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Abstract

Computer vision nowadays relies heavily on machine learning techniques to interpret
useful information from images or videos. Object detection is one such computer vision
technique for identifying and locating objects in images. This type of application is of
great interest for its potential use in various �elds including product inspection, analysis,
security, etc.

As another important technique in computer vision, object recognition for identifying
objects in images has been accomplished earlier. Classic models including LeNet and
VGG16 have already adopt CNN-like architectures. In comparison, an object detection
model would not only identify objects, but also label each detected object with a bounding
box. Provided ground truth labels about both object class and bounding box coordinates,
object detection models can be trained regularly for making both predictions. Certain
families of object detection models are listed as follows: In R-CNN, the Region Proposal
Network (RPN) produces region proposals, corresponding to rectangular regions in the
image in which targeting object is possibly present. YOLO divides the input image into
grids and predicts the bounding box and class con�dence simultaneously for each grid.
SSD is a similar model to YOLO but has better accuracy by using features at di�erent
scales. As a result of improved hardware performance and innovative network architecture
in recent years, real-time object detection has become possible with both satisfying speed
and accuracy.

The goal of this thesis is to implement a real-time object detection system based on
some of the already published models, with the Proposal Connection Network (PCN)
discussed in more detail. PCN in simple terms is a two-stage, anchor-free object detection
model with unique advantages. Following the demonstration of system design and setup
are training and experimental processes, focusing primarily on performance analysis and
comparison among models.
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Chapter 1

Introduction

This chapter will start with illustrating some basic concepts of computer vision and its
historical development. Speci�c roles of machine learning in modern day computer vision
will be discussed, as machine learning has become the core technique to implement complex
computer vision features nowadays. Finally, showing contributions and organization of this
thesis �nishes this chapter.

1.1 Early Image Processing

The concept of manipulating digital images can be dated back to the early 20th century.
Starting from transmitting pixelated newspaper images over telegram, to CCD sensor
invented in 1980, digital imaging techniques have already been developing even before
the age of modern computers. Various imaging related applications have also emerged
during this period, including satellite imaging, medical imaging, digital photo, and so on
[1]. However, due to the limit of the early day imaging technologies, imaging equipment
could only produce low quality pictures. For this reason, the earliest image processing
techniques were mainly aimed to improve image qualities, such as noise removal, repairing
visual defects, and compression for more e�cient data storage. Certain image processing
techniques were also capable of detecting simple geometric shapes in the image. Examples
of these image processing techniques are given below, and comparison between original and
processed images using these techniques are shown in Figure 1.1-1.14 [2].

1. Anti-aliasing: Reconstructing low resolution image through interpolation from neigh-
boring pixels.
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2. Radon transform: An transformation technique that can reveal straight edges in the
image.

3. Radial distortion: Can be used to reverse distortion caused by geometry of camera
lens.

4. Histogram stretching: Increases certain intensity values in the histogram to enhance
brightness.

5. Averaging: Can be used to reconstruct damaged image.

6. Median �ltering: Removes noise from the image.

7. Laplace smoothing: Detect and sharpening edges in the image.

Figure 1.1: Before anti-aliasing Figure 1.2: After anti-aliasing

Figure 1.3: Before Radon transform Figure 1.4: After Radon transform
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Figure 1.5: Before radial distortion Figure 1.6: After radial distortion

Figure 1.7: Before histogram stretching Figure 1.8: After histogram stretching

Figure 1.9: Before averaging Figure 1.10: After averaging
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Figure 1.11: Before median �ltering Figure 1.12: After median �ltering

Figure 1.13: Before Laplace smoothing Figure 1.14: After Laplace smoothing

1.2 Computer Vision and Machine Learning

1.2.1 Early Applications

Unlike the basic image processing techniques introduced above, computer vision speci�cally
requires the computer to make meaningful interpretation from the images. A computer
vision program should be able to achieve this goal through extracting and recognizing key
features from images, but it can be challenging because these key features are usually
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di�cult to de�ne explicitly in the code. With the use of machine learning, however,
these features can be automatically acquired during the training stage. Applying machine
learning has therefore become more important as the training process requires minimum
human intervention, while a properly trained model can still produce accurate results
with decent performance. In fact, machine learning has already become an indispensable
component of computer vision systems [3].

