors to many new applications.

2.1.6 Faster R-CNN

Selective Search (SS) [20] being a xed algorithm does not require any training,
S0 in some cases it can produce bad candidates for region proposals, and since
it doesn't provide a measure of how good each proposal is, it is di cult to op-
timally reduce the number of proposal without a ecting the recall of objects.
We also cannot improve the time required by SS to generate these propos-
als. Faster R-CNN [22] solves these problems using a Region Proposal Network
(RPN), which relies on a convolutional network to output a feature map and
then perform dense sampling (using a sliding window) at each position of the
feature map. Furthermore, to propose objects of dierent aspect ratios and
sizes, and even overlapping objects in the same position, at each sliding win-
dow position nine di erent anchor boxes are used. These anchor boxes are the
reference boxes to be used by the network to perform relative bounding box
regression, and they have three di erent aspect ratios of 1:1, 2:1, 1:2 and three
di erent scales of 128 pixel, 256 pixel$, 512 pixel€, giving us a total of nine
anchor boxes. However, with just bounding box regression we will end up with
too many proposals. For example, if an image of size 800x600 is fed to Alexnet
[8], we get approximately 20,000 proposal, which is 10 times more than that of
SS. To solve this problem RPN also includes a softmax classi er, that gives each
proposal an objectness score, which is used to pick top 300 ranked proposal and
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discard the rest. RPN can also handle images of di erent sizes and aspect ratios
because the last fully connected layers have been replaced with convolutional
layers that can handle variable sizes. The time required by RPN to produce
proposals for a single image is 10 ms compared to 1510 ms by SS, which makes
it 151 times faster [22]. Thus RPN can provide a lower number of high quality
region proposals, while still being much faster than SS. An illustration of RPN

is shown in Figure 13.

Figure 13: Region Proposal Network. Image reference: [22].

To improve the e ciency of the entire network, Faster R-CNN shares the convo-
lutional network, also known as the backbone between the RPN and the rest of
the network. This makes training the network a complicated four stage process,
however the inference rate is 5 fps compared to 0.5 fps of Fast R-CNN. Since
the paper [22] was published, a joint single stage training method has also been
suggested for Faster R-CNN making the training process much simpler. The
complete architecture of Faster R-CNN is shown in Figure 14.

2.1.7 Mask R-CNN

Mask R-CNN [23] is an extension of Faster R-CNN to output instance segmen-
tation masks for input images in addition to object detection. There are three
main di erences between Mask R-CNN and Faster R-CNN, including replace-
ment of ResNet by Feature Pyramid Network (FPN) as the feature extraction
backbone, replacement of Rol pooling with the more accurate RolAlign as the
pooling operator and lastly adding an extra fully convolutional branch for gener-
ating instance segmentation masks in parallel with classi cation and regression
heads as shown in Figure 15.

The Feature Pyramid Network is a powerful feature extraction network that
has improved performance of many object detection networks. FPN utilizes a
top-down approach to compute its output features. As shown in Figure 16, rst,
the input goes through a series of convolutional and down-scaling operations,
where every layer reduces the size of the input by two times and doubles the
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Figure 14: Faster R-CNN model architecture. Image reference: [22].

Figure 15: Head architecture of Mask R-CNN, which extends the Faster R-
CNN with FPN heads with a fully convolutional branch to predict instance
segmentation mask for each object. Image reference: [23].

number of channels. Then starting from the smallest feature map i.e. the
output of the last layer, the number of channels is reduced to a smaller xed
number (256 in Mask R-CNN) using a 1x1 convolutional layer. This operation
is shown as a lateral connection from the top left layer output to the top right
layer output, and is performed on the output of each layer on the left side. The
top lateral connection is followed by an up-scaling operation using a transposed
convolutional layer (the opposite or reverse of a convolutional layer) increasing
the output size by two. This output goes through element-wise addition with
second-top lateral connection's output and produces the rst nal output of
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the feature extractor. The up-scaling and element-wise addition with lateral
connection outputs continues till the bottom layer to produce the nal output
feature maps for each layer. By using FPN as a backbone, in RPN we only use
a single-scale proposal with three aspect ratios on each output of feature map,
and objects of di erent sizes are taken care of by the ve di erent sized outputs
of FPN.

