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CHAPTER 1. INTRODUCTION

1.1 Background

Over the last century, the automobile has had significant technological advancement as it evolved
from fully manual operations to increasing levels of automation. In the current era, vehicles are
equipped with advanced automation technologies and therefore are capable of self-driving with
little or no input from the human operator. It has been shown in the literature that the success of
automated driving, and customer acceptance and patronage of autonomous vehicles hinge on user
trust in such automated processes (Hewitt et al., 2019; Hulse et al., 2018; Omeiza et al., 2022;
Rezaei and Caulfield, 2020). Therefore, it seems imperative that the development of automated
systems must be accompanied by conscious efforts to build the trust and confidence of the
prospective users of automated vehicles. In efforts to achieve this goal, it is useful (or even
indispensable) that the decisions made by the automated processes be accompanied by
explanations for such decisions. That way, the autonomous vehicle (AV) end users and developers
can be assured of the rationale behind the AV’s decisions and, if needed, investigate such rationale
(Koo etal., 2015). Such capability could help not only enhance the transparency and accountability
of the AVs’ decisions but also to evaluate the AV’s role in the critical event ex ante (before a
critical event such as a collision or near miss) or ex poste (after the critical event).

On the other hand, of the various enabling technologies of AVs, deep learning (DL) based
artificial intelligence (Al) models continue to play multiple crucial roles, particularly in the
decision processor for AV or Connected AV (CAVs) (Chen et al., 2021; Di and Shi, 2021; Dong
et al., 2021a, 2020; Du et al., 2022; Li et al., 2023, 2022; Shi et al., 2021). In other smart
transportation-related applications, DL models are also used in driver behavior modeling (Xing et
al., 2021), vehicle routing (Du et al., 2021; Zhang et al., 2020), traffic prediction (Do et al., 2019;
Liu et al., 2019; B. Yu et al., 2020; Zhou et al., 2021), and infrastructure monitoring (Hou et al.,
2020; Zhuang et al., 2018). These DL models have merit in terms of their high representation and
generalization capabilities. However, their intrinsic drawback, which is well known, is the black-
box nature of their computation that leads to a notoriously inexplainable system. Due to such
limitations in interpreting the decisions made by DL-based Al systems, it is difficult to justify the
underlying rationale of such decisions. Moreover, any failure of such DL models is often not only
unpredictable but also undiagnosable. These limitations further exacerbate user distrust of
automation.

1.2 Explainable Al (XAl) in Goal Induced Systems

Most of the aforementioned applications are not safety critical and may not cause catastrophic
consequences in the event of system failure. However, when using DL to generate safety-critical
decisions, such as those associated with AV driving tasks in real traffic environments, reliability
and robustness are particularly important from a safety perspective. To achieve the required level
of reliability, the first step is to understand the rationale used by the Al to make the decision. This
requires the Al to be upgraded into explainable Al (XAI) and thereby to be capable of generating
human-understandable explanations as outputs (Doran et al., 2018). Following the taxonomy in
recently published literature (Zablocki et al., 2022), explainability represents the combination of
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interpretability (whether the explanations are comprehensible by humans) and completeness
(whether exhaustiveness of the explanation is achieved). Regarding the task of autonomous driving,
Atakishiyev provides a comprehensive review of these concepts in the several ways they have
been used in recent literature (Atakishiyev et al., 2021). From the regulation perspective, XAl has
been institutionalized through published standards such as the European Union’s General Data
Protection Regulation (GDPR) (Voigt and von dem Bussche, 2017) which specifically stipulated
that “right to explanation” is required in the context of decisions made by complex systems,
particularly where they are founded on black-box models.