One of the earliest computer vision applications leveraging the power of machine learn-
ing is Optical Character Recognition (OCR). Classifying hand written characters by com-
puters is known to be especially challenging due to large variations in hand writings. Man-
ually designing a classi�er that would cover these di�erent styles of hand writing would
be very di�cult. Instead, a dedicated computer vision model can utilize machine learning
to discover patterns from varying strokes in hand writings and will correctly classify char-
acters after training. Classifying characters by the OCR may comprise of the following
steps: Each character would �rst be segmented from the image [4] and typically down
sampled individually to reduce the input size of subsequent modules. Since characters can
still be well recognizable under low resolution, simply down sampling would still retain
character features at a good level while making the model more trainable. Down sampled
characters are then fed into the classi�cation module. For character classi�cation, SVM or
fully connected neurons is commonly used as the classi�cation head. An example of OCR
classi�er is shown in Figure 1.15.
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Figure 1.15: OCR example

1.2.2 Convolutional Neural Network

For higher resolution images containing detailed features, using Convolutional Neural Net-
work (CNN) is a more popular approach for feature extraction. It imitates the process of
how the brain perceives images: When a neuron in the visual cortex receives a stimuli, its
neighboring neurons with overlapping reception �elds will also activate. CNN carries out
a similar mechanism by convolving �lters (or kernels) with the input. Resulting features
will become less sensitive to transformations including space shifting, scaling and rotation.
Overall, each stage of CNN feature extraction can be concluded in the following way:

1. Convolution layer: Performs convolution through calculating the dot product be-
tween kernels and each small patch of the input. The �lter will slide along the input
until all areas of the input were covered. This layer produces a feature map that
stores all calculated dot products.
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2. Activation: Feature map from the convolution layer would need non-linear activation
to start learning, similar to the case of fully connected neurons.

3. Pooling layer: Divides the feature map into grids and only records the most signi�cant
element in each grid. Its output is a feature map of reduced size.

Figure 1.16: A demonstration of CNN layers

Layers illustrated above make up a single hidden layer in CNN. CNN feature extraction
typically cascades multiple hidden layers with the same layout as the backbone, followed
by a classi�cation head to consist a complete classi�er. This architecture is also used by
LeNet [5], one of the classic and earliest CNN implementation as demonstrated in the
Figure 1.16.

Throughout the development of modern computer vision models, CNN has become the
major feature extraction backbone. For example, VGG16 as in Figure 1.17 is a classical
implementation of object classi�cation system to detect the presence of speci�c objects in
the image. It has 16 CNN layers to convert each of the 224x224 input image into a 7x7
feature map before feeding into dense layers for classi�cation [6].

Object detection is another popular �eld in the modern day computer vision. Other
than identifying objects, object detection should also be able to locate the object and
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Figure 1.17: Layers of VGG16 network

calculate bounding box around each of them in the image. There are 2 major families of
object detection models: Two stage detector like R-CNN has decent detection accuracy at
di�erent scales but slower. One stage detector like YOLO and Centernet can perform both
class and bounding box predictions in the same module, and so the network architecture
is simpler [7]. Generally, one stage detector can achieve higher speed, a desirable feature
for real-time object detection.

1.3 Goals and objectives

Object detection has gained increasing popularity among many applications especially in
industrial �elds, and there have been well-developed models for these purposes. Neverthe-
less, there's no one model that �ts all use cases and so choosing the right model becomes
the important �rst step. Adjusting the model including its parameters is usually required
to �t speci�c use case as well.

Following the rising trend of object detection related applications, the goal of this thesis
to design an object detection system. This system can eventually be utilized by enterprises
to speci�cally perform product inspection. The contribution of this thesis is it can help
enterprises to have more e�cient work
ow by automating product checking processes. The
object detection feature will be implemented based on already available architectures, so
this work focuses more on demonstrating how to setup of a functioning system through
hardware and software integration. It should be noted that these models does not equate
out-of-the-box, or turn-key solutions. Instead, these models would still need to be tweaked

8



as previously mentioned in order to produce satisfying results. Then, other than building
the actual system, one of the main objectives of this thesis is to choose the best model and
evaluate how it performs after training.

Lastly, works related to this thesis can be summarized as the following: Reviewing the
implementation of PCN and other object detection models, showcasing an object detection
system setup, and experimental analysis of these models.

1.4 Organization

Finishing up introducing some computer vision concepts, the remaining of this thesis will
be presented in the following order:

ˆ Chapter 2: Reviewing some popular object detection models as well as their archi-
tectures to understand how object detection works.

ˆ Chapter 3: Introducing PCN architecture and its design considerations.

ˆ Chapter 4: Illustrating the overall computer vision system architecture, including
both hardware and software setup.

