Volume 1, Issue 2, 2023

International Journal of

Machine Systems and
Manufacturing Technology

G

STM JOURNALS

July—December
DOI (Journal): 10.37591/IJMSMT

https://journals.stmjournals.com/ijjmsmt

Research LIMSMT

Cyclist Safety Enhancement: A Multi-Modal Hazard
Detection System

Naval Joshi"*, Vaishnavi Bhutada®, Manaswini Chittepu’

Abstract

This study presents a multi-modal hazard detection system to enhance cyclist safety in urban
environments. Lever- aging a combination of computer vision, object tracking, and predictive modeling,
the system offers a comprehensive approach to identifying and mitigating potential risks. Key
contributions include improved depth estimation through object size priors, multi-class tracking
utilizing KCF and Brisk, and a novel recurrent neural network architecture for predicting bicycle
movement. The system’s collision detection module evaluates the likelihood of collisions by analyzing
future object and cyclist positions, incorporating uncertainties. While real-time implementation
remains challenging due to hardware limitations, the modular design allows for future optimizations
and integration with faster technologies. This research represents a valuable step toward safeguarding
cyclists and paves the way for more effective hazard detection systems in the future.

Keywords: KCF, cyclist safety, urban environments, SLAM, RCNN

INTRODUCTION

There were c¢. 18,500 cycling accidents and 3,500 deaths on British roads in 2016 [1]. Of these
accidents, 80% occur during the day, and driver/rider error accounts for 71% of the total collisions [2].
The most common place for a cycling incident is at a road junction, with 75% of collisions occurring
there [3]. With cycling becoming a more accepted form of transport, protecting and modifying bikes
with a comprehensive safety system is important and could save lives.

Road Map

The report develops a collision detection system split into two main sections: object detection and
understanding the 3D environment. The sections are developed simultaneously throughout the report
and are discussed within the following chapters.
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Background

This chapter discusses the current re- search into
instance  segmentation,  recurrent  networks,
optimization, and SLAM. It first describes recent
advances in a related computer vision methods i.e.,
Mask RCNN. Mask RCNN combines several
advances in different fields: image classification,
detection, and segmentation. The chapter then
continues with a discussion of recurrent networks
for path prediction and methods of optimizing these
networks. Finally a brief discussion on SLAM and
object tracking, both highly active and voluminous
research fields in their own right.
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Figure 1. System design.

Contribution

The contribution chapter discusses depth approximations when there is a depth camera failure, object
tracking, and prediction. In particular, it discusses combining various tracking methods into a
comprehensive system that combines the advantages of the respective algorithms and mitigates their
potential weaknesses. Once the ability to track objects is discussed, models for predicting future
locations are developed. This leads to a novel recurrent network to predict future bicycle locations from
image and pose data from previous frames. Finally, a method of combining these predictive models and
determining whether a collision is likely to occur is discussed in the latter part of the chapter. These
sections all talk through the various modules required in the system, which is described in Figure 1.

System Evaluation

This section describes the potential problems with the system and includes an image sequence from
a staged hazard. The final system can be seen to detect a crossing pedestrian and determine whether a
collision is likely.

Conclusion
This chapter discusses and summarises the system, it also suggests further areas of research for the
system to be taken further.

Ethics
The final section discusses any ethical issues within the project and contains a completed ethical
check-list.

BACKGROUND, COMPUTER VISION
Deep Learning Preliminaries

Deep learning frameworks have recently revolutionized computer vision and its applications. This is
an image classification task; the photo contains one object in the dataset, which generally occupies most
of the frame. Similar networks are used with additional features for image detection and segmentation,
integral to detecting moving objects, such as pedestrians and vehicles in an urban environment.

Cutting-edge versions deploy neural networks. These networks are characterized by a series of non-
linear nodes organized in layers. At each layer, the network progressively learns abstract and higher-
level features of the image to be detected until the final (usually dense layer), which determines the
predicted class. More layers translate into a more profound complexity of features that a network can
learn. This is, however, only a basic representation of the problem, and some clever and shallower
architectures can outperform deeper networks. It is important to note that the depth and width bear a
negative cost that adversely affects prediction speed while increasing memory requirements to
store/load the model into RAM. This is of little consequence in most applications; however, for the
limited computational power that can be carried on a bicycle, it will be of concern in this report.
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Convolutional Networks

A CNN generally contains convolutional, pooling, fully connected, and normalization layers. This
form of network became particularly popular in computer vision after Geoffrey Hinton’s 2012 paper
[4], with an ImageNet classification error of ¢.16%, significantly lower than the best of contemporary
techniques, which peaked at 26%. Convolutional networks assume each input to be an image and then
build specific characteristics or features directly into how the network is set up. This allows a significant
reduction in the number of network parameters.

A regular neural network, as mentioned earlier in Section I11-A, has numerous densely interconnected
layers, meaning that all neurons within a given layer are individually connected with corresponding
neurons in the preceding and succeeding layers. However, convolutional neural network sizes are de-
scribed based on how wide, high, or deep they are (Figure 2). In this architecture, unlike in the fully
connected case, there is a significant reduction in the parameter space [5].
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Figure 2. Regular Neural Network (Left) [5], CNN (right) [5].

Convolutional Layers

A convolutional layer learns a set of filters, each filter is compact, say (7x7x3). This filter slides
(convolves) over the image, and then the dot product is taken between the filter values and the inputs
to that filter (Figure 3). The filter slides across with a respective stride, a hyper-parameter; a stride of
one equates to moving one pixel at a time. A convolutional layer can, therefore, pick up features such
as a corner or higher-level features such as fur texture.

This process creates a 2D activation map containing the filter’s response at each position on the input
volume. Several filters are passed over, and many activation maps relating to the layer depth are created,
a tune able hyper-parameter.

Pooling Layers

They can be utilized to minimize how many parameters are required in a network. This is a much-
debated topic; Geoffrey Hinton discusses the problems of convolutional networks in his 2017 paper [8]
and especially focuses on the disadvantages of pooling layers. It is, however, a current, although fading,
method of parameter reduction. This is still a recognized and useful method for optimizing network
architecture for smaller hardware, such as portable on a bike.

A pooling layer such as that depicted in (Figure 3) passes a kernel over the input (much like in a
convolutional layer), and at each spatial location, it calculates a metric. For example, max pooling takes
the largest value contained within the kernel grid at each consecutive spatial location. This process
reduces the input size with respect to the kernel size and the implemented stride.
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Figure 3. CNN Filter (left) [6], Max Pooling [7].

Image Detection

Image detection is an area of research that uses the CNN networks described in Section I111-B. This
is, however, a more difficult task as there can be multiple objects/classes of interest within one image.
A naive approach to this problem would be to slide a window across an image and classify it at each
location. When the network classifies a cat at a particular window location, a cat is likely located in
that area.

Although the aforementioned approach is valid, it would be prolonged; not only would it be necessary
to slide the window over the whole image, but the size would also need to be varied. The network cannot
know the area of the photo that the object occupies and, therefore, what size to make the window. There
are several differing approaches to this problem R-CNN [9] and other later iterations vs Y-O-L-O [10].
The R-CNN approach resembles the vanilla, naive solution discussed above (commonly known as
exhaustive search) and is used by later techniques, for instance, segmentation.

R-CNN

R-CNN, proposed by Ross Girshick et al. [9] in 2014, incorporates a region proposal method. This
process produces 2000 proposals, which are then passed through a large CNN, and each region is
classified using class-specific linear SVMs. This process equates to a 53.7% mean aver- age precision
(mAP) compared to 35.1% by state-of-the-art methods at the time. In addition to this performance gain,
the system doesn’t rely on far more complicated ensemble methods.

The region proposal method used is called selective search [11]. This uses a fast segmentation
algorithm by Felzenszwalb [12] followed by a greedy algorithm to iteratively group regions together
using similarity metrics. The four metrics proposed in the paper are Scolour, Stexture, Ssize, Still. The aim is to
use several metrics to pick up the differences between regions during the growth period and limit one
region’s growth at the expense of others (hence the size metric).

The results of the region proposal (Figure 4) are a series of windows that are likely to contain an
object. These are then warped to 227*227 pixels to fit the input dimensions of the following CNN
network, containing five convolutional layers and two fully connected layers. The output of the CNN
is then fed as a feature vector to a set of trained SVMs, one for each class, that is used to score the
likelihood for that class. This approach is slow at 13s/image on a GPU and 53s/image on a CPU; the
separation of a CNN and SVM is peculiar and adds to this time scale. A later iteration of this method,
Fast-RCNN, is discussed in Section 111-C2.
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Figure 4. R-CNN Region Proposal & Architecture [9].

Fast-RCNN

R-CNN performs a CNN forward pass for each region proposal and does not share computation
between regions [13]. Spatial pyramid pooling networks (SPPnet) [14] are designed to mitigate this
problem by creating a feature map (which is always the same shape) from an input image and then
classifying each object proposal from a vector extracted from the shared feature map. This paper still
uses a multiple- stage classification pipeline but is a marked improvement on R-CNN about speed.

Fast-RCNN uses the SPPnet concept but also incorporates a single-stage pipeline. The process inputs
an image and multiple Rols into a fully convolutional network (Figure 5). Each RoWe is then pooled
into a fixed-size feature map as in SPPnet and then mapped to a feature vector by fully connected layers.
As seen in Figure 5 the network branches into 2 separate outputs, one 4-point regression output of the
bounding box location and a K-size classification output, where K is the number of object classes. The
model, therefore, must contain a multi-task loss function that accounts for both bounding box and
softmax loss (Equation 1).

L(p,u,t*,v) = Los(p,u) + Alu = 1] L. (1", v) M
in which L. (p,u) = —log(p,) is the log-loss for true class u, and Liqc is the bounding box regression
loss defined as:

Lioe = Z smoothyg,, (t;' — vi),

i€{z,y,w,h} @)
in which
0.5z% if r < 1
smoothy, = 2] — 0.5 otherwi
x| — 0.5 otherwise
®3)

is a L1 loss. This architecture allows for fast training with the forward pass of the network and,
therefore, processes images 146x faster than R-CNN due to sharing computation between layers and
the improved pipeline design.

Outputs: bbox
softmax regressor

Rol
pooling

Rol feature
vector For each Rol

Figure 5. Fast R-CNN Architecture [13].

Figure 5 depicts the network architecture, this incorporates a RoWe pooling layer which maps the
convolutional feature map from an RoWe (created by selective search) to a fixed extent feature map of
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a set HW, where H and W are layer hyper-parameters Each RoWe is a rectangular window defined by
a tuple of four elements (r, c, h, w), where (r, c) specify the top left corner and (h, w) the width. RoWe
max-pooling divides the RoWe window into a grid and then max-pools each grid into the corresponding
output cell. The grid size is proportionate to the RoWe, so the output shape is constant regardless of
RoWe input size.

