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Tark liikluse juhtimine rakendades optimeeritud
konvuleerivat narvivorku

Liihikokkuvote:

Uusimad objekti tuvastus meetodid kasutavad oma t60s konvuleerivaid nirvivorke, mis arvu-
tuslikust kiiljest on ressursiahned. Tipsete tuvastusmudelite jooksutamine manussiisteemides
vajab palju optimeerimist, eriti kui seade peab toimima reaalajas. Kédesolev to6 kirjeldab targa
tilekdiguraja teemérgi loomist: nutiseade, mis on moeldud liikluse juhtimiseks. Seadistades iga
SPC posti eraldi ndrvivorku, oli voimalik méirkimisvéérselt tosta kiire ja ebatdpse nédrvivorgu
selgust. See saavutati kasutades dra kolmest kaamerast tulevate sisendpiltide minimaalset varieeru-
vust. Algoritmi tdpsust parandati 80 klassilise iildndrvivorgu 33.1% mAP pealt 60.7% mAP
peale, rakendades ainult liiklusega seotud pilte koos seitsme erineva teemakohase klassiga.

CERCS: T111 Pilditehnika, T170 Elektroonika, T120 Ssteemitehnoloogia, arvutitehnoloogia

Keywords: CNN, tehisnédrvivork, nutistu, autonoomne, tehisintellekt

Smart Traffic Control Using Optimised Convolutional Neural
Network

Abstract:

The state-of-the-art in image object detection is in convolutional neural networks, which is a
computationally expensive base to build on. To run accurate detection in an embedded device,
additional optimization is required if there is a need to run it real-time on each frame of a video.
This thesis details work done in the development of a smart pedestrian crosswalk: an Internet of
Things enabled embedded platform for traffic control. By fine-tuning an individual neural net-
work for each SPC post, it was possible to significantly boost accuracy in a fast, low-accuracy
CNN. This was accomplished by taking advantage of the low variation in possible input images,
being drawn from only 3 cameras per post. The improvement was from 33.1% mAP in general
context images and 80 classes to 60.7% mAP on solely traffic images and seven traffic-relevant
classes.

CERCS: T111 Imaging, image processing; T170 Electronics; T120 Systems engineering, com-
puter technology

Keywords: CNN, neural networks, 0T, autonomous, Al
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Abbreviations and Acronyms

CNN - Convolutional Neural Networks
SPC - Smart Pedestrian Crosswalk

AP - Average Precision

mAP - Mean Average Precision

IoU - Intersection over Union

GST - GStreamer

FP - False Positive

FN - False Negative

TP - True Positive

YOLO - You Only Look Once (CNN architecture name)
FC - Fully Connected (CNN layer)

IoT - Internet of Things



1 Introduction

In this thesis, one particular task is considered and worked on: the use of an object detection
convolutional neural network for traffic control, in the context of development of a Smart Pedes-
trian Crosswalk (SPC) IoT platform, as shown in figure [I.I] The SPC is a smart traffic sign,
which can be used anywhere, where increased pedestrian safety and data input are required.
SPC uses Al, V2X, sensor fusion and more than 30 different features to adapt to different traf-
fic situations and weather conditions. The state-of-the-art device is useful in many different
example situations, some of which are presented below. The platform has limited processing
power and convolutional neural networks (CNN) have heavy computational requirements, and
as such one of the primary concerns was to optimize and automate the process in such a way to
make object detection viable for use in these embedded computers, as well as make inroads in
the more complex interconnected process of making use of that object detection information to
make possible object tracking and prediction.

The creation of such an embedded device is motivated by the growing push and popularity of

Figure 1.1: The SPC: Smart Pedestrian Crosswalk.

smart devices and connected in traffic, driven by self-driving cars and the recent surge in arti-
ficial intelligence and neural network advances [[1-3]. It’s only in the past five years that the
use of a computer capable of this kind of camera-based object detection in the field has become
financially and practically viable.