In spite of such evidence of the growing regulations that mandate the explainability of Al
systems in practice and the growing appreciation and application of explainability in the research
world, most existing XAl literature focuses on developing explanations for only a single neuron
or a single network model (Mittelstadt et al., 2019), and very few researchers have explored in the
context of complicated “goal-induced” systems such as AV (Omeiza et al., 2021). Regarding
autonomous driving, the primary task is inherently a “goal-induced” process that requires the
cooperation of multiple submodules (perception, localization, prediction, motion planning, and
control) for generating efficient driving decisions. Therefore, the success of one individual
submodule (or each model) does not necessarily translate into the functionality of the entire system.
As a result, classic XAl methods that provide only component-specific explainable modules are
insufficient to guarantee the transparency of the overall system. Additionally, such pipelined
systems heavily rely on human heuristics and manually selected representations which could lead
to suboptimal-driving decisions (Zablocki et al., 2022).

Consider, for example, most existing perception algorithms present in AV driving decision
systems. These are trained with offline datasets with only perception-related labels such as
detections (in the form of a bounding box, a class label, and a confidence level of each object)
instead of the driving decision that is made. As a result, even though the detection results from the
perception module are interpretable (in other words, the human can visualize the object detection
results including the bounding boxes and class labels), the following questions remain: how do the
planning and control modules (subsequent to the perception module) utilize the detection results
to generate the driving decision? Are the manually selected detections sufficient for making
optimal driving decisions? The existence of these questions, coupled with their profound
importance, raises serious concerns about the explainability of pipelined autonomous driving
systems. In offering a way to bridge this extant lacuna in contemporary AV literature and to
enhance the overall interpretability of autonomous driving algorithms, this study focuses on the
“goal-induced” nature of driving tasks and thereby develops an explainable end-to-end vision-
based autonomous driving system. In line with several pioneering research related to this objective
(Ben-Younesetal., 2022; Kimetal., 2019, 2018; Li et al., 2020), our proposed framework involves
mapping driving scenario images to decisions and explanations. In further enhancing existing
research in this area, the present study’s framework incorporates the most recent state-of-the-art
(SOTA) advancements in visual attention mechanisms. This improvement facilitates the
leveraging of the capabilities of attention mechanisms in visual processing tasks, thereby
improving the accuracy and effectiveness of models that generate decisions and explanations from
driving scenario images.
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1.3 Comparison of Computer Vision (CV) and Human Vision (HV)

In the field of perception and semantic understanding for AV operations purposes, DL-based
computer vision (CV) (also referred to as “machine vision) has been used widely in practice
(Bojarski et al., 2016; Chen et al., 2019) and several state-of-the-art (SOTA) models have been
developed in this regard. Despite the accomplishments of these efforts, it is acknowledged that
human vision (HV) remains as the incontrovertible paragon of all vision systems, and therefore,
represents the ultimate benchmark for assessing the efficacy of any artificial vision system. The
most salient advantage of human vision over all CV models is that it has the unique capability to
be “goal-induced.” In other words, the human eye can be adjusted to attend to and only investigate
“the region of interest” that is correlated with the incumbent intention of the human.

For example, a human driver who intends to make a lane change may keep his/her focus in
front of their vehicle but glances into the mirror to monitor the environment at the vehicle’s rear
area before making the lane change. Such “goal-induced” vision has the advantage of high
efficiency, in other words, the human brain only needs to process limited but sufficient information
with minimum ambient visual noise or irrelevant information. However, existing CV models often
do not have this capability because their training goal is to conduct exhaustive object detection
over the entire camera scan. As such, these models tend to “waste” significant computation
resources in processing large volumes of redundant and irrelevant information such as, for example,
images of persons in roadside advertisement billboards that are irrelevant to the driving operation.

Secondly, existing CV models lack the multi-resolution structure of human vision (HV) —
peripheral and foveal vision (Xia et al., 2020). Peripheral vision (in other words, “glimpse”) is
blurred (low resolution) but only requires a brief time for processing and has a very wide field of
view. Foveal vision (in other words, “gaze”), on the other hand, is clear (high resolution) but
requires longer processing time and only has a limited visual field. The human eyes utilize these
two capabilities in a hierarchical manner and balance them with a proper attention mechanism. In
other words, when the human perceives a scene, peripheral vision is first adopted to grasp the
overall semantics of the scene. Then, based on an overall understanding from peripheral vision
and intentions, the attention mechanism extracts the important regions that the brains deem to be
worthy of further scrutiny. After that, the foveal vision is used on those attended regions to extract
detailed information (shape, color, texture, etc.) of the perceived objects. Such an attention phase
possesses the capability of filtering out irrelevant regions and saving computational power for the
relevant ones.