Faster R-CNN

Although the previous method [13] re- moved the need for a multi-stage classification pipeline (CNN
and SVM), it still relies on the selective search [11] method for region proposal. This part is now the
computational bottleneck that slows down the process. Faster R-CNN proposed by Ren et al. [15] seeks
to alleviate this issue by combining region proposal into the CNN. The paper suggests using a region
proposal network (RPN) to produce the Rols used later in the network.

The region proposal network (RPN) outputs a set of rectangular object proposals, each with an
objectiveness score, i.e., how likely the network thinks the proposal contains an object. This part of the
network comes after several convolutional layers (in this paper, 5 or 13 such layers). The region
proposals are then created by sliding a smaller network of size nxn over the convolutional feature map
(Figure 6). At each sliding window location, several region proposals are predicted simultaneously.
These consist of 3 aspect ratios and 3 scales; therefore 9 total region predictions or anchors at each
location. The network is then followed by two sibling 1x1 convolutional layers, one for reg (region
proposal) and one for cls (probability of object or not). The reg layer outputs 4k results, which represent
the encoding coordinates of the k boxes, and the cls later scores the probability that there is an object or
no object in each proposal; therefore, cls has 2k outputs. This results in a convolutional layer output of
depth nine.

The loss for the network is calculated from two metrics: the output of the reg layer is a binary, i.e.
positive example, or not. A positive example is defined by how much the box overlaps with the ground
truth box of the object, and so an loU (Intersection-over-union) overlap > 0.7 is considered a positive
example, and an loU < 0.3 is considered a negative label. If no positive examples are found for the first
positive case, the boxes with the highest loU are labeled positive. With this, it follows that:

1 ] 1 '
L({pi}r {t%}) = ﬁ Z Lc!s (p% p:()_l'AN ZP:LTEg(ti} t:()
cls reg

(4)
Where i is the anchor index, pi is the predicted probability of anchor i containing an object. The
ground truth label p; is denoted as a 1 for a positive anchor and 0 for a negative; therefore, Lyeg is only
activated for a positive example, t; and t*i represent the 4 coordinates of the bounding boxes, and L is
the classification loss. The two terms are normalized (Ncs and Nreg) and balanced by a weighting
parameter A. The final term to discuss, the bounding box regression, is calculated simply as follows:

b = (= o) ety = (5 — o) b
tw = log(w/wg), tn =log(h/hg),

ty = (¢* —xa)/wa, ty = (y" —Ya)/Na,
tr, = log(w* Jw,), 5, =log(h*/hg)

where X, y, w, and h are the box centre coordinates plus width and height. Predicted box, and anchored
box are denoted by X, Xa, x* (likewise fory, w, h).

Finally, after the regions have been proposed, ¢.6000 per image, some regions overlap with others,
and so, to reduce redundancy, non-maximum suppression is used on their cls score with an loU
threshold of 0.7 to leave around 2000 pro- posals per image. Non-maximum suppression is a technique
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that sets all neighboring areas to zero around a local maximum and, hence only keeps the maximum
value and suppresses the others.

Image Segmentation

Unlike the image detection problem described in Section I11-C, this task aims to segment an image
on a pixel-by- pixel basis into respective classes (Figure 7). A conventional classification network takes
an image and outputs a prediction of which class the image is, i.e., a vector of probabilities or a ‘score’.
This process uses fully connected layers to produce the final output vector, which throws away
important spatial information used in a segmentation task. Therefore, Long et al. [16] propose
converting these final layers to convolutional layers, maintaining the spacial information and creating
a heat- map output (Figure 7).
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Figure 6. Fast R-CNN Architecture [13].
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Figure 7. Image Segmentation [17], Convolutional Heat Map [16].
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The heat maps produced from the network then need to be up-sampled from their respective
dimensions to that of the output image. This process is essentially a reverse convolution or

deconvolution. Up-sampling, therefore, with factor f is convolution with a fractional input stride of ]%

Each filter is placed on the output image and multiplied by the input pixel. Hence, the image increases
in size depending on stride and kernel size as one-pixel value is interpolated over a grid. The final
problem, therefore, is how to choose the filter values. This can be done in several ways but the main
accepted approach is to learn them as part of the tuning process simply.

An important concept is patch-wise training, which feeds the network several patches from an input
image (small patches surrounding objects of interest) instead of an entire image. This helps balance the
classes, ensures the input has enough variance, and correctly represents the input set. However, this
paper argues that this can be done from a fully convolutional training regime by incorporating a Drop-
connect-like mask [18] between the output and the loss. A Drop-connect mask is similar to the proposed
regularisation technique of Dropout [19] except that it randomly sets the network weights to O rather
than the activation functions. This, on the output layer (connected to the network loss), is found to have
the same effect as patch-wise sampling in Long et al.’s paper.

Although conventional proven classification architectures performed to state-of-the-art when
modified for segmentation (56.0 mean IU), Long at al. [16] go on to design a bespoke network that
achieves 62.7 mean 1U. Mean pixel intersection over union (Mean IU) is a standard performance metric
where the mean is taken over all classes, including the background. The paper describes a network
architecture that uses skips [20]. Skips allow predictions from lower-level, coarser layers to interact
with finer, latter-layer predictions. This lets the model make local predictions (finer) within the context
of the global structure (coarser). This addition made for a marked increase in performance by simply
up-sampling earlier layers and summing with latter layer outputs for a final image prediction.

Instance Segmentation

Instance segmentation is a problem that combines research in Sections 111-C & I11-D; it aims to not
only perform pixel- wise segmentation of classes but also determine instances of objects within an
image. As discussed in Section I11-E1, combining these networks into one classification pipeline is a
simple method.

Mask R-CNN

Mask R-CNN was proposed by Facebook AWe Research (FAIR), namely Kaiming He et al [14]., in
March 2017. It uses the Faster R-CNN network described in Section 111-C3, which builds from advances
in Sectionsll1-C1& 111-C2. The method works by simply adding a branch from the existing network for
predicting segmentation masks as in Section I11-D (Figure 8). The branch is a small FCN applied to
each RoWe for segmentation. Some slight modifications to each approach to produce the final Mask R-
CNN are documented below.

RolAlign|
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Figure 8. Mask R-CNN [21].
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Rols are produced from the RPN as in Faster R-CNN [15] then a m x m mask is predicted from each
RoWe without the use of a fully-connected (fc) layer and therefore keeps spacial information as in
Section 11I-D. It was found during experimentation that it is preferable to decouple the class
classification and the mask production of the network. This stops multiple classes from disrupting each
other while optimizing the loss function; hence, a mask is produced for each class.

The class of each respective mask is then determined from the class output branch, and that binary
mask is selected.

The loss function for the network must now incorporate the three branches: mask, class prediction,
and bounding-box prediction (Equation 5).

L = Leis + Lpox + Lmask (5)

where Las & Liox are identical to Section I11-C2. The mask branch loss is determined by a per-pixel
sigmoid between the ground-truth class (k) and the corresponding kth binary mask (excluding other
classes) and is calculated with an average binary cross-entropy loss.

RoWe pool as discussed in Section 111-C2 is modified in this approach. Instead of subdividing a
RoWe into discrete regions, e.g., a grid of 4 x 5 cells. An RoWe does not always divide equally into
these grid cells, so rounding of grid sizes is needed; this quantization of sub-windows can cause
misalignments of the RoWe and extracted features. The new RolAlign layer introduced in this paper
mitigates this problem by not rounding grid cells. Mask R-CNN uses bilinear interpolation (linear
interpolation with 2 dimensions) to calculate the provided characteristics.

This network architecture is the final piece required to segment the images the camera provides and
is the model used in the cycling system. The next section will talk about the other networks used for
things such as position prediction.

Recurrent Neural Networks (RNN)
Traditional RNN Layer

A normal dense network layer has no memory of the previous features that pass through it. This
would mean that to classify a sequence, the data must be passed through the layer simultaneously. The
advantage of a recurrent layer is its ability to remember. A recurrent layer has a weighted channel that
inputs the output of the previous state as part of the next; see Figure 9 for more details. Each state {1,
2, ..., t—1, t} is connected almost like a chain.

r TYron
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Figure 9. A Recurrent Layer [22]. The output of the cell at time t, from mputs Xt IS ht.

v

A

The main issue with this recurrent layer is how far back the network can remember. In short
sequences, the information will pass effectively through the chain, but often, in longer sequences, the
network is less capable of remembering previous states.
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Long-Short Term Memory (LSTM) Layer

LSTM layers are better at remembering and do not get the vanishing gradient problem that RNN
layers are subject to. LSTMs contain a cell state that passes through the layer, a forget, input, and output
gate. These gates determine whether to modify the cell state of the layer; it acts as the memory of the
latter and is similar to the links in the RNN chain (Figure 10). The gates contain sigmoid functions,
which can evaluate 0 and 1 and determine how much of a component will be let through.

!
*
v
+

&) & &)

Figure 10. A LSTM (Long-Short Term Memory) Layer [22].

Forget Gate
The forget gate determines how much of the cell state to keep by looking at h:—; and x:.. The gate acts
like a perceptron, multiplying inputs by weight, adding a bias, and then passing the result through the
activation (Sigmoid) function (Equation 6).
fe =Wy - [he_1, 2] + by) (6)

Once again, he1 is the layer output from the last state, x; is the layer input at time t.

Input Gate

When the gate has determined what to forget from the last state, it needs to decide what to add from
the new state x; for a correct prediction h. This introduces the next gate in the system, which combines
an input sigmoid gate that decides which values of x; to add (Equation 7) and a tanh section that creates
the new vector C; to add to the current state C;, Equation 8.

iv = (Wi - [he_1, 2] + bs) 7)

Cy = tanh(Wg - [he—1, 7] + be) ®)

The input gate and forget gate then influence the state via weighting C.1 by the forget metric f; and C;
by the input scale, Equation 9.

C¢=I¢KC¢_[+igKE¢ (9)

Output Gate
The final step of a LSTM is to decide the output. This involves deciding which parts of the cell state
to output and scaling to (-1,1) via the use of another tanh function, Equations 10, 11.

o = o(Wolhi—1, z¢] + bo) (10)

he = oy x tanh(CYy) (11)

© STM Journals 2023. All Rights Reserved 44



International Journal of Machine Systems and Manufacturing Technology
Volume 1, Issue 2

Summary

The LSTM layer is highly effective at predicting sequences, it is used later within the system to
predict where the bike will be in the future. It provides an effective and sufficiently complex method of
modeling bicycle movement, including determining from picture inputs the most likely path along a
road that the bike will take. Now that the networks have been defined, they must be optimized to
perform well at their respective tasks. This report keeps Mask-RCNN as default, but the prediction
model architecture is bespoke and thus must be optimized for its use case.