ˆ Chapter 5: Running experiments to test the performance of multiple object detection
models.

ˆ Chapter 6: Finding out possible places to improve and plan for future works after
summarizing this work and its respective results.
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Chapter 2

Related Works

Following the introduction to computer vision related concepts and the goal of this thesis,
this chapter will focus on illustrating several classic object detection models and their archi-
tectures. It would be useful to �rst review these models in order to thoroughly understand
their design considerations.

2.1 YOLO

2.1.1 Overview

YOLO is a popular object detection model that has attracted attentions after its �rst
appearance on the CVPR 2016 conference [8]. As a one-stage model, YOLO has several
advantages over R-CNN and other two-stage predecessors. In a two stage model, the �rst
stage would predict bounding boxes as "region proposals", and the second stage would
predict the object class for each of these proposals. The purpose of such two-stage archi-
tecture is to allow the classi�er to focus on regions of interest (ROIs) only. YOLO instead
integrates these two functions into one stage so that a monolith module can output bound-
ing box and class predictions simultaneously. It simpli�es network architecture and can
achieve higher speed, making it more desirable for real time object detection.

Similar to R-CNN, YOLO also starts with dividing the input image into grids. Both
models would generate a given number of bounding boxes in each grid. In R-CNN, these
generated bounding boxes are referred to as anchors. Anchors are a set of pre-de�ned
rectangles of di�erent shapes and sizes distributed throughout the image. To select the
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closest anchor to ground truth, each of these anchors is compared to any ground truth
bounding box by calculating their IOUs. Higher IOU indicate an anchor better resembles
the ground truth and so anchors with highest IOUs will become region proposals. The
calculation of IOU is given as the following:

IOU =
Area over overlap
Area over union

(2.1)

In comparison, YOLO's backbone would directly make bounding box predictions in
each grid instead. The same backbone in YOLO would also predict the class score of
objects in each grid and calculate con�dence of bounding boxes by the following:

conf = Pobj � IOU (2.2)

wherePobj is the probability of a grid containing an object, and IOU is calculated between
prediction and ground truth. Those bounding boxes with low con�dence will be discarded
because they are very unlikely to contain objects.

At this point, each of the bounding boxes should contain an object, but the same
object may be labelled by multiple bounding boxes. So YOLO would further perform Non-
Maximum Suppression (NMS) to further remove bounding boxes with lower con�dence.
After NMS, only the bounding box with the highest con�dence for each object would
remain. This bounding box, along with con�dence and class score, together becomes the
result of YOLO object detection.

YOLO has great signi�cance in computer vision because it proposes a new and concise
method for object detection. Over the years, YOLO has kept evolving and there have
already been several versions of YOLO developed. For example, YOLOv2 adapts a similar
anchor mechanism to Faster R-CNN to improve accuracy [9]. YOLOv3 introduces feature
pyramids for better detection capability of objects at di�erent scales [10]. At the time
of composing this thesis, YOLOv5 has become the mainstream implementation. It has
proven to be a robust, e�cient and accurate object detection model. For this reason,
testing YOLOv5 will be a part of later experiments because its performance measurements
can be seen as a good reference.

2.1.2 YOLOv5

The YOLOv5 model architecture is an evolved version from YOLOv3 and YOLOv4. Its
variations are given as the following: YOLOv5s, YOLOv5m, YOLOv5l, YOLOv5x and

11



YOLOv5n. These variations come with di�erent scales but sharing the same architecture.
YOLOv5 models consist of input layer, backbone, neck and head networks as explained in
the following [11]:

1. Input layer: YOLOv5 backbone takes a 640x640x3 input. Therefore, the most crucial
role of the input layer is to resize the input image to this required dimension �rst.
Resized image will retain its original aspect ratio to avoid distortion and then zero
padded along shorter edges. Prior to resizing, the input layer will also perform data
augmentation by adding random noise, stretching and rotating images, etc. This
step will help the model generalize well.

2. Backbone: Backbone performs feature extraction from input images. In YOLOv5
backbone, the Focus structure will slice and re-concatenate an image along the chan-
nel dimension. It also employs CSP for residual connections, which allow some parts
of the network to skip certain layers and thus feeding features forward. Both of these
measures have helped accelerating YOLOv5 to better speed while retaining more
features and decent accuracy.

3. Neck: It's a key network for connecting backbone to the head. In YOLOv5, FPN
(Feature Pyramid Network) and PAN (Pyramid Attention Network) are used in the
neck. It's responsible for merging features at di�erent scales, which will improve the
performance of detecting small objects.