The amount and variety of modelling and processing that can be done by such a device is too
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wide to fully cover all possibilities, and Bercman’s SPC is yet a nascent project with a year
of development invested in it. Therefore, in this thesis the focus will be on the optimization
method used to allow an acceptable balance of accuracy and speed in this commercial product,
approaches that were considered, relevant background information on the related fields, as well
as possible improvements on the process that were unable to be realized for this particular work.

The SPC itself is an embedded computer inside a pedestrian crossing walk sign equipped with
cameras and other sensors. The final goal is for each SPC unit to be a mostly autonomous
deciding agent, capable of sensing the traffic environment around itself and, in the case of a
situation warranting it, reacting in some sense — by communicating with other smart devices,
flashing LEDs and playing warning sounds.



2 Theoretical Background

2.1 Object Detection

Computer vision is a field with a long history; one famous early effort happened in 1966, when
a professor assigned a group of students to solve object recognition over a single summer. We
now know the problem is not that simple. It’s only in the last decade that progress to the point
of practical use of generalized detection in consumer applications has been made in the field.
For more specialized applications, such as cell counting [4,/5] and industrial processes [6} 7],
computer-vision based usage is already established practice.

As the name states, the objective of an object detector is to detect and classify objects. It takes
in an image as input and outputs a set of bounding boxes as well as a classification label for each
object (generally, a probability, rather than a definite answer). Other notable computer vision
categories include:

e Object segmentation, where rather than bounding boxes, the goal is to find each pixel in
the objects.

e Image classification, where the image as a whole is classified. Not suitable to be used
with complex images containing multiple objects or situations.

Figure 2.1: From left to right: Object detection, object segmentation, and image classification.



2.2 Convolutional Neural Networks

Convolutional Neural Networks (CNN) are a type of neural network which takes advantage of
spatial patterns in its input data, as opposed to, e.g., a multi-layer perceptron, where every neu-
ron in each layer is connected to every neuron in the next. In CNNs a single value (pixel) in
an output feature map is modified by a small ’square’ of surrounding pixels from the previous
layer, in an image convolution operation, from which the network takes its name from. The
convolutional “filters’ are the neural network weights, modified by the training process. Once a
filter has ’learned’ a certain shape, it’s able to find it anywhere in the image.

For the past decade, CNNs have consistently outperformed prior methods such as SVMs for ob-
ject detection and other computer vision tasks. In 2012, AlexNet [8] won the ImageNet Large
Scale Visual Recognition Challenge, boasting a more than 10% accuracy lead on the next place
in the rankings at the time. This leap was made, interestingly, not through an advance in theory
or novel algorithm, but by the use of Graphics Processing Unit (GPU) to make previously in-
feasibly computationally expensive networks practical.

The basic operation of CNNs, like other neural networks, is straightforward: it consist of mul-
tiple layers of operations made on an input image. In training, upon going through the network,
the obtained output is compared to a desired output, and adjustable weights on each neuron are
changed based on that comparison. Here are presented some examples of common layers in a
CNN.

2.2.1 Convolutional Layer

The basic type of layer that defines the network. Takes in an image and runs a number of filters:
conceptually, it can be understood that each filter roughly learns a particular shape. Filters
in layers early on in the network learn very basic elements such as edges, while later filters
combine those basic shapes into increasingly complex combinations — objects. The output
“images” created by running a filter over an image are commonly called feature maps.

2.2.2 Pooling Layer

The goal of pooling layers is to reduce dimensions on the feature maps, a method of downsam-
pling. A 2x2 max pooling block, for instance, outputs only the maximum value in each mutually
exclusive 2x2 pixel block, cutting the width and height of the input image by half. Downsam-
pling feature maps in this way increases robustness against size and position of features in the
image.

2.2.3 Residual Block

The residual block is a recent development, from Kaiming He et al.’s ResNet [[10], but not a
complex one to understand. In a basic level, it is a piece of the network where the data may skips
two or three layers. Although deep neural networks are effective, results do not simply grow
linearly (or even uniformly) better the deeper a network is. This is known as the degradation
problem, and residual block are an effort to ameliorate one known cause of the degradation
problem — the fact that deep networks are sometimes unable to approximate simpler functions,
such as an identity function.