Figure 16: Feature Pyramid Network model architecture. Image reference: [24].

Rol pooling involve quantization steps that can provide good results in case of
object detection but perform poorly for instance segmentation, since information
about position is lost during the pooling operation, resulting in misaligned Rol's
and extracted features. RolAlign overcomes this misalignment by avoiding the
gquantization steps in Rol pooling by using a bi-linear interpolation. As shown
in the Figure 17, the Rol can be placed anywhere on the feature and does not
require quantization to match the grid of the feature map. The Rol is divided in
2x2 bins in the Figure (7x7 in Mask R-CNN) and each bin has 4 sampling points.
The value of each sampling point is calculated using bi-linear interpolation from
the values of the 4 closest boxes. This process keeps the information about the
position of Rol in the feature map resulting in aligned Rol's and extracted
features, making instance segmentation results signi cantly better.

2.1.8 Cascade Mask R-CNN

Past object detection models su er from a degradation in performance when
increasing the threshold for Intersection over Union (loU) between the ground
truth bounding boxes and the network predicted bounding boxes due to two
main reasons. The rst reason is the lack of positive samples during training,
as most of the proposed samples are classi ed as negative due to the high loU
threshold, leading to over-tting during training. The second reason is the
mismatch between the loU threshold used for training and the loU threshold
used for inference. This mismatch degrades performance because the network
gives optimal performance only for the loU threshold used during training. The
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Figure 17: lllustration of RolAlign operation, where the feature map is repre-
sented by dashed lines and the Rol by the solid lines with four bins and four
sampling points in each bin. Image reference: [23].

architecture of Cascade R-CNN [3], a proposed network that tackles the above
mentioned challenges, is shown in Figure 18.

Figure 18: The architectures of four di erent networks. Here, 'I' represents the
input image, 'conv' represents the backbone convolutional layers, 'H' represent
the network heads, 'C' represents the classi cation output, 'B' represents the
bounding box output. 'HO' is the RPN and 'BO' are the object proposals in each
architecture. Image reference: [3].

Cascade R-CNN extends the Faster R-CNN architecture by adding additional
network heads to perform classi cation and regression. These network heads
work in series such that the output bounding boxes from the RPN are fed to
the rst head, and the output bounding boxes from the rst head are fed to
the second head and so on. Each head is trained on a single loU threshold
to perform optimally for that loU threshold. In Cascade R-CNN [3], the rst,
second and third heads are trained stage by stage for loU threshold of 0.5, 0.6
and 0.7 respectively. This stage by stage process removes the lack of positive
samples since the proposal fed to heads with higher loU thresholds are re ned
by the previous heads, solving the over- tting problem. The problem of non-
optimal results due to mismatch between train time and inference time loU
threshold is also solved since we have three network heads that are trained on
three increasing loU thresholds.

This proposed architecture signi cantly improved the performance of Faster
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R-CNN and can also be used with Mask R-CNN to get even better instance

segmentation results. During this project, we chose to use Cascade Mask R-
CNN with ResNet-101 as the feature extractor as the main object detector for

our experiments on di erent versions of our dataset.

219 YOLO

YOLO (You only look once) [25] treats the problem of object detection as a
regression problem rather than a classi cation problem and it uses a single con-
volutional network to perform all the tasks involved in object detection making

it a single stage detector unlike the R-CNN family. Using a single network
provides much greater speed as convolution is done only once on the entire im-
age. YOLO also makes less mistakes regarding the background, as convolution
is done on the whole image, which allows it to encode contextual information
about objects and their appearances.