4. Head: YOLOv5 has three heads with di�erent output sizes. Like other computer
vision models, each head in YOLOv5 will make both bounding box and class predic-
tion. Multiple heads correspond to predictions at multiple scales.
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Figure 2.1: YOLOv5 architecture

2.2 Feature Pyramid Network

FPN is a network architecture �rst proposed in a CVPR 2017 paper for feature extraction
[12]. In comparison to another feature extractor, the classical CNN introduced in the pre-
vious chapter, FPN has made several improvements to achieve better detection capability
of objects at di�erent scales.

Looking back at CNN, it typically has multiple hidden layers that each performs con-
volution, activation and pooling. After each pooling operation, one element in each grid
is recorded while all other elements in the same grid are discarded. The �nal output of
each hidden layer is a feature map with reduced size comparing to the input. By cascading
these hidden layers, the CNN forms a pyramid structure where feature maps are obtainable
at di�erent sizes [13]. Layers closer to the input produce �guratively rich feature maps
that still retain detailed patterns of the objects but have greater size. Moving towards
the output, hidden layers will output smaller, semantically rich feature maps at the cost
of losing important details. Some old computer vision models would only use feature map
from the CNN output for subsequent prediction modules, leading to worse performance
when detecting small objects.

Using feature map from the output layer is referred to as single feature map method,
which is one of the possible ways to utilize feature maps from the pyramid structure.
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Other ways to utilize these di�erent feature maps from the pyramid include featurized
image pyramid and pyramid feature hierarchy. Featurized image pyramid simply resizes
the input image to di�erent scales before extracting features from each of them. The
resulting feature maps will retain the most information both �guratively and semantically
but computationally expensive. Pyramid feature hierarchy is more similar to CNN in that
features are extracted from the input image at di�erent level, but feature maps from all
layers will be used for prediction. It has faster speed than featurized image pyramid while
utilizes more features than the CNN.

FPN is another method to produce both �guratively and semantically rich feature
maps while having good e�ciency. To achieve this goal, FPN borrows some concepts from
the residual network to merge features from di�erent levels. Starting with its backbone
architecture, it still employs the classical CNN pyramidal structure with cascaded layers.
This part is referred to as the bottom-up pathway. These two pathways Hidden layers
within this CNN backbone usually has pooling size of 2 so that feature map output of each
hidden layers would be half of the previous one. For example, a CNN consisting of stages
C1. . . C5 will produce feature maps with size 1/2,. . . ,1/32 of the original input image.

In addition to the bottom-up pathway as in standard CNN implementation, FPN also
incorporates top-down pathway that operates in the opposite direction: Semantically rich
feature map from the CNN output layer has the lowest resolution. Using this feature map
as the input, the top down module will generate a new set of feature maps from the top
to the bottom layer. Each layer in the top down layer enlarges the feature map from the
upper layer by up sampling the input by the same factor as the CNN pooling size. The
resulting output would have the same shape as the CNN feature map at corresponding
stage. The overall architecture of FPN is illustrated in Figure 2.2 below. The up sampling
can be done through bilinear interpolation to enlarge the input features by inserting new
pixels around existing ones. Key points in the bilinear interpolation process is shown in
Figure 2.3.
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Figure 2.2: FPN architecture

Figure 2.3: Bilinear interpolation
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where:

R1(x; y) = Q11 � (x2 � x)=(x2 � x1) + Q21 � (x � x1) � (x2 � x1)

R2(x; y) = Q12 � (x2 � x)=(x2 � x1) + Q22 � (x � x1) � (x2 � x1)

P(x; y) = R1 � (y2 � y)=(y2 � y1) + R2 � (y � y1)=(y2 � y1)

(2.3)

The top-down approach brings semantically rich information from the top layer to the
bottom. To combine the �guratively rich residual features from the bottom up module
and interpolated semantically rich features from the top down module, at each layer the
features from both modules are added element wise to generate new feature maps. By
doing so, the bottom up and top down module complement each other and can generate
high quality features of di�erent sizes. Note that the element wise addition is possible
because both modules use the same factor to scale up or down features to maintain the
same feature size. Furthermore, residual features from bottom up layers typically goes
through 1x1 convolution to 
atten the channel before element wise addition.