Inspired by this natural process, several recent research efforts have sought to leverage DL
models to predict the human drivers’ attention (gazing) regions (Pal et al., 2020; Palazzi et al.,
2019; Xiaet al., 2019). These models have produced interesting results from a bionics perspective.
However, they are far from goal-induced and are not capable of deployment in AV systems unless
further instructions are provided on how to map the attended regions to driving decisions. In
recognition of such limitation, this report develops an end-to-end autonomous driving model which
generates useful features while leveraging proper attention mechanisms that imitate the capability
of human vision.
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1.4 Attention Mechanism and Goal Shift in the Driving Decision Processor

“Attention mechanism” in DL models refers to the concept of a neural network’s capability to
automatically learn the relative importance of the features and then fuse these features based on
the learned importance weights. This notion was initially propounded by Bahdanau and his
collaborators (Bahdanau et al., 2015) and subsequently evolved to become the foundation for the
revolutionary Transformer-based models (Dosovitskiy et al., 2020; Vaswani et al., 2017). The
benefit of the attention mechanism is that it is capable of not only boosting the model performance
by “enlarging” the useful features while “suppressing” noise or redundant information but also
providing visualizable “attention maps” to help enhance model interpretability. These attention
maps can reveal the latent computation logic of the DL models by showing how much they focus
on different inputs and outputs (Dong et al., 2022; Du et al., 2021; Ghaeini et al., 2020; Kim et al.,
2018; Kotseruba and Tsotsos, 2022; Li etal., 2020; Z. Lin et al., 2017; Wang et al., 2016). As such,
some researchers have claimed that attention maps can be used as a natural and efficient approach
to building explainable DL models (Guidotti et al., 2018; Kim et al., 2018; Lei et al., 2016; Xu et
al., 2015a). In a more recent study, Wiegreffe and Pinter (2019) re-evaluate the attention
mechanism and argue that attention maps can be used only as explanations if “plausible” and
“faithful” rationale can be reasoned from them (Wiegreffe and Pinter, 2019). In this context,
“plausible” means that the generated attention maps need to be highly correlated with only the
correct explanations, which requires that attention is not ambiguous (i.e., can provide the only
correct explanation). Regarding the “faithfulness” requirement, attention is needed to be consistent
(i.e., always attend to the same region with the same semantic meaning) across different scenarios.
These two requirements align with XAI’s interpretability and completeness requirements, as
mentioned earlier in this report.

However, for traditional decision models (classification) in driving tasks, it is often
difficult to guarantee the “plausible” criterion because a single driving decision may correlate with
multiple reasons. This “multi-dependency” nature of driving decisions could be problematic
during the development of attention-based models, particularly where it is needed to use attention
as explanation. For example, consider an attention-based decision processor (Dong et al., 2022,
2021b) which can simultaneously generate driving decisions and output attention maps as depicted
in Figure 1. In this scenario shown in Figure 1 (a), the AV model outputs a decision that left turn
is not feasible, with the attention map indicating its attention regions (Figure 1 (b), the bright
location indicates the focus region). Although both the predicted action and the attended regions
make sense, it is not certain that the model has learned the correct causal relationship between the
driving scene and the decision. Regarding the scenario depicted in Figure 1 (a), there exist two
reasons why the vehicle cannot turn left: (i) there exist obstacles to its left (multiple vehicles in the
opposite direction), and (ii) there exists a double solid pavement marking line indicating left turn
is prohibited. Therefore, although the model pays attention to the correct region to generate
acceptable driving decisions, it is not certain which reason has been learned to trigger this decision.
This violates the “plausible” requirement for using attention as explanation. Ideally, the model is
expected to learn both explanations for generating a holistic understanding of the driving scenario.