Bayesian Optimisation of Layer Dimensions

To get the best network architecture and hyper-parameters, such as learning rate, it is possible to try
combinations and record which performs the best naively. However, when optimizing networks
efficiently, it is better to provide a range of possible working parameters and optimize them in an
informed and, more importantly, automated manner. Bayesian optimization allows such a method and
can quickly check the parameter space for a good combination to minimize network loss. Bayesian
optimization uses an acquisition function that evaluates a Gaussian process. Evaluating a proxy function
approximating the true function is cheaper than running the neural network. Hence, it is a very fast and
effective method of optimization.

Gaussian Processes

A typical regression sample aims to determine the parameters of a function (or family of functions)
best describe some data. A Gaussian process involves assuming that a function can be described simply
by an infinite number of points f (x) = [f1, f2, ...f], a finite number of which are Gaussian distributed.
The aim is to best approximate the relationship between these points via a covariance kernel k(, ) and
a mean function m( ). A Gaussian distribution is described by Equation 12 and a kernel function
(Matern) by Equation 13.

n (R =1 1
f Y fe —x (—m(er—p) 7 (2—pn))
plr|p, X)) = (2m) 7T |E| " Te 7T (12)

. ',_ . T W |zg—mq]]
knat,ap2(Ti, T5) = f:rf..(l + M)({——,—Lj

3 (13)

where | is a hyper-parameter that describes the smoothness of the data and or the amplitude of the
latent function. Figure 11 gives an example of a Matern kernel.

Matern kernel, LML=-0.B625

-2 ! ! | I L L i
-4 3 2 1 0 1 2 3 4
X
Figure 11. Gaussian Process: Matern Kernel [23].

Bayesian Optimisation
Bayesian Optimisation is a process that can maximize a set of hyper-parameters with a reduced
evaluation of the true function. It uses an acquisition function that balances state exploration and
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exploitation, i.e., how much to search local minima for the best solution vs exploring for global minima.
The true function (NN model) is evaluated, and data is collected to initialize the process. Then, the
acquisition function determines where to evaluate next in the true function by querying the proxy function.
An example acquisition function, the lower confidence bound [24], is presented in Equation 14.

a(x) = —(p(x) — (k)o(x)) . k=0 (14)

The lower confidence bound balances the exploration of global minima by the covariance function
and weighting k, which increases at each iteration by exploiting local minima with the mean function.
The Bayesian optimization process roughly translates to:

Algorithm 1: Algorithm for Bavesian Optimisation

update_matched_rois
(old_matched, new_matched, old_frame, new_frame)

Input
parameters
paria meter_limits

function

Output:

parameters

D = [{zq,Y0}]

foreach step € iterations do

update_gp( D}step — 1])

Tatep = argmar(a(r), parameter_limits)
Ystep = Sunction(r.,)

D.append({zstep, Ystep })

end

return(Xpese)
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BACKGROUND, SLAM

The software must understand the global environment to detect collisions between the bike and
obstacles. The detection described in Section Il allows mapping and tracking of dynamic objects in the
frame, but distance, path prediction, and collision prediction rely strongly on an accurate understanding
of 2.5-3D space.

Sensors

The sensors used in this project are an RGBD camera and an IMU. These are available in the Intel
Realsense Camera (ZR300, Figure 12). This camera has a USB cable that provides power and sends
information. An extension cable allows a laptop to be attached to the camera from a backpack whilst
cycling. Potential problems with this setup are due to the juddering of the bike on the road; this could
cause tricky footage to analyze and data loss when the hard drive is written to disk. The latter issue can
easily be solved by writing to an SSD while cycling.

Figure 12. Intel Realsense Camera (ZR300).

Camera Distortion

To fully understand the bike’s lo- cation, the environment can be considered from two frames of
reference: the world and the camera frame. The camera, however, cannot be assumed to produce a perfect
image and is hence prone to distortion - some types of camera distortion are shown in (Figure 13).

b

Positive radial distortion Negative radial distertion
(Barre| distortion) (Pincushion distortien)}

Figure 13. No Distortion (left) [25], Positive/negative radial distortion (middle/right).

Na distortion

A well-known distortion model is “radial-tangential” distortion. As the name implies, there is both a

radial and tangential component to the distortion (Equation 15)
2 _ "2 2

r=x; + I, (15)

xi.l' — d{xi} —

14 kyr? + kgrd 4+ kgr® | 2,

14+ kir? + kpr? + kar® [xi]
(16)
where x' 1, x" 2 is the 3d point mapped to the unit plane in z, k1 — ke are radial distortion parameters,

pl, p2 are tangential distortion parameters. The model parameters can be determined during
camera calibration.
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Camera to World Frame
Calculating the 3D Ray

Once an object or a point is detected in an image, it is important to transform it into the world frame
to track and gain a 3d appreciation of the environment. For visual understanding and context of the
problem, see the pinhole camera model in Figure 14. The only difference, in practice, is an intermediate
un-distorting step to get the point’s ray. This is due to the focal lens in the camera, which is not
represented in the pinhole model, but Equation 18 shows how to account for this. Hence to find a ray
describing a 3d point, the image must first be scaled (Equation 17).

= 0
eeen=[t 16 [2)
0 I C2

where f1, f; are x/y focal lengths in pixels, and c1, ¢; is the principal point (image center) in pixels.
The point can be projected to its undistorted location using the reverse of Equation 18.

(17

! -1 L

and finally the ray is calculated by remembering that the z component is of length 1.

P=(X,Y,Z2)
U
i :
[ ! y N
1 s {
| i -
optical : | -
axis | 2 s

i ‘
\ ‘
e 3 / :

“ | principal 1
| point
' (_""r ) ‘”(/ ) ]
|
|
|
'
i /
]
]
N

Figure 14. Pinhole camera model.

Calculating the 3D Location
Now that the ray has been determined, we have a point on the 3D unit plane of z = 1. To find the 3D
point in the camera frame, a depth measurement obtained from the depth camera at the same
(undistorted pixel location) is required. Hence, the final 3D point is:
_ [x’ « depth [x"j]
= i
depth(x') (20)

Assuming a static camera location, this would be all needed to map the space in front of the camera.
Yet, when this camera undergoes motion, the reference point and alignment of the camera frame shift
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in relation to the global frame. Hence, the software must not only determine the 3D location of a point
in the camera frame but also translate that to a world frame representation.

Projecting to World Frame

To convert between world (£,,,), camera frame (£, ), and IMU frame (£, ), an appropriate method
of describing the orientation and location of an object in 3D space is needed. A Hamiltonian Quaternion
is capable of correctly mapping the orientation of an object in 3D space, it does this by use of a 4D
representation of one real part and 3 imaginary parts;

q =gy + *fr“-(: T f!'_l.'J; + q_._.l;.

-2

i’ ==k =ijk=—1 @1)

Further details of a Quaternion and how to map to/from the quaternion space can be found in any
robotics textbook. With this extra representation of orientation, it is possible to map the camera frame
to the world frame. Given a position vector in the camera frame p. = [X, Y, z, 1], it can be converted
as follows:

Twe =Tws - Tse
pw =Twe - pc (22)

A transformation between frames is represented as Tea Where B and A represent reference frames,
so Twc converts between the world frame and camera frame. It is composed of a position and orientation
transformation:

Tiwe = [Cn'c:' F'u'r:}

01 . 1
1=3 (23)
where Twc € R*4, the position translation matrix rwc € R¥?, and the orientation matrix Cwc € R*®,
Note also that the inverse of this matrix can be easily calculated as Cwc is symmetric and therefore
positive definite, and it holds that

=l AT
Cew = Cyeo = Cye

~T T
Tow =T, = Cwe —Cwerwe
{ 013 1
(24)
These transformation matrices must be determined from a SLAM algorithm such as OKVIS, which
is discussed in the following sections.

Camera to World Summary
World to Camera Frame

In order to correctly plot the Kalman filter and give other tracking algorithms the expected location
on the picture, the ability to transform from world to camera frame is needed. The process is similar to
the camera-to-frame except for the reverse, namely:

Algorithm 2: Algorithm to transform camera point to

world frame
Input

cameralPoints ff N points in the camera frame
e R.‘jx_"\"

focalMatriz, imageCentre // Focal Length Matrix,
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Principal Points [x,y]

Tws, Tse, cameraM odel // IMU to World/Camera
Matrix, Camera Model € R%x4

Output: N points in the world frame
worldPoints € R3N

r=
scale_point(imageCentre, focalMatriz, cameraPoints)
/+ Equation (17) «/

x = undistort(cameraModel,z)  /+« Equation (2?)
«/

Twe = matriz_multiply(Tyws, Tsc)

x = add_depth(depth, z) /+ Equation (20), and
Vstack [depth,1] to bottom of x +/

worldPoints = transform_to_world( Ty, z)

/* Equation (22) «/

Bicycle States
A complete representation of the bike’s state is needed to find the bike’s location and orientation in
each frame. At each taken image (k), the bike can be assumed to have a set state X¥. Contained within
Xr are a set of pose states, Xr, and speed/bias states Xs», Equation 25. Landmarks are contained within
the set X..
, T T T
Xr = [wrs, qws]
"Ysb = [s L"T- b;— bZ]T
X o= S, e o BT BT 25)
The elements wr%. qfy are the position and the quaternion body orientation, _v7 the velocity, by &
ba the accelerometer and gyroscope biases.

The SLAM Problem

If measurements were exact, mapping an environment would be easy. However, this is not the case;
noise is often associated with each measurement and movement taken. For example, distance
measurements and IMU readings are subject to noise and bias (calibration error), which can be assumed
to be Gaussian distributed.

Zz=b.+sM,+b+nt+o (26)

Algorithm 3: Algorithm to transform world point to

camera frame
Input

worldPoints // N points in the camera frame
c RSX.’\"

focalMatriz, imageCentre // Focal Length Matrix,

© STM Journals 2023. All Rights Reserved 50



International Journal of Machine Systems and Manufacturing Technology
Volume 1, Issue 2

Principal Points [x, ¥l

Twsy Tse, cameral odel // IMU to World/Camera
Matrix, Camera Model £ R*x?

Output: IV points in the camera frame

cameraPoints € B3N

Twe = matriz_multiply(Tys, Ts.)
T = inverse(Ty,.) /+ Equation (24) »/
r = transform_to_camera( T, worldPoints)
/% Equation (22) «/
r = distort(cameraModel, )  /+ Equation (?7) «/
x = remove_depth(depth,z) /+ Reverse Equation
(20) =/
cameraPoints =
scale_point(imageCentre, focalMatriz, )

/+ Equation (17) =/

where z is the correct measurement, be is a long-term constant bias, s is a scaling factor, M -
misalignment, b - time varying bias, n - noise, and o contains other un-modelled influences.