YOLO works by dividing an input image of size 448x448 into an SxS grid,
7X7 grid in the YOLO paper [25]. Each grid cell is known as an anchor, which
represents a classi er and is responsible for generating k bounding boxes around
potential objects whose ground truth center falls in that grid cell and classify it
as an object class. Given an image YOLO outputs width, height, coordinates
of the center and con dence of the each object, along with probabilities of each
class.

Figure 19: YOLO model architecture. The output is a 7x7x30 tensor, which is
the result of SxSx(B*5+20), where S = 7 is the grid size, B = 2 is the num-
ber of bounding boxes per grid cell, and each bounding box has an associated
width, height, center coordinates and con dence. The model also outputs sin-
gle set of 20 class probabilities for each grid cell, which represents 20 classes of
Pascal VOC dataset. At test time, each bounding box con dence is multiplied
with corresponding grid cell class probabilities to get class probabilities for each
bounding box. Image reference: [25].
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Architecture of YOLO consist of CNN feature extractor that uses the Darknet
framework [25]. It is pretrained on ImageNet and modied for detection by
adding 4 convolutional layers and two fully connected layers on top as shown
in Figure 19. The architecture is relatively simple compared to the two stage
architecture of R-CNN family. Overall the network has 24 convolutional and 2
fully connected layers.

YOLO has some limitations that allows it to be fast but the resulting accuracy is
low. YOLO struggles with detecting ocks of multiple small objects since each
grid cell of input image can only predict two boxes. The model downsamples
the input and uses coarse features to predict the bounding boxes. It also has
di culty dealing with objects with aspect ratios and con gurations di erent
than that of objects in the training data, making it harder to generalize. The
loss function treats the errors in large objects and small objects equally, which
means that a small object with less accurate bounding box will have a similar
loss compared to more accurate bounding box on a large object, making the
network focus more on large objects.

2.1.10 YOLOv2

YOLOvV2 [26] is an improved version of YOLO by the same authors. YOLOv2
uses a variety of techniques to improve the performance of YOLO as shown
in Figure 20. YOLOvV2 uses anchor boxes to make the problem of localization
easier by training the network to output only o sets to the anchor box location,
and not the complete location, this reduces the mAP slightly but signi cantly
increases the recall. The anchor box dimensions are usually picked by hand
and the network can learn to adjust them to output bounding boxes, however,
better anchor boxes dimension makes it more easier for the network to adjust the
anchors. In YOLOV2, the process of nding anchor box dimension is automated
by clustering the ground truth bounding boxes of training set using k-means and
then picking the centroids' dimensions as the anchor boxes' dimensions. The
clustering is done based on loU instead of the euclidean distance. Using this
dimension clustering, they pick k = 5 centroids' dimensions to be used.

YOLOV2 architecture uses DarkNet-19 as the feature detector, detailed in Fig-
ure 21. It has 19 convolutional layers and 5 max pooling layers. On top of
these layers is a softmax layer for classi cation. It achieves a top-5 accuracy of
91.2% on ImageNet classi cation challenge improving on YOLO's 88% . It also
uses multi-scale training to better detect images of di erent sizes. It uses ne-
grained features which improves the average precision for small objects, making
it comparable to SSD-300 [27] but still worse than Faster R-CNN. On Pascal
VOC 2007 dataset YOLOvV2 mean average precision (mAP) increases to 78.6
compared to 63.4 of YOLO.
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Figure 20: Improvements in YOLOv2 compared to YOLOvV1 that lead to a
signi cant performance gain and increased e ciency. Image reference: [26].

Figure 21: Details of DarkNet-19 architecture. Image reference: [26].

2.1.11 YOLOv3

After YOLOvV2, the same authors released another version YOLOv3 [28] that
includes further incremental improvements. In YOLOvV3, for each bounding box
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an objectness score is predicted using a logisitic regressor, which is 1 if an anchor
box overlaps the ground truth bounding box the most compared to other anchor
boxes. Unlike YOLOvV2, YOLOvV3 uses multiple separate logistic classi ers to
classify the bounding boxes instead of a softmax classi er to get multi-class
classi cation. To support detection at various scales YOLOv3 predicts boxes
at three di erent scales allowing it to better predict objects of di erent scales.
The feature Detector of YOLOv3 has also been improved and it uses a network
called DarkNet-53, detailed in Figure 22.