CENTER FOR CONNECTED
AND AUTOMATED 14
(N TRANSPORTATION



(@) (b)

Figure 1. Raw scenario (a) and attention region (b). The brightened region is the attended region
(model focus), and the model can correctly predict the driving decision: “cannot turn left.”

To achieve this, we rethink the end-to-end driving decision generation procedure and
conduct a novel shift in the learning goal from traditional “decision classification” (i.e., maps
scenarios to driving decisions) to “driving scenario description” (i.e., maps scenarios to decision
reasons). As such, the model is capable of exhaustively exploring all the potential explanations
behind a given driving decision. From a technical perspective, the classic decision-generating
process can be cast as image-captioning task by outputting the textual description (verbal rationale)
of the observed driving situation (i.e., “obstacles in the left lane” + “solid line on the left” for
Figure 1). Then, the driving decisions (i.e., “cannot make left turn / left lane changing”) can be
inferred by applying simple rules over the pre-generated descriptions.

1.5. Reason-induced Attention and Transformer

By nature, image captioning models need to capture the correlation between image and natural
language. Therefore, under such specific settings, a superior attention mechanism is to use
language to induce visual attention. In other words, the model can learn to “look at” specific
regions that are “dictated” by the language instructions. As a result, the model with this attention
mechanism can learn to “focus” by assigning higher weight (importance) to the language-induced
region while filtering out less relevant noises.

In image captioning, this attention mechanism was initially introduced by Xu and his
collaborators in their pioneering work (Xu et al., 2015) where they used a novel “CNN (encoder)
+ LSTM (decoder)” structure — this remained as the state-of-the-art (SOTA) for several years. In
their model, they used Convolutional Neural Network (CNN) as the encoder to generate grid-based
features of the raw image and applied a classic Recurrent Neural Network (RNN) structure, Long
Short-term Memory (LSTM) to decode these image features and integrate contextual language
features for generating verbal description. In the autonomous driving research domain, several
interesting pieces of works have successfully applied LSTM to generate driving related
explanation sentences (Kim et al., 2019; 2018). However, the performance of this model is limited
by the training efficiency and expression ability of the LSTM model (Wang et al., 2022).

Some recent pieces of work have investigated the efficacy of replacing the language
decoder from LSTM to Transformer (Vaswani et al., 2017, Herdade et al., 2019; Pan et al., 2020)
and replacing image encoder from vanilla CNN to Faster R-CNN (Anderson et al., 2018; He et al.,
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2021). The authors of the current study duly recognize the great promise associated with replacing
LSTM with Transformer, to enhance the model performance in the language generation task.
Nevertheless, it is recognized that using Faster R-CNN (Anderson et al., 2018) for generating
image features could be suboptimal for several reasons. First, the features extracted from Faster
R-CNN are based on the region proposal network (RPN) which is originally designed to search
“object containing” regions in the input image. This could be useful for the traditional image
captioning task which requires finding objects in the images but is not appropriate for
understanding driving scenes. This is because, first, driving decisions can be related to “non-object”
regions which often represent “drivable areas.” Second, running RPN itself is computationally
inefficient and can significantly impair the overall efficiency of the entire framework.

Regarding the Transformer model, although it was initially proposed for natural language
processing (NLP), its superior performance has also been recognized in multiple CV tasks (Wang
etal., 2021; Zhao et al., 2020). As a general feature extractor (backbone model), Transformer has
exhibited similar characteristics and performance as CNN regarding local correlations but has the
additional advantage of capturing long-range correlations within the image. Such capability of
capturing long-range correlation is particularly crucial for automated driving tasks because there
always exists a “relativity” correlation within the driving scene. For example, in the context of
driving directions, “left” is relative to the “right”, and if the AV wants to investigate the left region
of the driving scene and check the feasibility of a potential left turn maneuver, it also needs to
allocate some attention towards the other side of the scene to understand which part is “left”.
Therefore, traditional CNN may not be ideal for driving scene as it is designed to capture local
correlations that tend to overlook the vital relativity correlation such as “left” w.r.t “right.” Also,
recent research has shown that Transformer based models have global attention capability which
can imitate the peripheral vision of human eye and therefore are more suitable for driving tasks
(Dong et al., 2022, 2021b). This motivates the investigation of the Transformer based approach,
in the current study, for image processing and language generation and, for building explainable
autonomous driving models.