Low-Level| |Mid-Level| [High-Level| | Trainable
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l

Figure 2.2: Visualizations of filters in a CNN: The filters on the middle block are formed by
weighted additions of filters to the left, and those on the right block by weighted additions of
filters on the middle. [9]
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Figure 2.3: Basic layout of a residual block.

In other words: in some cases, a shallower network performs better than a deeper one, and
residual blocks give deeper networks a way to mimic’ a shallower network by skipping layers
in some capacity.

2.2.4 Fully Connected Layer

Fully connected(FC) layers were present in the earliest CNNs: Yann LeCun et al.’s LeNet [11]],
in 1998, consisted of 2 interleaved convolution/subsampling layers, followed by 2 FC layers. In
such a layer, there is no spatial information to be used: every neuron from the previous layer is
connected to every layer to the next. For this reason, they’re generally used at the end of CNNss,
once the size of the feature maps has been reduced to a computationally manageable level.

FC layers are used at the end of networks to aggregate the information obtained in the previous
convolutional layers into a discrete output such as a classification label.
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2.3 Accuracy Measure

A commonly used accuracy metric for object detection is mAP: mean Average Precision. To
reach a mAP, first a full recall-precision curve must be created. Let us consider, in the context
of predictions:

TP = True Positive, FP = False Positive, FN = False Negative

Provision — T oot — TP 2.1)
TGCZSZOTL—FP+TP, eca _TP+FN

In a precision-recall curve, each data point is created by setting a certain certainty threshold and
retrieving the precision and recall values for that threshold. There is a trade-off between preci-
sion and recall; for example, with a very high threshold of 0.95, the number of false positives
would logically be much smaller than a lower threshold. On the other hand, any object with
a confidence score below 0.95 would be classified as negative, leading to many false negatives
and a high recall rate.

The average precision(AP) score is then the area under this curve — as precision and recall
both have possible values going from O to 1, the square described by them also has a possible
area between 0 and 1, usually expressed in percentage. Mean average precision is the mean AP
taken over all classifications.

Since object detection involves bounding boxes rather than simple classification, there is a need
for a parameter that evaluates whether a certain detection is ’true’ or "false’. This parameter is
the intersection over union (IoU). It compares the label bounding box with detected bounding
box, and the fraction of the intersection area over the union of the two boxes; an exact perfect
fit of the two boxes would have the area of the intersection equal to the area of the union, giving
an IoU of 1.

2.4 YOLO Network Architecture

The base network architecture used for object detection in this project was Joseph Redmon’s
YOLOv3. This architecture achieves a good ratio of speed and accuracy, suitable for traffic
applications, by using a single pass to detect bounding boxes and objects (see figure [3.1). The
traditional approach to object detection and localization requires multiple networks or multiple
passes for those separate tasks. YOLOv3 associates bounding box positions and sizes during
training, which makes it particularly suitable for an application involving a static camera and
cars running along fixed lanes. There is a variant of the network, called tiny YOLO, which
trades a great deal of accuracy for speed by heavily cutting down on the number of layers.

This network architecture divides the image into a S x S grid of squares, where each square can
predict B bounding boxes, and there are C' possible object classifications. Thus, the network
output tensor has size:

SXxSxBx(1+4+0C) (2.2)

Where the ”’1” is the box confidence score — that is, how confident the network is that there is
an object inside the box, and the 74" are the bounding box offsets. In addition, YOLOV3 has
multiple improvements compared to its first iteration, such as:
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e Detection across multiple scales using the concept of pyramid feature networks. Candi-
date bounding boxes are predicted from those three scales, followed by feature extraction.

e Multi-label classification. Unlike in earlier versions, each detection contains C' output
probabilities, rather than the mutually exclusive classification.

e The fully connected layers from earlier versions are replaced by anchor boxes, making
class probability detection take place at the bounding box level rather than the grid cell
level.

e K-means clustering on the training set bounding boxes, to find the best matching anchor
boxes.

e Use of state-of-the-art residual blocks and skip connections.