Figure 22: Details of DarkNet-53 architecture. Image reference: [28].

DarkNet-53 has 53 convolution layers with residual connections. It is more
accurate than DarkNet-19 and more e cient than other bigger feature extractors
such as ResNet-101 or ResNet-151. On top of this feature extractor three blocks
of covolutional layers are added to predict at di erent scales as shown in Figure
23. The increased complexity of YOLOv3 makes it slower than YOLOv2.

The mentioned changes improved the mean average precision (mAP) for small
objects and with increased mAP localization errors have been reduced. De-
tection of objects at di erent scales improved and the overall mAP has been
signi cantly improved.
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Figure 23: YOLOvV3 architecture. Image reference: [29].

At the time of research and testing three version of YOLO (You only look once)
[25] network had been published, and we used YOLOVS3 for our testing. A fourth
version [30] has been published recently, which further improves the accuracy
of previous YOLO models, however it will not be described here.

2.1.12 E cientNet

E cientNet [31] is a recent convolutional neural network (CNN) that achieved
state of the art performance on standard image classi cation benchmarks. The
motivation behind E cientNet as evident from the name is make CNN's more

e cient. To achieve this goal, the authors approached the problem from two

di erent directions. First, systematically scale up a small network by scaling up
the width (number of channels), depth (number of layers) and input resolution
(size) simultaneously in a way that gives better performance gain than if the
these parameters were scaled independently. This method of scaling is called
compound scaling where a single compound coe cient is used to scale all three
hyper-parameters uniformly. The intuition behind this approach is that, for
example if the resolution of the input image is increased, then width of the
network should also be increased as there are more ne-grained features to
be captured, and the depth of the network should be increased as well to get
a larger receptive eld to capture more of the larger input. Dierent types

of model scaling methods are shown in Figure 24. Second, come up with a
small e cient network that can be then scaled up using the above mentioned
approach. For this purpose, Neural Architecture Search is used to design a new
small baseline network called E cientNet. This network is then scaled to 8 levels
of complexities using compound scaling from E cientNet-BO to E cientNet-B7.

The objective of scaling the network here is to maximize the accuracy of a
baseline network with constraint of limited computing resources. To scale the
network, as mentioned before, the width (w), depth (d) and input resolution (r)
can be changed. One solution for nding the optimal values for w, h and r is to
perform a grid search, that provides accuracy value for di erent combinations
of these parameters. However, since for each combination of the parameters, we
have to train and evaluate a network, performing an exhaustive search becomes
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Figure 24: lllustration of di erent types of model scaling methods. (a) shows
the baseline small network, (b) is scaling the width, (c) is scaling the depth
and (d) is scaling the resolution of the baseline model. (e) is scaling the depth,
width and resolution simultaneously using compound scaling. Image reference:
[31].

very expensive, so we have to constraint our search.

As mentioned before, compound scaling is used to scale three hyper-parameters
simultaneously, which is done by equating w, d an r to variables with a common
exponent as in equation 2. is then changed to scale the network uniformly.
However, we still have to nd the values for the new variables ; and
The lower bound of these variables are given as 1, 1 and 1.
The upper bound is determined by taking into account the complexity of the
network, which represents the limited computing resources. The complexity of
a network is determined by computing the number of oating point operations
(FLOPS). The complexity of the scaled network is related to the complexity
of the baseline network as the ratio shown in equation 3, from which we can
determine an upper bound onthe; and by stating how much of complexity
increase we can aord. The authors of the paper, chose 2 2 = 2, which for

= 1 gives a network with twice the complexity of the base network. This
choice provides a tighter upper bound for; and making the grid-search
faster. Once optimal values for; and are found, then can be used to
scale the network uniformly using

w= ()

and
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FLOPS(Network(; ; ))