Historically, before the recent advances in SLAM, it was first assumed that errors have a
compounding effect. The position of a bike would become increasingly unknown as the environment is
explored and the bike is displaced from its origin. This makes intuitive sense if, say, there are only IMU
measurements available. At each step, more uncertainty is introduced from the noise and biases (shown
in Equation 26), and the bike’s position becomes increasingly uncertain.

For some time, it was also presumed to be the case even when external measurements of the
environment were taken. This, however, is not the case as proved by Durrant-Whyte [27]. Due to the
substantial interdependence among estimates of diverse landmarks and positions on a map, this
interconnectivity tends to amplify with successive observations (Figure 16). As an example of this
(Figure 16: Right) displays an error in measurements of landmark observation, the mean error is
common between all landmarks, and so with successive landmark observations, the errors in location
estimates become highly correlated. This means that although mi’s location may be quite uncertain, the
relative location between two landmarks m; — m; is well-known.

In the case of the bicycle set-up, there is an IMU and a camera. These provide the basic inputs to the
OKVIS software [26]. Okvis can determine the bike’s location by optimizing the total error, combining
both the camera and IMU error concerning the bicycle state. This optimization process is discussed in
the following sections. Firstly, it is important to detect landmarks from one frame to another, which is
discussed in the next section.

Frame to Frame Matching
Keypoint Detection

The Okvis [26] paper uses a corner detection method to determine key points and then matches these
key points using a binary descriptor (BRISK [29]). In the BRISK paper, a modification of the FAST
feature extractor is used; however, in the OKVIS implementation, a modified Harris Corner detection
algorithm is utilized. A simplistic way to think of this is how one would determine a corner in an image.
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Imagine an edge, it is simply a location on an image where the brightness gradient changes rapidly in
one direction (perpendicular to the edge). Hence, a corner is a similar change but in two such directions.
Imagine a location (x, y) and a small displacement from that location (X + Ax, y + Ay). An area of rapid
gradient change would have very different intensity values at (X, y) and surrounding points. Hence, a
corner will maximize the sum of squared differences between points.

flz,y) = Z Iz, yx) — I(zr + Ar,yp + Ay))?
Tk Yk € W (27)

Figure 16. Left: Convergence in landmark uncertainty. Over time,
standard deviations reduce monotonically to a lower bound [28].
Right: Error between estimated and true landmarks is common.

The Taylor expansion can further distill this to:
flay)= Y (L(z,y)Az + L(z,y)Ay)*
(z,y)eW (28)
or in matrix form:

M = |: Z[.‘c.y}E'l'i-' Ig Z[a.‘.y]-.’—:'l'i-' I"-{!-":| — RT A1 0:| R
Z(r.yﬁei-i-' I:L'Iy th.yleﬁ' ‘rﬁ 0 A (29)
Ax
) = (@ ap 1Y
Ay (30)

where M is the structure tensor (also commonly known as the Second Moment Matrix). The Harris
corner response then is taken from the eigenvalues of M; intuitively, since the gradient changes rapidly,
the structure tensor eigenvalues are large in that direction Figure 17.
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R = det(M) — ktrace(M)? = A Ay — k(A + Ag)? 31)

Keypoint Matching

Binary descriptors use a sampling pattern to create pairs of points (lines). The algorithm then
compares the two points (pl, p2); if p1 > p2, a 1 is recorded; otherwise, it is 0. This creates a binary
string that, along with orientation representation, describes a key point. When matching key points
between images, a simple, fast ZXOR reveals key point similarity from which a threshold can be used
to determine matches.

The BRISK sampling pattern (Figure 18: Right) uses a standard Gaussian smoothing at each sample
point. The standard deviation of the sample is represented by the red circles in the figure. This ensures
the sample is less noise-prone than traditional binary detectors, e.g., BRIEF.

Figure 17. Left:

. ' : B -
Figure 18. Left: Brisk keypoint matching example, Right: Brisk Sampling Pattern [29].

Batch Non-linear Least Squares

Okvis formulates an error equation combining the IMU and camera re-projection errors. The state of
the bike can then be determined by minimizing this error function. Given the error function for the
camera and IMU in the form:

v
J(x) = % D en(x) T Woen(x)
n=1 (32)

where en(-) is an error term that is weighted by W, and would consist, in this case, of the camera and
IMU error. The only way to minimize this error is through observations, which are also presumed to
have an associated noise term.
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Ly = On [\j + Vi, (33)

where z, is the observation, gn(X) the observation model, and v, N(0,Q») and are independent. Hence
as vy is mean 0, the error can be formulated by:

€n(X) = 2n — gn(X) (34)

error = observation — predicted observation (35)

Since observation noise between the IMU and camera vi, are independent, the covariance matrix is
diagonal. Hence Wn = Efe,.el]-! = @' . Least squares aim to find the state vector x that minimizes the

error function. Hence, the optimization problem is posed as follows:

x = argmin(J(x)) (36)

If the error term en(x) was linear w.r.t x the solution would be as simple as setting the 5J(x)"/dx to
zero and solving the respective simultaneous equations. However, this is often not the case, so the
equation’s solution must be solved iteratively, with, for example, Gauss-Newton formulation of the
equations and a solver such as Google-Ceres.

SLAM Summary

The information in this section has covered the building blocks of a SLAM system in limited detail.
It should provide an idea of how the system works, from the intuitive understanding of landmark
correlation, the implementation of Harris corner detection, and solving for cyclist state from respective
error functions. For further information, the reader is directed towards the Okvis paper [26], and other
reports of a more in-depth nature in this field.

BACKGROUND OBJECT TRACKING

Obiject tracking has been recently advanced by means of discriminative learning methods, these
methods try to distinguish between the object and the environment that it is in. The model must,
therefore, learn between positive and negative samples to understand the relevant object environment.

Kernelised Correlation Filter

In the recent paper by Henriques et al. [31] the tools are developed to supply thousands of negative
samples without iterating over them explicitly. The paper makes use of circulant matrices to provide
negative samples. These are obtained by translating the data (a positive example) using a cyclic shift
operator, which in the 1D signal case is:

o0 ... 0 1
10 ... 0 0
p=1J01 ... 0 0
{0 0 ... 1 OJ (37)

Therefore the product of Px = [Xn, X1, X2, ..., Xa-1] and any shift can be modelled using Pux. Because
of its cyclic nature, the signal x repeats when u = n, and so the full set of shifted signals is obtained with
Pxfu=0, ..., n — 1. An example of this is shown in the 1D case by Figure 19.

Therefore to compute the regression with shifted samples, the data matrix X takes the form:

I Io ... Ip_1 Tn
Tn Ty ... Tpp Tp-1
X = C[s{) — |[Th—1 Tn ... Tp_3 Tn-2 |
\‘ Io Iz ... In I J (38)
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Base sample
Shifted by 1 elemant
Shifted by 2 elements

o
. ® | Shifted by n-1 elements
Figure 19. Illustration of circulant matrix [31].

The training data X allows the model to classify positive and negative examples. Noting that all
circulant matrices can be diagonalized by the Discrete Fourier Transform (DFT) X can also be
written as:

F(z) = VnFz (39)
x = F(x) (40)
X = Fdiag(x)F" (41)

This is possible because the DFT is a linear operation.

Kernels

Now that the KCF has several examples to learn from, it turns into a simple regression problem. From
any machine learning textbook, it is known that by using a kernel, a linear model can implicitly learn a
high-dimensional feature space. The kernel function used to do this (e.g. Gaussian), Equation 42 creates
an n x n kernel matrix Ki; = k(xi, X;)

1 2
k(x,x") = exp(—||x — x'||*
(x.x') = eap(—x = x'|I*) w)
and therefore, the function becomes:

fz)=wlz= Z a;k(z,X;)
i=1 (43)
with the solution of Kernelised Ridge Regression given by:

a=(K+Al j_ly (44)

where K is the kernel matrix and o is the vector of coefficients ai. Given a kernel function that
combines data through a commutative operation, it can be proven that given circulant data, the kernel
matrix K is also circulant, and therefore the DFT trick can be used. This leads to a diagonalization of
Equation 44 to Equation 45.

j‘_.—
kx4 )\ (45)
where [z is the first row of the kernel matrix K = ¢'(k**) and a"denotes the DFT of a vector. This

means that only an nx1 kernel matrix needs to be computed due to the circulant kernel property and
DFT. This makes the method far faster than conventional kernel methods that require an n x n sized
kernel matrix.

a =

Detection

The basic premise is that the a term in Equation 45 is now initialized to a learned set of coefficients
that correctly describe the object. Therefore, the regression function f(z) must be evaluated at several
candidate patches to detect the object of interest. Circulant shifts can also describe these patches.
Defining the kernel matrix Kz between cyclic shifts of base samples x and z, with elements
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k(P*~'z, P7~1x). The cyclic property, as described in Section V-Al allows only the first row of the
kernel matrix to be relevant, and hence:

K* = C(k™%) (46)
where k*? is the kernel correlation of x and z. Finally, the regression equation can be computed for
all candidate patches by:

f(2) = (K*)Ta (47)

This can be further sped up by the correct choice of kernel function and a clever kernel trick to modify
the computational cost of kernel computation to O(nlogn). The details of which are beyond the scope
of this report but can be implemented can be found in the relevant paper [31].

CONTRIBUTION
Software Solution

The system consists of several modules, each responsible for a specific aspect; see Figure 20 for more
details. These will now be summarised below, and a more in-depth review will occur in upcoming
sections of the report. The Realsense camera feeds data into three modules: Okvis for SLAM and a
global environment representation, the cyclist model for path prediction, and Mask-RCNN to segment
the image and detect objects in the camera frame. Okvis also provides information to the cyclist model,
which needs to understand the bike’s location in the world frame to predict future positions.

§--
'
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Figure 20. System design.

Tracking Module

The tracking module takes the segmented image masks from Mask-RCNN, the passed-on depth
image, and Okvis pose output to determine a detected object’s location. The distance of an object is
inferred from the depth camera and masks, which can then be converted into the world frame using the
Okvis pose estimate. From these outputs and a passed image, various features from objects can be
matched from frame to frame. These features include global position, BRISK key points, and the KCF
model of the object. Once the objects from the previous frame are correctly identified in the new frame,
the object model can predict future movement.

Collision Module

The collision module takes predicted positions from the object models and cyclist models. It then
determines whether there is a large likelihood of an intersection between the cyclist and objects in the
future. The idea is to notify both the object (possibly a person or car), and the cyclist that they are about
to collide. Hopefully, both parties can take preventive measures to avoid each other once aware of the
unfolding situation.

Limitations
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Sadly, the system cannot run in real-time due to Mask-RCNN, the current state-of-the-art
segmentation network taking c. 0.5s to predict an image. There is a future possibility of incorporating
a simpler and faster network such as YOLO, which foregoes the advantage of segmentation (useful for
depth approximation) but would run in real time.