In summary, we developed a fully Transformer based model for end-to-end driving scene
understanding. The model utilizes the SOTA image feature extractor: Swin Transformer (Liu et
al., 2021), and then fuses the image features and language features to generate verbal explanations
using another classic Transformer module.

1.6 Study Objectives and Scope, and Report Organization

This report’s main objectives are:

e Formulate the traditional end-to-end autonomous driving decision process as an image-
captioning task with language-induced visual attention to guarantee the explainability in
DL models.

e Develop a fully Transformer based model to generate verbal descriptions and driving
actions for autonomous driving.

e Demonstrate the efficacy of the proposed model and ascertain that it possesses superior
performance over multiple baseline models in terms of explanation and driving action
predictions.

Compared to the classic driving decision models, the developed model can develop driving

decisions through reason predictions. Therefore, it enables the system to reap the following
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benefits prospectively: (1) the capability to exhaustively explore all the possible reasons for
generating a driving action; (2) superior attention efficiency by associating attention regions to
each word in the generated verbal description; (3) the ability to imitate the human learning process
and peripheral vision using language induced attention and full transformer model (4) superior
interpretability as an end-to-end goal induced system. From the application perspective, the
proposed model can not only enhance the user trust among the AV end users but can also provide
insights on model diagnosis and identify gaps where AV developers and manufacturers could make
subsequent future improvements.

The rest of Part | of this report is organized as follows: Chapter 2 (Methodology) introduces
the methodological background and the details of the proposed model. Chapter 3 (Experiment
Settings) documents the dataset, model training specifics, the baseline models, and evaluation
metrics. Chapter 4 (Results) compares the proposed approach with all the baselines and provides
evidence of its superior efficacy. Then Chapter 5 (Application Context) provides discussions on
how the proposed model could benefit autonomous driving systems.
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CHAPTER 2. METHODOLOGY

This section first introduces two basic building blocks of the Transformer-based models, namely
the Multi-head Self Attention (MSA) layer and Window MSA (W-MSA) / Shifted Window MSA
(SW-MSA) layer, and then introduces the overall architecture of the proposed end-to-end
Transformer-based image-captioning model.

2.1.  Multi-head Self Attention (MSA)

In DL, the multi-head Self Attention (MSA) layer represents a parallel computation (multi-head)
of self-attention (SA), which is the basic building block of the Transformer model for the
revolutionary BERT model (Vaswani et al., 2017). As the name suggests, SA was initially
proposed to conduct attention on 2 identical sequences of input (the input and a copy of itself).
Therefore, it has the capacity to capture the “intra” correlations within the input sequence, which
is the correlation among different segments of input. Following the same definition in (Vaswani
et al., 2017), the attention mechanism is applied to fuse the 3 feature representations, which can
be summarized as follows:

Attention(Q,K,V) = aV = [ (Q,K)V D

where fyin (+) represents the similarity function and a € RS*S represents the attention score. More
specifically, it first computes a set of similarity scores for some queries (Q € RS%% | where s
represents the sequence length, d;, is the dimension of both keys and queries) and some keys
(K € RS%9), then use this similarity scores as weights to fuse the values (V € RS*%) as the
features for downstream network. For SA, three representations (K, Q, and V) are all generated
from the input (X € RS*%x, d, is the dimension) using three distinct linear layers (also named as
the “projection” layer):

K = XWg,
Q=XWQ (2)
V =XWy

with W € R%&*%, W, € R%*% Wy, € R%*% as their respective weights for three layers.
Then, the similarity function is applied by conducting a dot product between the queries and keys,
followed by a softmax normalization for generating the attention score (a € R5*S) as shown in
Equation (3):

a = fum(Q,K) = softmax (%) 3)
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The output of the SA is the matrix multiplication of the attention score (a) and values (V),
which completes the computation for a single head (Equation (4)). MSA layer parallelly computes
multiple SA in each head and fuses the concatenated multi-head results through an additional
output linear layer with W,,,, € R%>%out as the weights (Equation (5)).