Inputs
(batch_size: 416, 416, 32)

YOLOvV3 Network Architecture

Conv 32x3x3 +
Conv 64x3x3_s2
(batch_size: 208, 208, 64)

v

Residual Block 1x64
(batch_size: 208, 208, 64)

Conv: Convolutional layer Concatenate: concatenate two inputs

_s2: with stride of 2 batch_size: the output size of this layer/block

Residual Block: repeated convolutional layers with ResNet structure

Conv 128x3x3_s2
(batch_size: 104, 104, 128)

!
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(batch_size: 104, 104, 128)
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Figure 2.4: Large YOLO variant network architecture. [|12]
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3 Application

3.1 Motivation

Automotive traffic is a complex system, vital to our cities, and it has deadly components, with
road accidents being one of the leading causes of accidental death globally. Consequently, reg-
ulating this system in as safe and reliable a manner possible is an ongoing concern and is likely
to remain one for as long as automobiles continue to be a predominant form of transportation.

Using automation for the task, then, is a natural idea, since human oversight is very limited
when dealing with the kind of scale and complexity that a road transport grid entails. This
can be seen, as a simpler example, in the overwhelming worldwide spread and success of tools
like automated speed cameras and traffic lights. One more recent facet of this phenomenon is
the idea of steadily increasing automation, with connected devices interacting with, managing,
monitoring traffic [[13, 14]. In its most extreme form, this idea might take the form, for instance,
of fully automated self-driving cars, receiving data from sensors placed abundantly near roads.
Any dangerous abnormality would be broadcast locally through the network and instant mea-
sures taken, without human intervention in between.

The advantages of such an approach are largely in control and safety: faster response times to
accidents, better warnings, higher uptime, coverage. Consider what could be done in a hypo-
thetical future city where the asphalt itself passively senses and identifies the automobiles above
them, overlaying every car onto a map of the streets in real time, accessible by emergency ser-
vice operators: Car theft would cease to exist within city limits, ambulances would be able to
expediently get anywhere, traffic law violations would instantly get logged, accidents minor or
major would be instantly spotted and could be analyzed for blame, and so on.

Such ’smart’ automation is yet nascent and a full-scale smart grid in those terms would be a
monumental engineering undertaking.

3.2 SPC Information

The SPC project represents another attempt at this concept, albeit one currently less complex
than wide-ranging, self-driving-vehicle connected ones. The physical unit itself consists of a
network-capable computer inside a pedestrian crossing sign, equipped with three cameras, a
radar unit, lidar sensors, LED strips framing the crosswalk sign and loudspeakers. There is ver-
satility in what can be achieved with such a kit and development is ongoing, but for the purposes
of this thesis, the SPC is meant to serve as a local warning, warning people nearby and possibly
authorities when irregular traffic activity is detected, lighting, as well as eventually serving as a
point in a network of smart crosswalk signs.
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For detection of relevant objects, the approach chosen is CNN based, with the camera images
serving as input. The main challenge was to improve computational performance to a degree
that the object detection CNN ran at an acceptable speed on the NVIDIA Jetson TX2, a low-
powered embedded computer when compared to the powerful machines that tend to be used
with CNNs.

The SPC is equipped with NVIDIA JetPack: a comprehensive software development kit for
building Al applications. It consists of Ubuntu 16.04 packaged with libraries and frameworks
useful for computer vision and neural network usage: CUDA, cuDNN, VisionWorks; as well as
specialized software to interface with Jetson hardware. Using a normal Ubuntu Linux installa-
tion makes it easy to work with, needing no specialized infrastructure or exclusive frameworks.
The use of a conventional linux operating system as a base simplifies the entire process.