DEPTH MEASUREMENT OUTLIER REMOVAL

To get the depth measurement of an object, the mask output from Mask R-CNN is overlayed onto
the depth map, and a median depth is taken. Several points are not detected, so large quantities of the
depth map are 0. Therefore, the median depth is selected only from coordinates at which depth > 0.
Figure 21 shows examples of a depth camera image taken in the Imperial Library.

As seen from Figure 21 the data is sparse and unreliable for objects at a distance. This is less so as
the depth is scaled [0-255] for a picture, and so some measurements seem less reliable than they are,
but it is still a challenge. When the depth measurements are often incorrect, an infeasibly large value is
returned > 50m. This is a real problem for tracking objects, not necessarily after successful tracking, as
the value can be discarded as an outlier but on initialization or after only a few data points. The depth
is incorrect, but that problem is propagated in all directions when transformed into the world frame. An
example of this phenomenon is displayed in Figure 22, where a bottle is tracked from frame to frame,
which also demonstrates the ability of the tracking method to be non- cycling domain-specific.

This can occur in several instances, and far away objects are most prone as little area is covered on
the depth image to measure the distance from. However, since the object is defined by a bounding box,
prior knowledge of the classes can be used to detect such an outlier. Intuitively, if two objects are the
same size in an image and the first is closer than the second, the latter object must be larger than the
first. Hence, using the camera to the world model, if the depth is incorrectly large, the object’s height
in the world frame will be far larger than is known to be possible, i.e., a 10m tall human.

Given that human sizes roughly vary from a 4ft child to a 7ft adult, poor depth predictions convert
people outside of that range. If that is the case then it must be modified to an approximate value, say
the depth of an averagely sized human 1.5m. This logic can be extended to other objects like cars and
bikes. Therefore, assuming a bounding box of [xu, Yu, Xor, Yor], Where tl denotes the top-left corner and
br is the bottom right, the matrix P can be formed.

_ [-‘Cti -Tﬂ}
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Figure 21. Depth camera output.
Completing the initial steps of Cam2World (Section 1V-B) until Equation 20, and adding the 1
required for the proceeding transform, the process yields:

kiayd kood
kond kpod

d d ‘

1 1 (49)
Where [Ku1, Kep] are from [xu, yul, [Kw2), Ke2] from [Xu, Vo], and d = depth(x’) from the depth

image. For the next steps, the transformation matrix Twc calculates the world position.

K=

L
P b S

where r; denotes row i of Twc, and r4 = [03x1, 1]. Therefore, replicating a simple matrix
multiplication in Equation 51, the row rs is the only row from Twc that is needed for the object height.

Twe =

Twitl Tw bl ey ..
. . Y Yo . LT
WorldPoints = | Y=t Ywbl| _po K = 2
» > 1
Zaw t Zap bl T
_ _ N (51)

Hence the height of the object zw 1—zw,i IS Obtained from:
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Figure 22. Left: Bottle with working depth, Right: Incorrect Depth measurement. In both cases the
white dot is the bottle’s location, the green dot is the Kalman filter prediction, blue dots are previous
locations (the bottle did not move), and the white line is the camera location.

Zun.tl — Zw bl = I’;;K[Z. 1 — ?‘3K:Z.Q] = 'T’:;LK[Z. 1] — [{.Q]) (52)

where K[:, 1] defines the first column of K, and defining vector A as:

IIL"[1_1','d_'I“Ifl.'.'!fl“--g '[5[1.1] _k{].ZJ
B

Ad=K[,1] - K[;,2] = L’-tz-lrd N kz22)d k) < K

L 0 J L 0 J (53)

then an approximation of the depth, given the average object height 0.y is:

This depth approximation formula can detect anomalies and approximate the true depth, discarding
the incorrect camera depth measurement. This allows better modeling and tracking of object movement
from frame to frame.

TRACKING MODULE

RCNN generates unordered bounding boxes and masks for each frame, requiring a method for
seamless object tracking across consecutive frames. This is a hard challenge due to object occlusion,
variation in shadow/lighting conditions, and rapid in-frame movement. An obvious method is the
intersection over union (IOU) of the bounding boxes on a frameby-frame basis. This is good in theory.
However, it cannot compensate for rapid movement (of the object and the camera angle), occlusion,
and object overlapping. Therefore, a set of methods has been developed to overcome this problem,
providing a robust tracking system.
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The method must track objects in the frame, determine which objects are no longer in the frame and
find any new objects that enter the frame. Information about each object must be stored to determine
the velocity and direction of travel/ if a collision is likely between the cyclist and the object in question.
Figure 23 displays an example of a working system.

Kernelised Correlation Filter

A Kernelised correlation filter - one of the state-of-the-art methods used today for tracking objects
from one frame to another is described in Section V-A. A minor modification is required for use in a
multi-object scenario, which is described below:

Modifications

Since the bbox prediction is so fast for the KCF tracker, it can be used in conjunction with the other
tracking methods mentioned in Sections 1X-B, IX-C, and IX-D. The kcf tracking algorithm outputs a
bounding box, which is the predicted coordinates of the object in the next frame. This can be compared
to Mask-RCNN output through a simple matching process. A box in the new frame predicted by Mask
RCNN [Xmask,Ymask, Widthmask,heightmasc] can be scored by sampling the pdf from a multivariate Gaussian,
in 4D, with mean [ , Yier , Widthier , heightier ] and co- variance matrix. The covariance matrix is an
arbitrary choice but determines how far the system looks for matches from the predicted kcf location.
The covariance matrix in the system is set to 20x 4«4 Which translates to a o? = 20 pixels for x, y, width,
height respectively, and assumes independence between predicted variables. This probability score can
then be combined with the other tracking modules in Section IX-F.

BRISK - Selector

As described earlier in Section-IV-G is a binary descriptor that can match key points across two
photographs. This can also be used in the tracking section to match key points across Rols; although
not thoroughly accurate, it offers a method of matching Rols regardless of location. This should help
redetect objects after periods of occlusion, invariant of distance, which other methods cannot do. The
process to match the Rols is simple. First, key points and descriptors are calculated for each Rol, these
are then compared using the fast binary matching process of BRISK. The number of matches in each
RoWe determines how well they match.

Class Matching

An obvious additional requirement is the matching of classes between frames, as a person’s RoWe
should not match the RoWe of a car in the next frame. Hence, the class is stored for access by the next
frame for each Rol. This can reduce the expensive computation time of other metrics but provide an
easy RoWe comparison tool. It can be noted that although Mask RCNN is not perfect and often miss-
classifies objects, it is reliable enough to be assumed as correct.

Kalman Filter Rowe Matching

A Kalman filter, developed by Rudolf E. Kalman, has two main parts: a predictive step and its update,
which uses measurements of the object’s location. The iterative process continues improving the
Kalman filter estimates at each stage.

This was first tested with just a camera frame state, i.e., using the [, y, width, height] positions and
distances in pixels of each RoWe on the input image. It was quickly discovered that the model was not
sufficiently robust as it did not consider the bike movement. Hence the filter was unable to track objects
efficiently. However, once the Okvis framework was added, the filter was converted into tracking world
frame coordinates, which was far more successful.

Kalman Predictive Step: Assuming a linear system with a Gaussian process, the state can be
modeled as:
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Xp=F X +wpy (55)

where K is the time step, x, = m™ is the state vector, F is the n x n state transition matrix from state
k to k + 1 and wy is N(0,Q). The state vector is described as follows:

XI; == [C.T, (?y‘ C-'f:" w, h,‘ C'.LT vel § (?.yi'ﬁjl . (__'*.Z.q_*.gf L Wael. hL'EI: (56)

where (Cx,Cy) is the center point of the bounding box of the object,Cz is the median distance of the
masked Rol, w the width, and h the height. Cxvel describes the centre point velocity in the x direction,
and Cyvel, Czvel, Wyel, hvel the y/z direction, w the width and h the height. [Cx,Cy,w, h] describe the
measurable variables of the system, and there are no controllable parameters in this system. From basic
equations of motion, a general measurable parameter y, and corresponding velocity yver follows the
update rule:

Th+1 = Yk + Yver X At
Tvel k+1 = Tvelk (57)

where At is the time step between each frame. Therefore, the update matrix for the filter Fk € R1%*10

is as follows:

P =

I Atx IL—,]
O5x5 Ia
) (58)

The final term wi = N(0,Q) describes the process noise in the system and is normally distributed with
error covariance matrix Q. This is updated by the Kalman filter at each step. Since the state describes
3D coordinates, it is useful to determine how far the average human would walk (in m) from one frame
to the next, given an average walk of 1.5m/s. These parameters disth for a human, disty, for other cyclists
and disty for a motor vehicle are listed below:

dist, = 1.5m/s
disty, = 10m/s
dist, = 1bm/s (59)

The variance in the process noise would also be expected to increase depending on the type of object
concerned, and thus, they are initialized differently for each respective object type. Also, it is beneficial
to note that the width and height are in pixel space and so can change more rapidly and so are scaled
accordingly. The variance in process noise can’t possibly be more than the movement of each object
per frame, so this is a good place to initialize the Kalman filter.

vp, = [1.5,1.5,1.5,7,7,0.15,0.15,0.15,0.7,0.7]
vp = [10,10,10,7,7,1,1,1,0.7,0.7]
v, = [15,15,15,7,7,1.5,1.5,1.5,0.7,0.7]

Qi = diag(v) (60)

where ;. € R'9*1% and is the diagonalised matrix of v.

Kalman Update Step: The measurement step can also predict the current state. With Z,, « R'© as
the system measurement vector:

Zy = Hp Xy + vy, (61)
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where Hy is an 10 x 5 measurement matrix relating Xy to the measurement Z, and v is N(O,R). Since
only the Cx,Cy,Cz,w, h is measurable Hy takes the form:

Hyi =I5 0Oss) (62)

and the measurement noise vk = N(0,Ry) is set with covariance matrix. As discussed earlier, the depth
measurement is most error-prone, and the width/height are in pixel space. The Kalman measurement
noise covariance, therefore starts as:
r = [0.2,0.2,0.2,20,20]
R = diag(v) (63)
where?;, € R°*“and is the diagonalised matrix of r. Note also that the measurement error is in the
sensors and, therefore, is not dependent on the object type and respective presumed velocities.

Kalman Equations: The prior estimates for the next time step by the Kalman predictions step (no
control vector):
Xi(—) = FeXk—1(+)
Pi(—) = FePr_a(+)F + Qx (64)
where X, (—) is a priorWe state estimate and P(-) is the priorWe estimate error at step k. It is

essentially the previous state x the transition matrix to the new state (Xk[—)). Then, a similar approach
for the error covariance between the previous and current state. The correction step is then:

Uk = Zy, — [y Xi(—)

S, =R, + Hkpk[—)H{

Kvk = P;J—)HES;I

Xi(+) = Xu(=) + K

Pio(+) = (I — K Hp)Pu(=)(I — K. Hy)T + K R KT

Ui = 2 — Hp X (+) (65)

where Kk is the n xm Kalman gain matrix, X;.(+) is the posterior state estimate according to the

actual measurement Zx and the predicted measurement Hka[_]Pk(ﬂ is the posterior state estimate

error covariance.
E :

2| |

o]

Figure 23. RoWe Old to new frame exémple.