Finally, 3x3 convolution is applied to these added features to eliminate aliasing e�ect.
As a result of the bilinear interpolation in the up sampling process, the aliasing e�ect may
produce uneven transitions in the interpolated regions and thus will leave zig zag patterns
on feature maps. Adding an extra convolution helps removing these patterns and further
improving the feature quality. These convolved features are served as the �nal outputs.
They also come with various sizes and will be the input to subsequent modules. Each
feature map output is assigned to a dedicated predicitor instance, trained or inference in
parallel to detect objects at di�erent scales.

2.3 Centernet

2.3.1 Key Point Approach

As its name suggests, the key point approach is a bounding box regression method that
would directly locate key points of an object. This method does not require the model
to divide the image and make predictions for each part individually. Instead, the key
point approach works more intuitively: When looking at an object, the model would be
able to focus on it through identify features at certain locations. These features can be
speci�c patterns, contours, and so on. Those speci�c points to look may vary by model:
For instance, Cornernet would identify the top left and bottom right corners of an object.
Through �nding out these two points, the rectangular bounding box can be uniquely
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de�ned [14]. It should be noted that features at the location of corner points may indicate
either the object itself, or the background in the worst case. Using corner points solely for
locating objects may have lower accuracy due to higher probability of having false results
and so eliminating wrong predictions may become necessary. Another object detection
model using key point approach would be Centernet. Details of Centernet architecture
would be given in the following subsection.

2.3.2 Centernet architecture

The most notable characteristic of Centernet is that it would identify the object using the
center point of the bounding box as well [15]. This allows the object feature to be extracted
from the center location and so it can be used as the key feature for object identi�cation.
Centernet utilizing of center point other than two corner points as in Cornernet makes it
has better accuracy with relatively small cost. For each bounding box, Centernet would
also predict its center coordinate, along with its width and height. One of its major goals
of training Centernet is to minimize the loss of these bounding box shape and location
between the predicted and ground truth bounding box.

The structure of the standard Centernet implementation is shown in Figure 2.4 and can
be summarized in the following way: After resizing the input image (usually to 512x512),
the feature extraction backbone outputs heatmaps. Heatmap in Centernet is similar to
CNN feature maps, but each element serves as a binary bit to tell whether an object center
point exists: 1 indicates a center point exists in the corresponding area of the image, and
0 means otherwise.

Heatmap serves as the input to the following prediction heads: Each of these heads
would predict center point, box height/width and class, respectively. Outputs from these
modules are therefore the object detection result. To directly predicting key points from
the heatmap, Centernet requires the heatmap to contain highly semantic features so that
it captures more complete outlook of the object. It also requires the heatmap to have
high resolution so that reading key point locations directly from heatmap becomes more
accurate. These criterias can be satis�ed by Hourglass network. It down samples the input
to obtain semantically rich features with lower resolution and then up samples to increase
its resolution again. In the standard Centernet, it cascades 2 hourglass networks as the
backbone for heatmap generation.
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Figure 2.4: CenterNet architecture

When making predictions from heatmap, both Centernet and Cornernet would use
corner coordinates to establish a bounding box. Suppose a bounding box is described by
top left corner coordinate [x1; y1] and bottom right corner coordinate [x2; y2], the Cornernet
would directly perform box regression using these two points. For Centernet, however, the
bounding box regression would be performed upon its center point coordinate. The shape
of the bounding box is de�ned by its height and width instead. Given aforementioned
bounding box corner coordinates, the center point coordinate can be found by:

[xc; yc] = b
x2 � x1

2
;
y2 � y1

2
c (2.4)

2.3.3 Focal Loss

Bounding box regression in Centernet consists of two independent tasks: For center point
coordinate, it's preferrable to minimize the location di�erence between predicted and
ground truth center. For bounding box width and height, both would be adjusted ac-
cording to the ground truth as well. Also, only the center point would cause corresponding
heatmap element to be 1, while all others would be 0. It would be more suitable for training
if the heatmap can incorporate gradients. To do so, Centernet adds a 2D Gaussian around
the ground truth center that helps predicted center point to move towards it through "gra-
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dient ascend". Heatmap elements in this case each represent the con�dence from 0 to 1 at
corresponding location instead [16]. The 2D Gaussian kernel is given by the following:

Yxyi = exp( �
(x̂ � x)2 + ( ŷ � y)2

2� 2
p

) (2.5)

Yxyi indicates the i th class con�dence of predicted heatmap element at coordinate (^x; ŷ),
and (x; y) is the ground truth center point coordinate. The addition of 2D Gaussian kernel
is visualized as in Figure 2.5:

Figure 2.5: 2D Gaussian kernel demonstration

Determining whether a heatmap element should be 0 or 1 is analogous to solving the
classi�cation problem. Traditionally, the loss function for training a classi�er is cross
entropy given as the following:

CE = �
X

i

Pi � log(Pi ) (2.6)

A training sample point further from the ground truth is more di�cult to train and
is referred to as the hard misclassi�ed example. When other predicted points are already
well-trained, these hard examples should be given more training weights. Therefore, a Focal
term is introduced to the cross entropy loss function. so that as well-trained examples with
higher training probability reduces the loss, and thus putting more weight on those hard
ones. Resulting new loss function is Focal loss as illustrated in equation (2.7) below:

FL = �
X

i

(1 � Pi )
 � log(Pi ) (2.7)
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Assuming
 > 1: When the i th class con�dencePi is high, (1� Pi )
 would reduce rapidly
to suppress the loss.

The standard Focal loss above illustrates how the center point would be trained in
the Centernet. However, other heatmap elements a�ected by the bell-shaped pattern in-
troduced by the 2D Gaussian kernel would need to be trained as well. Training these
peripheral elements is di�erentiated into two cases: A non-center point becomes misclas-
si�ed when its predicted location is close to the ground truth center. One solution to this
problem would be to increase its weight to retrain this point as much as possible. On
the other hand, a center point predicted far away from the ground truth center is also
considered as a misclassi�cation. In both of these cases, adding another focal term would
do us a favor. Therefore, the loss function for center point regression comes down to the
following:

L k = �
1
N

X

xyi

(
(1 � Ŷxyi )� log(Ŷxyi ); Yxyi = 1

(1 � Yxyi )� (Ŷxyi )� log(Ŷxyi ); otherwise
(2.8)

Since heatmap is "down sampled" from the input by a factorR = 4, there might be
a slight di�erence between prediction from heatmap and ground truth on the input. As-
suming the di�erence is de�ned byp=R� p̂, de�ning another local o�set term Ôp would
be helpful for minimizing the di�erence between these two terms. Furthermore, the dif-
ference in prediction and ground truth bounding box shape should be minimized as well.
Combining these factors, its overall loss function would become:

L = L k + Lof f + L size (2.9)

where o�set loss:
Lof f =

1
N

X

p

jÔp � (
p
R

� p̂)j (2.10)

and size loss:

Lof f =
1
N

NX

p=1

jPk � P̂k j (2.11)

2.4 Summary

This chapter has reviewed state of the art network architectures of YOLO, FPN and
Centernet. The next chapter will start explaining PCN in detail, especially layers and loss
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function. Knowledges from this chapter would be helpful for understanding PCN's design
considerations.
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Chapter 3

Proposal Connection Network

The previous chapter reviews the architecture and design of some well-known object detec-
tion models. Then, this chapter will take a look into another model: Proposal Connection
Network (PCN) from a recent publication [17] by Kong et al. There are several interesting
design considerations in PCN comparing to other models that are worth mentioning.

3.1 Network Architecture

Like Centernet and other anchor-less object detection models, the PCN backbone generates
feature maps, which are used to further generate heatmaps for making region proposals.
These region proposals would contain positive samples only, which are also known as
the Region of Interests (ROIs). By focusing on positive samples, PCN avoids incorrectly
classifying foreground/background and di�erent classes of objects. Furthermore, weights
are introduced to PCN classi�er loss function to make a better use of training data and
help combat the class imbalance problem.
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Figure 3.1: PCN architecture overview

The PCN architecture consists of two stages and is demonstrated in Figure 3.1. Stage
one is the feature extraction backbone of PCN with feature maps and heatmap as the
outputs. The heatmap is used for generating anchor-less foreground proposals. In stage
two, the module would only look at proposed regions on the feature maps given by those
proposals from stage one. Before pooling each proposal with ROI align [18], random
displacements are introduced to generate augmented ROIs. Finally, these augmented ROIs
are fed into prediction heads. The class head would predict the class probability of an
object, and the location head would predict the center coordinate and size of the bounding
box.
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3.2 Generating Region Proposals

Figure 3.2: PCN stage one FPN
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Figure 3.3: PCN stage two

As shown in Figure 3.2 above, feature extraction in PCN adapts the same architecture as
the standard FPN con�guration: Both bottom-up and top-down path contain 5 hidden
layers, with strides of each hidden layer set to 2. Input is �rst scaled down to 1/32 of its size
and then up sampled to its original size again. At each layer, the bottom-up feature after
1x1 convolution are merged with corresponding top-down feature. Merged features then
each goes through a 3x3 convolution and �nally serves as the output. Each convolution is
followed by batch normalization to prevent gradient explosion in the network [19]. Also,
convolved features have non-linear activation to ensure that kernels are trainable.