head = Attention(K,Q,V) = aV (4)
MSA(X) = concat(heady , ..., heady) W,,; € RS*out 5)

Compared to single-head SA, using MSA enables each head to focus on different tasks and
can attend regions with different ranges. This manipulation significantly enhances the model’s
flexibility and generalization power. Besides conducting self-attention on 2 identical sequences,
MSA can also be applied to capture the “inter” relationship between two different sequences of
features (i.e., image and language). The only requirement is that the keys and queries should have
the same dimension (this can be achieved easily via the “projection” layers). Then, MSA becomes
a cross-attention layer and could use a sequence to induce attention over another sequence. In due
recognition of this capability, cross-attention is applied in several multi-modal learning tasks (such
as image captioning) to capture the correlation between image and language. In this study, standard
MSA is applied for language encoding while cross-attention MSA is used for feature fusion and
decoding.

2.2 Window MSA (W-MSA) / Shifted Window MSA (SW-MSA)

The MSA module can be considered the SOTA in the capture of intra-relationships between
language sequence (Vaswani et al., 2017) and in modeling the inter-relationship between language
and images (Anderson et al., 2018; He et al., 2021). However, it may not have an ideal performance
in capturing the intra-relationship within images, because the image has multi-resolution features,
and the vanilla MSA lacks a hierarchical structure to recognize objects with varied sizes and
resolutions.

In addition, in the vanilla implementation of MSA on images, the Vision Transformer
(ViT) model (Dosovitskiy et al., 2020) could become intractable as the image resolution grows.
To overcome these shortcomings, inspired by feature pyramid networks (FPN) (T. Y. Lin et al.,
2017), Liu et. al (2021) proposed the Window MSA layer (W-MSA) and Shifted Window MSA
(SW-MSA) modules (Liu et al., 2021) that restrict the MSA locally within the predefined windows
instead of over the entire image. Then the global features are obtained by merging attended image
patches of different resolutions in deeper layers.

More specifically, W-MSA and SW-MSA first partition the inputs of Q, K, and V into
several windows, and then apply MSA independently within each window. Then, the
“transformed” image features of all the windows are assembled back to the original shape by
reversing the partition.

(SOW — MSA(Q,K,V) = Merge(window,, windows,, ..., window,, ) (6)
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where Merge(+) is the reverse operation of regular/shifted window partitioning, and X; is the
cropped image feature map within the window;. In terms of window partitioning, as shown in
Figure 2, they can be either partitioned regularly (Figure 2 (a)) or in a shifted window manner
(Figure 2 (b)).

(@) (b)

Figure 2. lllustration: (a) regular window partitioning, and (b) shifted window partitioning

Using the W-MSA and SW-MSA layers as basic building blocks, the Swin Transformer
(Liu et al., 2021) can perceive objects of different shapes and resolutions in the image. Compared
to the VIiT model (Dosovitskiy et al., 2020) with only MSA blocks, Swin Transformer has been
proven to exhibit superior performance in capturing the intra-relationship of image grid features.
Also, it reduces the overall computational complexity from quadratic w.r.t input image resolution
as in VIT to linear w.r.t the number of windows. Duly recognizing the benefits of multi-resolution
perception and computational efficiency, the current study adopts the Swin Transformer as the
image feature extractor in its end-to-end Transformer based model.

2.3 Overall Model Architecture

This section introduces the overall architecture of the proposed end-to-end Transformer based
image captioning model. As shown in Figure 3, the model follows the classic encoder-decoder
structure where the encoder can be further divided into the Image Encoder and Language Encoder
for generating image features and language features, respectively.