The software video pipeline is based on the open source multimedia framework GStreamer(GST),
capable of being used in complex configurations as a C/C++ programming library or for simpler
tasks such as video recording, remuxing, conversions and so on. NVIDIA provides plugins for
the framework, many specialized and optimized for Jetson hardware, as well as other packaged
computer vision and artificial intelligence libraries such as cuDNN, VisionWorks and OpenCV.

3.3 Problem Description

As mentioned in 2.4, the goal is to automate traffic control — and to do that in detail, it’s nec-
essary to sense traffic. In fullness, the SPC will be able to sense, make decisions, interact and
communicate, but in this thesis the focus is on sensing and detection, and in particular, image
detection using CNNs. A relatively high processing speed is required to maintain minimal de-
lay and good accuracy between events happening and being detected and registered by the SPC.
Darknet was the software platform used, with the base, unchanged, unchanged, slower variant
of YOLOV3 resulting in five frames per second(FPS), while the fast variant ran at roughly 25
FPS — the former was deemed too slow, and the latter judged not to be accurate enough, since
large gaps between detections of a moving object on frame would interfere with any tracking
algorithm.

The issue then becomes one of optimization: either to speed up the slow network while main-
taining accuracy, or increase accuracy in the fast network, without losing speed. To this end,
two modifications to YOLO were briefly considered:

3.3.1 Recurrent Network

Modifying the CNN to be recurrent in some way is a natural fit for videos: YOLO is a single-
shot detector, meaning it identifies and detects objects per image independently. With video, and
in specific considering traffic video, objects generally move in predictable patterns. Feeding the
bounding-box outputs of the last frame into the next, apart from the usual pixel data, would carry
a great weight in information, and could have improved the small YOLO variant significantly
in tracking performance without sacrificing speed.

The major disadvantage of this approach would have been high complexity: it would have

necessitated direct merging with the tracking algorithm, as well as a major overhaul of the
existing CNN infrastructure.
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3.3.2 Staggered Detection

Another possible approach would have been to use the more accurate network, but not run
it every single frame: every number of frames, the heavier network would be run, and the
frames in between would be interpolated in some way. With the assumption that people and
cars in a street don’t generally change directions or velocity that often, this might have been a
reasonable compromise — except, the points where cars and people change directions abruptly
are precisely the most important ones to capture, prompting the abandonment of this idea.

a) b) |
> 1

Y

LERP LERP

v v

Figure 3.1: a) Recurrent Network b) Staggered Detection.The black horizontal arrow represents
the video timeline, blue lines represent frame data, red arrows represent bounding box output,
circles represent the network detection process itself, and the rectangles represent a non-neural
network prediction algorithm. Note that in each case, the prediction mechanism would take in
bounding box data from more than just the prior network run; this was omitted from the diagram
for clarity.
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4 Methodology

4.1 Summary

The final chosen method was simpler than those previously proposed, and the basis of it is in
leveraging the reduction in problem space that comes from having a limited number of camera
angles and contexts. With only three cameras, and knowing they must detect the same kinds
of objects from the same positions, it is possible to strategically overfit the network during
training, gaining consistent accuracy in exchange for losing generalization in the model, as
when something unpredictable happens.

By coupling this with an automated labeling system that runs off-site and ahead of time on a
more powerful computer, it is possible to have a small, fast YOLOv3-tiny running real-time
on Jetson TX2 computers, with a balance between speed and accuracy, making a significant
improvement on using either of the stand-alone YOLO variants by themselves.

In a more practical sense, the way to make use of this ”strategic overfitting” is to have one set
of network weights for each post; each group of cameras attached to one post will have its own
footage used for training of an individualized CNN. With inputs so limited limited in scope to
3 camera angles, this strategy becomes viable.

4.2 Automated labeling

The process of automatic labeling begins by capturing a large amount of frames — in testing,
100.000 were used per training run, from one hour of footage. The resolution accepted by the
network is 608 x 608, and it crops and resizes mismatched input sizes down to that square size,
making a square aspect ratio ideal for capture.