FLOPS(Network (L. 1)) Rk )

Since the compound scaling does not a ect the basic structure of the layers of
the baseline network, it is important to use an e cient and accurate network
as a base. For this purpose, the authors used their previous work MnasNet
[32] as an inspiration, where the cost function optimizes for both Accuracy and
E ciency. The loss function is shown in equation 4 below,

loss= ACC(Network) [FLOPS(Network]=T]"; 4

where ACC(Network) is the accuracy of the network and FLOPs(Network) is
the complexity, T is the target complexity and w = 0:07 represents the trade
0 between complexity and accuracy. In contrast, to their previous work [32]
they optimize complexity as opposed to latency. The result of the search is an
e cient network called E cientNet-BO. The main components of this network
are mobile inverted bottleneck MBConv [33, 32] and squeeze-and-excitation op-
timizations [34].

2.2 Object Similarity

In order to decide whether two objects are of the same class there are di erent
possible approaches. If the classes are few and well-de ned, training a classi er
is the standard option. However, for cases where the number of classes is very
large or less well-de ned, it may make sense to remove the notion of classes and
instead focus on learning an embedding space such that object of the same type
lie close to each other in the embedding space. While such an embedding is often
a natural result of training a classi er CNN, there are methods that speci cally

try to encourage such an embedding space through the loss function.

These methods typically reframe the learning problem as follows: di erent in-
puts are fed to the same network (which can also be viewed as feeding the inputs
to networks with shared weights, as shown in Figure 25. Their di erent embed-
dings output from the network are then compared to each other through a loss
function. Two such loss functions are contrastive loss and triplet loss, which
will be discussed below.

2.2.1 Contrastive Loss

In contrastive loss, there is a di erent loss function depending on whether we
have a positive input pair (i.e. they are of the same type) or a negative input pair
(they are of di erent types). The loss function is designed to pull positive pairs
closer to each other and push negative pairs away from each other. Therefore
the distance in embedding space is used as the loss for the positive pairs, while
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Figure 25: A siamese architecture, the basis of manynetric (distance function)
learning loss functions. Image reference: [35]

for negative pairs the negative of this distance is used. Additionally, a margin
m is de ned such that we only care about increasing the distance if distance is
small enough; after negative pairs have moved enough apart (to a distance of
m) we do not force them to continue further. Without this it would be harder
for the system to reach an equilibrium as the two opposite goals could never be
fully satis ed. Mathematically contrastive loss fucntion is given as

d(ro;ra) if (ro;ry) is a positive pair

L(ro;ry) = . . . .
(Foira) max(0;m d(ro;r1)) if (ro;ry) is a negative pair.

(®)

2.2.2 Triplet Loss

In triplet loss, there are instead three di erent inputs: an anchor input a, a
positive input p and a negative inputn. The anchor can be viewed as a baseline
to which the other two inputs are compared; the positive input is of the same
type as the anchor, and the negative input is of a di erent type. The distance
from the positive input to the anchor is minimized and the distance from the
negative input to the anchor is maximized. In contrastive loss we stopped
caring about the distance in negative pairs after a minimum margin m had
been achieved. Herem has a similar function, although slightly di erent. It
tells us how much larger we require the distance to be between the anchor
and the negative, than between the anchor and the positive input before we
stop caring (i.e. before the loss contribution becomes 0). Ifn was 0, then we
would be happy as soon as the distance from the anchor to the negative input
surpassed the distance to the positive input, while if it's higher we are not that
easily satis ed and require the distance to the negative input to be larger by a
certain margin. Mathematically, the triplet loss is given as
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L(a;p;n)=max(0; d(a;p) (d(a;n)+ m)): (6)

2.3 Synthetic Data

One important concept in synthetic data generation is the technique ofdomain
randomization [6]. The idea is that since it will be di cult to generate synthetic
data that is perfectly similar to the real data domain, it is easier to instead make
sure to include a lot of variation in the synthetic data so that the network will
have to learn the essential features of the objects. By non-realistically varying
the parameters of the simulator such as lighting, pose and textures it is hoped
that the robustness to this variation carries over to the real data domain.