Kalman Matching Rols: The system needs a metric to match a box from a prior frame to the current
frame. Using the Kalman filter, a prediction of where the RoWe is at time K is easily obtained. But this
does not give a likelihood measure of the boxes in the new frame. However, in the Kalman update step
U1 , the innovation residual, and Sk, the innovation covariance matrix are calculated. These can be used

to determine the marginal likelihood of a newer Rol’s [Cx,Cy,w, h] given the Kalman Py(—) and X«(-).
Skipping the formulation, the log-marginal likelihood is:
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I =log p(z) (66)

{ri— D=0

(B) — j{k—1) li=T g—1= v r )

W) = 101 — 2 (3 Sy i + log |Sy| + d, log 27) 67)
where dy is the dimension of the measurement matrix. The part dependent on the new RoWe is

il s i as Sk, from Equation 65 does not involve j,. . Therefore the matching step can be performed

by simply matching each ROlqyq in the old frame to the ROlew in the new frame that has the lowest
scalar value from:
M =glS 1
1 yk bk Yk (68)
with a threshold value to ensure no incorrect matches. The matching procedure must be the same for
all methods and match the maximum value. Therefore the Match Metric is as follows:

Match Metric = {O if Kthreshota = M < U
Kinreshota — M otherwise (69)

RoWe Lives

Each region of interest may be tracked from one frame to the next. However, if that object is occluded,
it may not be spotted in the next frame. This could lead to information loss regarding that object’s state
unless accounted for. Therefore, a life system is in place whereby an object has several lives that are
used when the object is not spotted in the next frame. These are decremented until 0, when the object
is forgotten and no longer tracked.

Combining Matching Methods

For each ROloq and each ROlew, the match metrics for each method (KCF,BRISK,Kalman) are
calculated. This forms a matrix matches € R"eweld<methods \where old, new are the number of Rols in the
old and new frames, and methods is the number of matching methods implemented (in this case two)
but is designed to be easily extendable to more. The algorithm for matching Rols is presented in the
appendix, Algorithm 7.

After completing the matching process, several extra steps must occur before continuing to the next
frame. For example, any old Rols not detected in the new frame must have a life decremented and be
added to the list of new frame Rols with the relevant location and information, Algorithm 4.

© STM Journals 2023. All Rights Reserved 63



Cyclist Safety Enhancement Joshi et al.

Algorithm 4: Algorithm to append old Rols that aren’t
detected in new frame
add_old_rois {old_matched, old_frame, new_frame)
Input

ofd_matched /¢ A list of matched old Rols,
old_matched[i] matches to new matched|i]

u@d_frﬂ#ne /4 Rol=z as structures from the old
frame

new_frame /) Bols a5 structures from the new
frame

Chuatput:

new_frame /¢ An updated list of new Rowe

chijects

/4 Update newBOIs to include undetected RoIs
from old frame.
foreach old & old_matched do /+ For every old
roWe not found in new frame =/
older = old_f{rame[old)] /+ Get olderrowe
object =/
if older.lives = 1 then /* If the RoWwe has 2
life to =spare =/
olderlives = 1 /+ Decrement a2 life =/
update_location{older, Tow ) /+ Update
world lecation from Kalman predictien
-
add_in formation(new_frame, older)
/+ Add older RoWe information to new

frame «/
f+ [maszks, lives, id, class, colour, «/

f+ briskkeypoints,briskDescriptors, KCFtracker

-

end

Then, the matched Rols pairs from the old and new frame must exchange relevant information in
preparation for the next frame, Algorithm 5.
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Algorithm 5: Algorithm to update new ROIs with

matched old ROIs
update_matched_rois

(old_meatched, new_matched, old_frame, new_frame)

Input :
old_matched /4 A list of matched oldrRoIs,

old_matched[i] matches to new matched|[i

new_matched /4 A list of matched newROIs,
new_matched|i] matches to old_matehed[i
ald_frame // BoIs as structures from the old

frame

new frame /) Rols as structures from the new
frame

Otput:

new_frame /4 An updated list of newROWe

objects

f¢ Rdd older Rowe details to matched new ROoI
foreach old, rew € old_mafched, new_matched do

/#+ For every matched old/new FRoWe pair «/

alder = ﬂidRDfs[ﬂ{d] /= Get olderBOWe chiec
newer = newROT s[new| /+ GEt newerROWe

chiject =/

newState = newer world Point /+ GEt new
location of BoI =/

alder. kalman.correct(newState ) /= Update
Kalman Filter with new location =/

if older lives < lifeT hreshold then /- 17 lives
< threshold =/

| olderlives += 1
update_chject{newer, older) /+ Update new

Eowe with older Rowe information =/

J+ [Ealman Filter, lives,colour, id,modsl) =/

end

Finally, any new Rols not in the old frame must be assigned an individual ID to be recognized over
the next frames, Algorithm 6.

/I Note that if there are no objects in old frame
new_frame.id = zeros
maxld = new frame.id.max() + 1 ; /* Get current
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Algorithm 6: Algorithm to create new IDs for the

object in new frame

update_matched rois

(old_matched, new_matched, old_frame, new_frame)

Input :
old_matched

new_matched
new_frame

Output:

new_frame

foreach new & new_matched do
newer = new_frame[new| ;
newer.id = mazxld ;
mazrid +=1 ; "

end

MOVEMENT PREDICTION

Each object and the bike must be modeled from frame to frame, and the subsequent path must be
predicted for collision detection. The more accurately modeled the warning system can be in the future,
the better it will be. The following section describes the more complex bicycle model and the simple
path prediction for pedestrians.

Datasets

The great advantage of the system is that it already has the core components required to create
unlimited training data for movement prediction. All required is to cycle around, record the images, and
pose with Okvis. This can then be passed into the model for training. One caveat is that due to the poor
depth camera readings outside, Okvis sometimes struggles to maintain the correct position and can
drastically miss-predict the bicycle’s speed. This means that several runs are required to get a working
dataset. Hence, three main datasets were collected: a Blackfriars dataset, which contains three runs of
the route on separate days, an Imperial dataset (around Queen’s Tower), and a dataset from walking
around the Tate Modern.

Although the Okvis paths look vastly different, the model is only interested in short segments, and
hence, the variation is less than perceived in Figure 24. The main problem with models is the ability to
generalize; hence, training on a limited, unbalanced dataset is tricky. So, for the prediction, it is assumed
that someone can record their daily commute and train the model on that route. So, the validation and
test sets consist of the same route on a different day with the obvious varied lighting, traffic conditions,
and traffic lights that come with the average daily commute variation.
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Objects Prediction

The Kalman filter models the objects from frame to frame, providing a good estimate of both the
direction and predicted position. Hence, at a future position, say in 10 frames, it would simply be
obtained from multiplying by a modified state-transition model.

Is  n_seconds x Iy
Fk+n_stfconds =

055 I
. (70)
where n_seconds is the number of seconds in the future to predict the position at.
Xk+ n__seconds l:_) — Fk+n_scfcc:-ﬂds Xk—l |:+} (71)

The uncertainty of that position also increases with time and can be taken directly from the error
covariance prediction matrix. This however is updated iteratively so it is easy enough just to repeat
Equation 72 (n_seconds/At) times.

Pisai(—) = FrPi_ae(+)FL + Qx (72)

However, for speed of computation, an approximation can be used:

radius = \/Pk—n_s econds (_) (73)

This method then produces a predicted position and the uncertainty in that position, which can be
used to create spheres of possible object positions in future frames. These can then be checked for
intersection with the bike model predictions.

Bike Model

The bike is deemed the most important model, and therefore, predictions should consider higher-
order features, for example, the current state of the bicycle in the frame and perhaps external factors
such as the surrounding environment. The problem is, therefore, split into two branches, one for
sequence prediction of Okvis pose outputs and the other for predictions using image inputs.

Okvis Sequence Inputs

A recurrent neural network is an obvious choice since the model must learn a sequence. This mimics
memory from one frame to the next, providing n previous frames to predict the (n+1)th frame. The
proposed architecture for this model, by no means fine-tuned but merely to provide a proof-of-concept,
is as follows:

Pose RNN Model

The main problem is to generalize the model to any world point. For example, the bike could be at
any location or offset from the world origin, and thus a huge amount of data would be needed for
learning if the world location was an input. Instead, the model learns the difference in camera frame
coordinates from the Oth frame in the sequence. However, things such as orientation can make a large
difference, if the bike is at a big angle in the world frame, it will turn quickly. This information cannot
be transferred from the camera frame orientation. Hence, the tilt part of the world-to-camera
transformation matrix for the nth frame is also added as an input.

Xfr‘am.e” = Jirl %3 D Tﬁ',‘l’_jf[:l Tw Cn Ce-
(74)

Ce. = (TwsTsc) *[0 0 0 1 0]" (75)
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Y=TWCnt1 (76)

The model comprises the layers on the right of Figure 25. Given a limited input space X = (IeNsequence,
16), the transformation matrix is flattened for use in the LSTM layers to a matrix of size 12. The model
is trained in a regression setting with labels y = [x, vy, z], representing the displacement from the last of
the sequence at the subsequent frame. As it would be too granular to learn from every frame, a larger
time gap between frames can be used, and hence, the model sequence can consist of every kth frame
from the camera. The loss function used is a mean squared error and is formulated as follows:

I LS

mse = Z Z{}'}'_j — ﬁ"i.j}z

i=0 j=0 (77)

where i is the sequence number, j is the variable prediction and therefore m = 3 for [X, y, z]. The
model is simple as the number of features is small, so learning from the pose inputs will not require a
complex model. The structure is formulated below:

~Z0

Figure 24. Okvis Paths: Left, Google Map: Right. |

TLEYY
- = i ‘- {' ] bR
AL 18,
224,
| R
NP~ ’
AN POSE MO0LL

Figure 25. RCNN Architecture: Left, Pose Architecture: Right.

Images RCNN Model

For the image section of the model, a standard convolutional learning approach is adopted as
described in Section I11-B. The loss function for the RCNN model is the same as Equation 77, as this is
a regression problem once again. The images are fed into the network, and the difference is predicted
much like before. The only variation is the data input and the flattening layer before the LSTM. A
convolutional layer outputs several 3D tensors (w, h, d), which is incompatible with the LSTM or
dense matrices.
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Hence, a flattening layer converts the tensors into a shape (sequence length,wxhxd) for input into the
final network layers. Additionally, extra pre-processing is required; since images are scaled from 0 to
255, it is hard to learn. Hence, the images are scaled to (—1, 1) by (image — 127.5)/127.5 before being
passed into the model. Also note that images must be resized to around 200px, 200px for the model to
fit into GPU memory. This is particularly prevalent when classifying a sequence.