After capture, the footage is extracted into static images and sent to a far more powerful com-
puter: they are run through the more general-purpose, non-finetuned large YOLO, extracting
labels that are saved in training format for tiny-YOLO. This method of automatic labeling is
not perfect — even the higher-accuracy YOLO variant is not perfect, after all, clocking in at
57.9% mAP at 0.5 IoU threshold — but given that automobiles and pedestrians on a street are a
consistent subject with few complicating factors, it was sufficient.

Automated labeling is not required for this method to work, and in fact, manual labeling of the
acquired frames would result in higher accuracy, given that human labor is still superior to neu-
ral networks in this sort of vision task. However, SPC is meant to be a commercial product, with
tens of post units, each with their own trained network. This would result in many man-hours of
work labeling images for questionable benefit. That said, it may be a worthwhile modification,
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even requiring manual labeling — the final accuracy difference between manual labeling and
automated labeling was not tested.

4.3 Fine-tuning

Prior to fine-tuning, tiny-YOLO was pre-trained on a subset of the Google Openlmages dataset
comprising the 80 classifications used by COCO dataset. Meaning, if a certain image did not
contain any COCO objects, it was excluded from training. This produced roughly 800.000
images used for training. Data augmentation was used for all training, with changes in expo-
sure, saturation, hue and random cropping (jitter). Such training results in a network capable
of detecting objects in general images, but as mentioned, accuracy suffers when it comes to a
specialized application.

After the pre-training, the network was fine-tuned on the extracted footage images and YOLOv3-
created labels. Constraining the problem space is known to make it easier to get good results
not only on neural networks, but machine learning methods in general — the opposite effect
to the curse of dimensionality. This effect is typified, for example, with digit classification on
the MNIST numbers dataset. The input data is a mere 28 x 28 pixels of grayscale (8bit) and
there are only 9 output classes; the record accuracy for that task is 99.79%, and it is not difficult
to achieve above 99%, even with much less elaborate models than a full neural network with
multiple hidden layers. MNIST is an extreme example, but the principle applies.

In this case of static camera footage, however, such constraining of the problem space is much
“softer’ than MNIST: there is no hard limiting of input resolution, output size, or discarding
color channels. Instead, the network itself compresses the output space just by having a limited
variety in input. If the goal were a network capable of detecting a wide variety of objects in a
common context, this would lead to overfitting.

The same process of fine-tuning can also be used to change the possible objects that can be
detected: by keeping only the earlier convolutional layers of the network and re-training the
later ones — which, as detailed in 2.3.1., contain the more complex object filters — in essence,
rearranging the combinations of more primitive filters to detect new objects. This practice is
called transfer learning.

There is still a danger of overfitting even in this fine-tuning scenario if a certain condition fails
to be accounted for. For instance, if all training data was taken in the summer and the post con-
tinued to use the trained network into winter, it would undoubtedly lower in accuracy — due to
this season issue in particular, it’s currently being considered that this training would have to be
redone every few months, or otherwise a large dataset spanning the year would be needed. As
there’s not been enough time to test this, it remains speculative.

4.4 Tracking

As mentioned, YOLO is a single-shot detector, meaning that for there to be continuity between
frames, a tracking algorithm must be used. The tracking algorithm chosen is SORT as described
by Samuel Murray [15]], using the paradigm of tracking-by-detection. In this paradigm, each
frame’s worth of tracking happens in three steps: Detection, prediction, then association.
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First, objects are detected in the frame. Second, based on prior detections, a prediction is made
on where each object will be. Finally, a comparison is made between the detected and predicted
objects, which are thus associated based on similarity.
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5 Results & Discussion

Using the outlined method, the speed at which it ran remained in line with the expected YOLOv3-
tiny performance, running at 25 to 30 frames per second on Jetson TX2 hardware, and the ad-

dition of a tracking algorithm only had a negligible impact on speed. The mAP, however, shot

up to 60.7% up from YOLOV3-tiny’s reference mAP value of 33.1%. This value was measured

considering only relevant classes in detection: bus, truck, car, bike, motorbike, person; as op-

posed to the reference values’ full 80 classes in common contexts.