Figure 3.3 shows that after pooling and augmenting ROIs in the second stage, it would
perform classi�cation and predict o�sets of the bounding box for each ROI. Resnet34 takes
these ROIs as inputs and further extracts features before feeding into class and location
head. Bounding box output from the location head would be a four-dimensional vector
consisting of a 2D center point coordinate, width and height. In the class head, multi-class
classi�cation uses softmax as the activation function. The de�nition of softmax is given as
the following:

softmax(x i ) =
exp(x i )

P k
j =1 exp(x j )

(3.1)

wherek denotes the number of classes.
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3.3 Proposal Connection

One reason the PCN would select only foreground proposals in its �rst stage is that it
produces higher quality samples for subsequent modules, eventually leading to better per-
formance. These selected foreground proposals provide all rectangular regions for the model
to look on the feature map. Prior to entering prediction heads, proposals before ROI align
are augmented to introduce more variations and thus making the model more robust. Pro-
posal augmentation in PCN is done through randomly shifting the proposal location along
either x or y axis. By default con�guration, the maximum o�set would be 10% of the pro-
posal width or height, depending on the axis of shifting. Figure 3.4 and 3.5 illustrate how
augmented proposals reduces the numbers of ROIs needed from region proposal module.
By requiring less ROI, this practice also leads to signi�cant speed improvement.

Figure 3.4: Traditional proposal connec-
tion

Figure 3.5: Augmented proposal connec-
tion

Generating proposals from the heatmap in PCN is analogous to the case in Centernet.
The center point coordinate of the bounding box is encoded with 2D Gaussian kernel.
Foreground proposals can then simply selected through max pooling over the heatmap.
Gaussian kernel in the PCN is placed in the following way:

�( x) = exp( �
x2 + y2

2� 2
) (3.2)

wherex; y are the o�set from the center point, and� is calculated according to the following
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rules:

r1 =
(h + w) +

q
(h + w)2 � 4hw 1� a

1+ a

2

r2 =
2(h + 2) +

q
4(h + w)2 � 4hw 1� a

1+ a

2

r3 =
� 2a(h + w) +

p
4a2(h + w)2 � 16hwa(a � 1)

8a

� =
1
3

min(r1; r2; r3)

(3.3)

whereh; w are ground truth height and weight, anda is the IOU threshold for foreground
proposal. r1; r2; r3 each corresponds to the cases shown in Figure 3.6. Upon the max
pooling operation, proposals further away from the ground truth are automatically ex-
cluded from the pooling region, and only the proposal with the closest proximity would
be selected. These properties of pooling eliminates the need for NMS to �lter proposals.
Pooling also allows back propagation unlike NMS. Overall, it can be concluded that max
pooling is more e�cient and more suitable for end-to-end training.

Figure 3.6: Anchorless bounding box overlays
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3.4 Loss Function

Considering that outputs of PCN stage one are foreground proposals, it's also a classi�er
that determines whether each proposal is foreground or background. In stage one, Focal
loss serves as the classi�cation loss function instead of typical cross entropy loss, because
Focal loss can put more weight on hard samples. The Focal loss function in PCN is given
as the following:

L class1 = �
1
N

NX

i =1

a(1 � Pi )
 (yi ) log(pi ) + (1 � a)(pi )
 (1 � yi ) log(1 � pi ) (3.4)

localization loss uses L1 loss instead:

L loc1 = �
1
N

NX

i =1

jpi � yi j (3.5)

where pi and yi are predicted and ground truth values, respectively. N is the number of
total number of samples. Focal loss coe�cients are set toa = 0:5 and 
 = 2.

Class head in PCN stage 2 also performs classi�cation, but it's only trained using fore-
ground proposals and can potentially have class imbalance problems. Therefore, the stage
2 classi�cation loss would be a modi�ed cross entropy loss by adding a weight term. Lo-
calization loss function for location head would be smooth L1. Both of these loss functions
are given as the following:

Wi =
N 2

N i �
P n

j =1 (N=Nj )
(3.6)

L class2 = �
1
N

NX

i =1

Wi (yi log(pi ) + (1 � yi ) log(1 � pi )) (3.7)

L loc2 = �
1
N

NX

i =1

SL1(pi � yi ) (3.8)

whereN i denotes the total number of classi samples.SL1 is the smooth L1 function.
The sum of all these terms would be the overall loss for PCN:

L = L class1 + L loc1 + L class2 + L loc2 (3.9)
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3.5 Summary

PCN is a two-stage object detecion model with two main design considerations: Region
proposal and class weight. PCN focuses on foreground proposals and augmenting ROIs for
better e�ciency, while applying class weights and focal loss helps with the class imbalance
problem. The next chapter will then show the hardware and software setup of an object
detection system. This system will be the platform for experimenting with PCN and other
object detection models.
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Chapter 4

System Design

This thesis has been extensively covering computer vision and object detection models up
to this point. Instead, this chapter will demonstrate how to build a functioning object
detection system through reviewing its hardware and software setup. Object detection
models from the previous chapters will be directly integrated into this system.

4.1 Overview

One of the classic computer vision application in manufacturing and logistic related indus-
tries is product inspection. An industrial product inspection system typically has cameras
connected to edge devices at the frontend, and cloud servers at the backend to run com-
puter vision or image processing related functions. Among all computer vision techniques,
object detection is the suitable method for identifying di�erent products or interpreting
visual pattern on those products. For example, object detection can be used to �nd out
defects on a product, which may include contamination, misalignment, broken parts, in-
complete components or any other irregularities detectable from photos. At a production
line, such product inspection system is capable of automatically check products and then
execute corresponding tasks based on detection results. This type of work has long been
done manually before computer vision system becomes commercially viable. Adapting
computer vision to replace human labor can speed up the process while eliminating hu-
man error. Nowadays, these product inspection systems have seen more and more use to
automate a variety of production lines.

The object detection system mentioned throughout this thesis is specialized for product
inspection purposes. This system is designed to identify each product individually and in
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real time. In certain instances where multiple types of products may be mixed up, it would
need to be able to di�erentiate these products from one another. From the list of potential
use cases below, one can see that the application of this product inspection system is not
constrained to manufacturing, but other �elds as well:

1. Counting the number of manufactured product for each product type on the produc-
tion line.

2. Keeping track of the quantity of each type of product in a storage facility.

3. Classify �nal products and directed them to corresponding packaging lines.

4.2 Camera Setup

Feature Speci�cation
Brand and model HikRobot MV-CU020-19GC
Image Sensor IMX290
Maximum resolu-
tion

1920x1080

Maximum FPS 56
Dynamic range 90dB
SNR 41dB
Gain 0-30dB
Exposure time 128� s-260ms
Output color
channel

Mono8

Data link interface GigE
Table 4.1: Camera specs

The core components of hardware platform include two industrial grade cameras whose
speci�cations of these cameras are given in Table 4.1 above. The usage of these cameras
in industrial applications requires the camera body to be attached onto a mounting point.
Since distance from the camera to inspected objects may vary depending on the setup, these
industrial cameras usually have zoom lenses installed with adjustable focuses, which these
cameras also support. Upon camera testings, both cameras are capable of delivering clearly
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captured images when the focus is properly set. However, the camera does not perform
well under normal lighting conditions. Only when the objects are exposed under strong
lights can the cameras output images with normal brightness. Very good environmental
brightness is typically required by these industrial cameras and so adding an external light
source is also mandatory in this case.

As previously mentioned, cameras are �rst mounted on a mounting plate, which is then
mounted on a microscope stand. Also, both of them requires higher brightness level to
take videos properly, so a light source is also mounted along with these cameras to create
an ideal brightness in front of cameras. The cameras are placed with lenses facing down,
and objects will be placed right below the cameras for visual inspection. This setup places
cameras and objects at close proximity. With the help of light source, pictures of the
objects can be clearly taken from the top view after properly adjusting the lenses focus.
These con�gurations have the following advantages:

1. Objects are placed at a �xed distance from the cameras, so the camera system would
not need further calibrations once the system has optimal setup, including focus of
lenses.

2. Fixed distance from the cameras to objects also makes visual measurement easier
when needed.

3. Allow cameras to take videos clearly in any environmental brightness.

4.3 System Architecture

In addition to the mounting platform, cameras mentioned above would also be connected
to an edge device through Gigabit Ethernet. The complete camera setup is presented
in Figure 4.1 below. Video frames will be transmitted from cameras to the edge device
under GigE protocol. Edge device is a PC runs pre-installed Windows 10 operating system,
along with o�cial camera SDK and driver from the manufacturer to make cameras properly
function on the system. For the current setup, videos from both cameras will be streamed
but only one of the camera is needed and used for object detection. The other camera is
reserved for future extensions, including stereo vision or providing redundancy.
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