Optimising Learning Rate and Decay

Adam optimizer was used for the model, it is a common solver for deep learning problems that
requires several parameters, which are all set as the default recommended from the paper [32] 1 = 0.9,
B2 = 0.999, € = 10-8 these are adaptive moment parameters that control the algorithm’s descent
into minima.

However, learning rate and learning rate decay are problem specific and can vastly impair the ability
of a model to learn correctly. Hence, a logical approach is required to select the right values. A grid
search method was chosen, and loss characteristics at epoch 200 were compared to get a reasonable
approximation for the correct learning rate. The image and pose model prefers higher learning rates
around the 107%, 107° region. Learning rate decay has little influence on the results of the images
network, which has an optimal value of:

From experience and logic, taking an optimal value with decay for longer network runs is preferable.
As the optimization is performed over only 200 epochs often, the lower learning rates with decay
perform better in the long run. Hence, the final model uses the parameter choice ranked no.2 in Table
3. A part to note is that the loss function is a mean squared error, so 0.11 loss is roughly equivalent to
0.3m. Interestingly, the pose model has a higher optimal loss than the images model, likely due to the
number of epochs and model complexity in using the same route for the test set (different days but same
route). Therefore, the pose model is simple and can train much faster than the image model, so it should
be trained for longer for a fair comparison. The image model has more layers and thus may over-fit the
route whilst the pose model may perform better on unknown routes. The highest ranked parameters in
Table 4 are taken forward to the next stage of the process, optimizing the layer dimensions.

Bayesian Optimisation Layer Dimensions: The images and pose model are first optimized with
respect to the learning rate and learning rate decay with a grid search. From there, each is optimized
with respect to layer dimensions via Bayesian Optimisation. It is questionable as to the order that this
should occur, but for simplicity, learning rate and decay are optimized, and then layer size.

Pose Model: As the pose model was once again optimized with a small number of epochs, it has a
slightly higher loss than the model of the image. The results from optimizing the LSTM layers are
as follows:

The second best and best results are narrowly different, so the second best and simpler model from
Table 4 was then taken forward as the final dimensions for the network and is used in the complete
model.

Images Model: The image model is optimized in 3 dimensions; two involve the size of CNN layers,
and one is the number of layers in the network. The network has blocks of convolutional layers (Figure
25). Optimizing the number of layers determines whether there are one or two convolutional layers in
each block. Simultaneously, the size of the layers in those blocks is also optimized.

Interestingly, the image model prefers a simpler setup with only one convolutional layer per block.
This may be due to overfitting, but since extra layers are added when combined into the total model, it
is beneficial to keep the simpler architecture as it is likely to perform better. Hence, the final model
architecture is presented in Figure 33.
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Final Optimised Models:

Total Model: Both models discussed in this section can be trained separately to obtain predictions of
the future pose. A naive estimation would take weighted predictions and sum for a final prediction
result. However, the final layers of these networks could infer details from each other to inform the pose
estimation. This can only be done in a branched network that uses both inputs effectively and
concatenates the outputs for some final layers. The proposed model is graphed in Figure 27; it has two
input tensors of the images plus pose data and three output variables, the predicted [X, y, z].

Optimise LR and LR Decay Pose Network
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Figure 26. Pose Lr and Lr Decay Grid: Left, Images Network Optimisation: Right.

Training Regime

The network is large, so a careful training regime is required to ensure convergence to a reasonable
minimum. The two initial models, the pose and RCNN images, are first pre-trained to predict poses.
These are the complete models described in Figure 25. Once this training process is complete, the
weights are used in the larger branched model. These layers are then frozen, and the final dense layers
are trained. Finally, all layers are unfrozen, and the whole model is trained with a lower learning rate to
finetune the weights. For the final training, the frame gap was increased to 1s; hence, there is a higher
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loss from the data. It is not excessive, however, with a final loss of 1.8, which equates to 1.3m
uncertainty, which is acceptable for future use. This uncertainty can be used in the next section to
determine the possible locations of the bike in the future and detect if a collision is likely.
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Figure 27. Complete network architecture.
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Figure 28. Complete network training.

Summary

In this section a new model for cyclist movement prediction has been explored, the combination of
images and pose data. This is expected to perform well with larger times between predictions. However,
at smaller time gaps, the model is too complex and over-fits the data, which means that a linear model
often performs better on the validation set. It is, therefore, a balance between model complexity and the
required prediction time frame. In this case, a timeframe of c.1-2s is reasonable as the Mask-RCNN
model cannot detect small objects further away with adequate accuracy, and a bike can move at around
10m/s. There is a narrow advantage to using the proposed architecture at this time frame, so the decision
would be hardware-specific. This is due to the computational complexity of a neural network being
higher than that of a linear model.

Since models such as this are complex and require significant computational power, joining the
image-segmentation and prediction networks may be beneficial. This would allow them to share some
of the convolutional layers and reduce computational overhead, but requires extensive modifications to
Mask-RCNN. The outcome of this section is a reliable model that can be used in the next section for
collision detection between moving objects and the cyclist.
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Collision Detection Module

The collision detection module takes the predicted paths from both the cyclist and object models
(Sections X-C, X-B), and their respective uncertainties. It can then check the distance between the
predicted points:

dist = \/((zec — 20)2 + (Yo — o)? (78)

where xc is the predicted cyclist location and xo is the predicted object location at time t. This can
then be used with the uncertainty circle to see if the points could overlap.

{ dist < Ryire + Rop; Check IOU
dist > Rp;pe + Ropi  Continue (79)

Ry = J/vary (80)

One problem is that when the Kalman filter is highly uncertain, it may predict a potential collision
when there is little likelihood of it occurring, so a solution can be to look at the intersection over the
union of the two circles.

Points of intersection: The first step is to calculate where the circles overlap. This is detailed in Figure
29. An intersection point can form a triangle in each circle between the y-axis, x-axis and a line of
length Ro, Rc passing through the circle’s origin.

% 4y’ = A?
(& — 2?) + y* = B? (81)

Solving for x and vy yields:

Figure 29. Intersecting Points on Circle [33], Right: Area of Two Intersecting Circles [34].
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. A2 — B? 4 @2
n 2d
Y1,2 = T/ A2 — 22 (82)

Transforming the values into unit vectors and solving for the final point locations gives:

. _B-4 _I[BI—AI}
T B-A dlB-4 (83)
e—g*zrot(%)a:[f ‘ﬂa‘

(84)
—
P1,2=74>+$'€_1>iy'@} (85)

The final check is to determine if one circle is within the other and, hence, there are no intersection
points. This is given by checking that the distance is greater than the absolute difference between radii,
i.e.

dist < |B, — A,| = Circle Inception (86)

Area of Intersection: Given the equations for x and y shown in the last section. The angles 6A and
OB can be calculated. The idea for calculation is simple: the intersection area is the area of the segment
minus the area of the triangle.

04 = 2sin ! (1—%)

Op = 2sin! (i)
B (87)
From this the area of the two triangles are:
area; 1 = y\/ Az — y?
areay o = y+/ B2 —y? (88)

Finally, the area of the intersection is calculated using:

area = :’1351’?171 (%) + stiyfl(%)_

AT T

y(\/f’l? — 2+ /B2 yz)

(89)

Intersection Over Union: To better understand the likelihood, the circle approximation is used.
Although not exact as Gaussians are a bell shape, this is a fast and closed form approximate for the
probability of collision. The 10U of the circles is the best measure, a higher 10U clearly means a more
probable crash. It can be calculated from previous results:

ar€lintersection
I0U =

arede) - ared.3 — ar€lipntersection (90)

Moving Objects: It is important to check that the object itself is moving. If the cyclist is heading towards
a parked car, it is less likely that the cyclist has not seen it or that the object will cross their path. So, the
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final check is a simple threshold of the Kalman filter prediction. As part of the state, the object’s velocity
is predicted, informing the collision detection module if the object in question is moving.

EXPERIMENTAL RESULTS AND SYSTEM EVALUATION
Mask-RCNN

There have been several interesting outcomes in applying Mask-RCNN to the specific urban
environment. Overall, the system is robust, often detecting images well, so there are rarely gaps when
an object is detected in one frame and not the next. Several incorrect classifications often provide a
worry; for example, the classification of road paint can cause a problem for the system (Figure 30). This
often happens with road markings of bicycles that are relatively convincing examples; this is perhaps
solvable by using these examples as part of the null class during training and could be investigated in
future work.

r— -

Figure 30. Mask-RCNN failure.

Cyclist Model

The cyclist model is effective, as proven in Section X-C; however, it currently requires a new model
with respective inputs and convolutional layers. This is slow and memory intensive; the best solution
would be to integrate the model into Mask-RCNN and share some of the convolutional layers.

However, it is a significant modification as Mask-RCNN does not use data sequences, so a novel
architecture would need to be investigated.

The other, far simpler solution is to use the Kalman filter mentioned in Section IX-D; this is less
complex and faster than a neural network model. It does, however, have drawbacks in accuracy that the
network does not, so that implementation would be on a hardware-specific basis. The faster the
hardware, the more viable a complex model is.

Depth Camera

The Intel Realsense depth camera is typically used in indoor environments as it operates with a small
laser. This, as is expected, works less well in highly lit environments. However, the extent of the
problem is often drastic and can cause Okvis to perform poor pose estimations and hence be unable to
determine the bicycle location. This problem could be eliminated using a stereo camera system or
integrating and relying on GPs in bright lighting conditions.

Crash Sequence Evaluation

To determine the system’s effectiveness, it is important to know that it will produce numerous false
positives and irritate users and correctly activate when required. Therefore, there are two sequences of
images collected, one with a staged incident where the values have been tweaked to be more sensitive,
reducing the danger in experimenting. The other sequence contains a parked car, which is detected but
also determined not to be moving, hence of no danger to the rider.
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Figure 31. Parked car evaluation. Figure 32. Left: Pedestrian First Detected,
Right: System detects potential collision.

It is hard to get a sequence into the report, but a comparison to the staged crash shows that the car
was detected but not deemed a threat to the cyclist. A common problem with the system is depth
perception - this can often cause some objects to appear to move slightly as the depth measurements
past 10m are inconsistent. So, a movement threshold approach is used, and slight movement cannot set
off the alarm. The circles around the bike and the car represent the future positions, the center is the
predicted position, and the radius is the uncertainty.