There was a limitation in amount of available data: With another one hour stretch of video,
half of the video was used for training, the other half for mAP measurement, and the evaluation
was made against the YOLO-created labels. This means it’s unrepresentative of a final product
where many different recordings made in various points in the day were used for both train-
ing and evaluation; one single hour of a day is bound to have many more similarities between
frames. It’s a similar issue to using training data in measurement: if training and evaluation data
are too similar, the power of generalization of the model ends up being insufficiently tested.

Even if the real value is ten or fifteen points lower than the measured 60.7%, however, it’s a
large improvement and sufficient for usage in the tracking algorithm, just by retraining on a
specialized dataset. The major advantage is how much of the training process can be nearly
fully automated when using YOLO labeling.

In a way, the method is a way of directly translating high accuracy in general object detection
CNNes directly into speed for a more specialized problem set — in our case, one possible, easy-
to-implement improvement is to use another network rather than large YOLOv3 for the task
of labeling YOLOv3-tiny training data, as the labeling happens off-site with no time pressure.
YOLOV3 is made to be fast, and there are other network architectures that sacrifice that speed
for higher accuracy. Such chains of networks, using ones output as the label for another, hold
promise as powerful tools in the field of artificial intelligence, building automation on top of
automation.

Another possible improvement would be in the process of data collection. Since YOLO is a
single-shot detector, it’s not an advantage to have 30 frames per second of footage: frames that
are near each other in footage are similar enough that just going through the data augmentation
process renders them roughly equivalent as training data. Instead, capturing two to five still
images per second would reduce redundancy and data space burdens in data collection, in ex-
change for taking a longer amount of time to record an equivalent number of frames.

A third improvement would be making a middle ground network between the large networks

which are general for any image and the small network running on the posts themselves. By
using large amounts of labeled relevant, but not specific data in the training of such a middle
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ground network, it could achieve a similar effect. In the example of this thesis, this would mean
fine-tuning or training another large network with exclusively images of traffic, further improv-
ing the labeling of tiny-YOLO training data. Although leveraging the narrow application space
involved in using static camera data to sense traffic information allows for significant accuracy
optimizations, there is much space for cumulative improvements in the area of practical object
detection.

In figure [5.1] a number of example detections made by the large YOLO network can be seen;
note that since it’s the general object detection network, non-traffic related classes can still ap-

pear, although during the fine-tuning process, data imbalance — that is to say, the rarity of such
objects — makes it so they do not appear in the final fine-tuned network reliably.
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Figure 5.1: Detection and tracking examples, including low light conditions.
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6 Conclusion

In the work relating to this thesis, neural network transfer learning and fine-tuning were inves-
tigated and used, making possible a task that would have been intractable had a nave approach
been used. There was no access to footage from the same physical camera position at multiple
time points, only in single one-hour stretches, making a proper rigorous numeric investigation
of the fine-tuning effect impractical. Nevertheless, the large observed improvement in accuracy,
made simply by limiting the scope in CNN training data, is promising. The fact that there are
multiple possible improvements visible is also an encouraging prospect.

Data collection up until this point was heavily limited, leading to an over-abundance of quali-
tative observations. At this point in the project Bercman is moving to live tests with the SPC
posts, allowing for collection of footage at all times of the day from a fixed, unchanging camera
angle. With this additional data, there is a hope that solid measurements may be taken and more
mathematical certainty of the observed effects may be observed.

This thesis also makes use of the fact that automation can be built upon automation; albeit im-
perfect, CNN-generated training labels were used alongside scripts that do not require human
intervention to create an efficient pipeline wherein an individualized CNN targeting a single
set of static cameras is quickly and automatically trained. This new approach may be suitable
for many other tasks where computing power is harshly limited. Rather than one large general
neural network, a small system where specialized networks are trained with little human inter-
vention can be employed.
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