2.4 Example-based Texture Synthesis

There are many proposed methods for style transfer in images, many of which
are neural network-based [36]. An interesting non-neural approach is proposed
by [7]. By creating a patchwork using patches from the original style exemplar,
they achieve a crisp high-resolution result compared to the often blurry results
associated with neurally generated images. Another bene t of their method is
that it does not require any training, and requires only a single style exemplar
and two sets of guide channels as input.

In their paper, they have computer-rendered 3d models of two di erent objects.
An artist has recreated the rst object (a simple sphere), but in an artistic
medium such as paint or charcoal. The goal of the algorithm is then to create
an image of the second 3d model in this same artistic style. The algorithm thus
has three parts of information available (see Figure 26):A (the source guide
image), A° (the source stylized image) andB (the target guide image), and has
to use these to nd the fourth missing part B (the target stylized image) such
that the following analogy holds:

A:A%:B:B°

i.e. such that A' is to A as B' is to B. The goal is then roughly to nd similar
patches between the guide images and then copy between these patch locations
patches from the source style to the target style image. At the same time, we
should also take into account the patches we have already drawn on the B' image
so that the new patches t into our current drawing.

In order to formalize this, let us rst de ne a way to compare patches so that
we can compute their dissimilarity. Let | (p) be the square patch in imagel
with its center pixel at position p and a xed size, wherel is one of the images
A;A%B:BC We can representl (p) as a single vector of values by putting all
the pixels of the patch in a single column in scan-line order, and attening out
the channels of each pixel, so that for example each RGB pixel contributes with
3 values to the vector.






	Introduction
	Aim
	Scope and Limitations
	Related Work
	New Contributions

	Theory
	Object Detection
	Neural Networks
	Convolutional Neural Networks
	ResNet
	R-CNN
	Fast R-CNN
	Faster R-CNN
	Mask R-CNN
	Cascade Mask R-CNN
	YOLO
	YOLOv2
	YOLOv3
	EfficientNet

	Object Similarity
	Contrastive Loss
	Triplet Loss

	Synthetic Data
	Example-based Texture Synthesis
	Clustering Techniques
	Affinity Propagation
	Density Based Spatial Clustering of Applications with Noise (DBSCAN)
	Mean Shift

	Clustering Evaluation Measures
	Homogeneity, Completeness and V-measure
	Adjusted Rand Index


	Methodology
	Generating Synthetic Training and Evaluation Data
	Base 3d Models
	Data Augmentation - Shape
	Data augmentation - Texture
	Physics Simulation
	Light Setups
	Camera Setup
	Plane Materials
	Bread Groups
	Shelf Walls
	Variants of the Synthetic Dataset

	Gathering Real Data
	Object Detection
	Similarity Classifier

	Automatic Inventory System
	Object Detector
	Similarity Classifier
	Clustering Algorithms

	Evaluation
	Object Detector
	Similarity Classifier
	Clustering Algorithm


	Results
	Object Detection
	Results for Full Synthetic Datasets
	Results for Full Synthetic Datasets
	Performance vs. Amount of Data
	Performance vs. Fraction of Real Data
	Performance vs. Amount of Light Variation
	Performance vs. Number of Different Bread Models
	Effects of Adding Real Negative Examples to Synthetic Data
	Training Schemes

	Object Clustering
	Siamese Network with Contrastive Loss
	Siamese Network with Triplet Loss
	Object Similarity using Tiled Inputs (OSTI)
	Failure Cases


	Discussion
	Automatic Bread Inventory System
	Object Detection
	Object Similarity Classification
	Clustering

	Generation of Synthetic Training Data
	Performance for Only the Synthetic Data
	Stripping Down the Synthetic Data
	Effects of Using Real Data


	Conclusion