The values used in this experiment were tweaked to make it slightly more responsive. This is done
by adjusting the 10U threshold of collision discussed in Section X-D. It was simply because it is hard
to find a willing volunteer to be cycled at enough speed and proximity to warrant a warning, so slower
speeds and higher sensitivity were used it is clear that the system is not perfect but works effectively
enough to alert a cyclist of oncoming danger. With real-time capability, it could become a very useful
tool for a modern city cyclist (Figures 31 and 32).

CONCLUSION
Speed

It is evident that this product is much needed in the arsenal of a cycling commuter, but it cannot be
implemented in its current state. The sub-real-time results are too slow for effective use. Therefore, with
simpler updated hardware and software, it may become less accurate but would be useful in the cycling
environment until newer technology is available to increase accuracy to the current level. Also, a pure
implementation in a faster language such as ¢ + + could help. Most of the functions used, e.g. (Keras,
numpy, Tensorflow) implement ¢ sub-routines, but other parts of the code could equally be sped up by
being ported to c or ¢ + + instead of python.
Object Detection

At the time of writing, the only real-time object detection method that could apply to cycling is tiny-
yolo [10]. This bounding box approach runs at c. 80fps on a laptop GPU, and can now be used on a
mobile. With this, however, comes the deficit of being unable to segment the image like in Mask-
RCNN for depth prediction. A lightweight version, therefore, could use the depth approximation
developed in Section VIII.
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Although not perfect, combined with a 3D appreciation of the environment, it could be effective and,
most importantly, fast enough for use.

SLAM

Although Okuvis is effective, the poor quality depth cam- era images render it less reliable outside
than in indoor environments. This would typically not be acceptable on a final system, so perhaps
incorporating GPS measurements and Okvis would be beneficial. Okvis is great for areas without GPS,
such as tunnels, where lighting is also reduced. Okvis can run from a single camera, so removing a
depth stream would also not hinder it greatly, especially if a stereo camera system was employed
instead, which could lead to a cheaper final implementation.

CONTRIBUTIONS

In section VIII, it was stated how poor hardware accuracy about depth estimates can be modified
with prior knowledge of object sizes in segmented images. This reduces depth outliers and provides the
Kalman filter with less noisy data to track.

Section V-ALl discusses how to modify the KCF tracker (Section V-A) for use in the multi-class case.
This is later used with Brisk, class, and Kalman matching for object identification between each frame
Section IX-F.

The final contributions of this report involve the tracking and prediction models for both objects
(Section X-B) and cyclists (Section X-C). The object model modified a Kalman filter to get the
predictions and uncertainties whilst a novel recurrent neural network architecture was developed for
bike model prediction. The network in question learns from both image and pose data to predict the
future bicycle state. From here, the object collision module can use the states and uncertainties to
calculate the intersection over the union of the future states and determine if a collision is likely.

Summary

This project combines numerous fields of research into a comprehensive hazard detection system.
Each section of the report briefly explains the detailed understanding of the methods required to
integrate them into the final system. It is not a completed system but shall continue to be developed
after this report is submitted. The project’s goals have been met, namely, to be capable of detecting and
alerting the cyclist to potential hazards. The limiting factor to a real-time solution is that the state-of-
the-art technology available is yet to run in real-time (even on dedicated hardware). However, the
system is designed modularly so that when advances in respective fields occur, it can be modified
accordingly.

ETHICS
Modification for Military Purposes

Although strictly for civilian applications, the code presented in this report has the potential to be
modified for military use. It obviously provides the ability to track people and objects from frame to
frame. This, however, is not in a real-time context and would require significant modification for use
in such an environment conducive to a military application. However, that being said, little modification
is needed for a simple tracking application from CCTV data, for example. This would not need to run
in real-time and could be a potential source of misuse.
Other Ethics Issues

The code developed is intended to offer a basis for an early warning system for cyclists in urban
environments. Hence, some inherent ethical problems with, for example, the autonomous vehicle space
are also applicable to this project. The potential over-reliance on such a system of cyclists could be
dangerous and allow for a lack of attention and potential accidents when the system cannot detect a
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collision. That being said, it is evident that there is a need for such a system for cyclists, so the benefits
would clearly outweigh the disadvantages in such a case (Figure 33).
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Figure 33. Final Images Model: Left, Pose Model: Right.
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APPENDIX

RoWe Matching Algorithm
/I Multiply along the methods axis to produce one
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Algorithm 7: Algorithm to match old and new frames
Input

ald_.l"rﬂms /4 BolIs as structures from the old
frame

neul_frame f4 BRols as structures from the new
frame

[matching_methods{old ROI  newROT)| /7 vist
of pointers to functions for matching
Rols

(ECF, Kalman Filter,Brisk)

matches /¢ B matrix of zeros
c R methods sldR O s, newHO1s)

threshold // The minimum match score considered
to denote an inter-frame RowWe match

Chatput:

old_matched // A list of matched oldrROIs,
old_matched[i] matches to new matched|i

new_muatched // A list of matched newROIs,

new _matched]i] matches to old matched|s

'/ Calculate score of match
(ldROWe — newRON) for each
met hod, oldROT, new ROT
foreach old ROWe = old_frame do 7+ For every
Rowe in last frame =/
foreach new ROWe £ new_frame do /+ For

every RoWwe in current frame «/

foreach method
matching_methods(old ROT, new ROT) do

/+ For each method =*/

matches[method;, old ROI;, new ROT;] =
matching_methods{old ROT, new ROT )
emd

eni
end
matches = matches(D, ;, ;]

combined match matrix.

foreach method € matching_methods{ald ROT, new ROT)

do /+ For every method =/
if method; = 0 then /+ 1If method index iz = 0 =/
matches|0, 1. 7] = mult(matches(0, 1,

|, matches|method;, 2]} ; J+ Multiply along

// Match new and old RolIs.
max = matches. max()
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while mar = threshold and len(new_matched)
len(new_frame) do
old, new = matches. mar(); ; :

if old & old_matched and new & new_matched then

new_matched. append{new)

old_matched . append(old) "

matches|new, old) = —1

mar = matches mar()
end

Figure 35. Parked Car Sequence.

XVIII. CRASH SEQUENCE

Figure 34. Staged crash sequence.
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XIX. PARKED CAR SEQUENCE

Figure 35. Parked Car Sequence.

Table 1. RCNN dimensions.

Layer Number Layer Size
1 Convolutional | 32
2 Convolutional | 32
3 Max Pooling | N/A
4 Dropout (.25) | N/A
5 Convolutional | 16
6 Convolutional | 16
7 Max Pooling | N/A
8 Dropout (.25) | N/A
9 Flatten N/A
10 LSTM 64
11 Dense 32
12 Dense 3
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Table 2. Pose model dimensions.

Layer Number Layer Size
1 LSTM 32
2 LSTM 32
3 LSTM 32
4 Dense 3

Table 3. Image learning rate vs learning rate decay.

Rank Learning Rate Decay Validation Loss
1 10735 0 0.11
2 1073 10°¢ 0.14
3 10735 107 0.19

Table 4. Pose layer size Bayesian optimization.

Rank LSTM 1 Size LSTM 2 Size Validation Loss
1 26.44 =87 26.25 =77 0.42
2 26.04 =63 257 =53 0.43
3 22.03=4 239=15 0.48

Table 5. Images model Bayesian optimization.

Rank | Block 1Size | Block 2 Size | Block 1 | Block 2 | Validation
Layers | Layers Loss
1 24.34=20 250=32 1 1 0.1
2 2357=12 250=32 2 2 0.11
250=32 250=32 2 1 0.13

Table 6. Pose learning rate vs learning rate decay.

Rank Learning Rate Decay Validation Loss
1 1073 1073 0.91
2 1073 107° 211
3 10 107° 2.20
Validation loss sensitivity to LSTM layer size
100

w

S

LSTM Layer 2 Size 2**x

i

50

10

Validation Loss

LSTM Layer 1 Size 2*%*x
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Optimisation of Images Network
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Figure 36. Pose Layer Optimisation: Left, Images Network Optimisation: Right.

XX. ETHICS CHECKLIST

Table ??
| Yes | No

Section 1: HUMAN EMBRYOS/FOETUSES
Does your project involve Human Embryonic Stem Cells? v
Does your project involve the use of human embryos? 4
Does your project involve the use of human foetal tissues / cells? V4
Section 2: HUMANS
Does your project involve human participants? | | V4
Section 3: HUMAN CELLS / TISSUES
Does your project involve human cells or tissues? (Other than from “Human Em- bryos/Foetuses” i.e. v
Section 1)?
Section 4: PROTECTION OF PERSONAL DATA
Does your project involve personal data collection and/or processing? V4
Does it involve the collection and/or processing of sensitive personal data (e.g. health, sexual lifestyle, V4
ethnicity, political opinion, religious or philosophical conviction)?
Does it involve processing of genetic information? v
Does it involve tracking or observation of participants? It should be noted that this issue is not limited to v
surveillance or localization data. It also applies to Wan data such as IP address, MACSs, cookies etc.
Does your project involve further processing of previously collected personal data (secondary use)? For v
example Does your project involve merging existing data sets?
Section 5: ANIMALS
Does your project involve animals? | | v
Section 6: DEVELOPING COUNTRIES
Does your project involve developing countries? v
If your project involves low and/or lower-middle income countries, are any benefit-sharing actions v
planned?
Could the situation in the country put the individuals taking part in the project at risk? v
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Section 7: ENVIRONMENTAL PROTECTION AND SAFETY

Does your project involve the use of elements that may cause harm to the environment, animals or plants? v
Does your project deal with endangered fauna and/or flora /protected areas? N4
Does your project involve the use of elements that may cause harm to humans, including project staff? v
Does your project involve other harmful materials or equipment, e.g. high-powered laser systems? N4
Section 8: DUAL USE

Does your project have the potential for military applications?

Does your project have an exclusive civilian application focus?

Will your project use or produce goods or information that will require export licenses in accordance v
with legislation on dual use items?

Does your project affect current standards in military ethics — e.g., global ban on weapons of mass v
destruction, issues of proportionality, discrimination of combatants and accountability in drone and
autonomous robotics developments, incendiary or laser weapons?

Section 9: MISUSE

Does your project have the potential for malevolent/criminal/terrorist abuse? v
Does your project involve information on/or the use of biological-, chemical-, nuclear/radiological-

security sensitive materials and explosives, and means of their delivery?

Does your project involve the development of technologies or the creation of information that could have V4
severe negative impacts on human rights standards (e.g. privacy, stigmatization, discrimination), if
misapplied?

Does your project have the potential for terrorist or criminal abuse e.g. infrastructural vulnerability V4
studies, cybersecurity-related project?

Section 10: LEGAL ISSUES

Will your project use or produce software for which there are copyright licensing implications? V4
Will your project use or produce goods or information for which there are data protection, or other legal V4
implications?

Section 11: OTHER ISSUES

Avre there any other ethics issues that should be taken into consideration? | v
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