For processing the driving scene as an image, the preprocessed image (after resizing and
normalization) is first fed into the Feature Extractor (green box in Figure 3), which is the Swin
Transformer backbone (Liu et al., 2021). The architecture of this backbone shares a similar
structure as the Language Encoder (blue box in Figure 3), except for swapping the MSA layer by
W-MSA or SW-MSA layer. Therefore, it is composed of one SW-MSA layer, one feedforward
layer, and two addition and layer-norm layers. The output from the Feature Extractor is the

CENTER FOR CONNECTED
AND AUTOMATED 20
(N TRANSPORTATION



transformed patch-based image features with the shape H X W x E, where H and W are the height
and width of the patch grids and E is the feature dimension of each patch. Then the image features
are flattened in the spatial dimension into shape (H X W) x E and project to the same hidden
dimension (E}) as language features for later fusion. This is achieved through a linear projection
layer. The output of the Image Encoder is the “patch embeddings” with shape (H X W) X Ep),
containing the transformed and project feature of each image patch. To uniquely encode the
location/position of each patch, the positional encoding as in (Vaswani et al., 2017) is also
incorporated before conducting the cross-attention between image features and language features.

On the other branch of the encoder, the language sequences (the textual explanation of the
driving scenario) are processed using the Language Encoder (blue box in Figure 3). More
specifically, the raw sequence of text is first embedded through a classic embedding layer to obtain
numerical representations. Then the word embeddings are fed into a vanilla Transformer model
which contains the positional encoding and N, standard MSA blocks. Each MSA block consists
of one MSA layer, one Feed Forward layer, and two Add and Layer Normal layers. The MSA
layer is the core layer that computes the attended features following Equation 2-5, which is
followed by a layer normalization function and one Feed Forward layer. In addition, there exist
several “skip links” that directly connect the upstream feature map to the downstream through an
adding operation, which is designed to mitigate the problem of gradient vanishing. By leveraging
the attention mechanism in this Transformer model, the “meaningful” information in the natural
language sequences can be amplified while the “noisy” or “meaningless” information is
suppressed.

After separately encoding both image features and language features, they are fused
together in Decoder to generate the output words for describing the driving scenario. The Decoder
has N blocks of similar Transformer based structures as the Language Encoder except that the
MSA layer is replaced by the Cross Attention layer. More specifically, the Cross Attention layer
computes keys (K) from word embeddings while Queries (Q) and Values (V) from image (patch)
embeddings. Therefore, the attention score computation between K and Q can reflect the similarity
between image patches and language, which is analogous to using the language to “induce”
attention over the image features. By visualizing the attention maps from this Cross Attention layer,
it can be ascertained whether the model has attended to the correct regions for generating the
correct explanation. This can provide the ideal level of explainability as mentioned in the
introductory section of this report. The outputs of the Decoder are the fused features that integrate
all the useful information from both the language context and the image, which are fed into the
classification head for generating the output words. In this work, the classification head is simply
a Linear layer with the Softmax activation function.
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2.4 Loss Function

For the model training, the current study used other image captioning models (Anderson et al.,
2018; He et al., 2021; Xu et al., 2015a) and utilized a standard temporal multiclass Cross-Entropy
loss function as shown in Equation (8):

Ly, 9) = =<2l Ty 2y log(p(7)) (8)

where M is the number of total classes (vocabulary size), T is the total length of prediction (the
maximum length of the explanation sequences), and N is the total number of training examples
(training set size), y, and y, are ground-truth label word and predicted word, respectively.
Consistent with the standard sequence-to-sequence (C2C) schema for image captioning, the input
words and output words are shift-by-one, which uses the sequence x; ...x;_; to predict the
sequence x, ... x;. With this loss definition and training settings, the model can be trained end-to-
end with the driving scenario images and textual descriptions.

2.4 Action Generation

As the ultimate goal of autonomous driving systems is to generate driving decisions, one additional
indispensable step is to map the model output (textual descriptions) to executable driving actions.
This can be achieved simply using a keyword-matching algorithm and a rulebook. For example,
the text description “No lane on the left” can be translated to “follow the traffic” or “turn right”
but not “left lane change.” This rulebook follows simple logic and is easy to acquire.
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CHAPTER 3.EXPERIMENT SETTINGS

3.1 Dataset Preparation

Experiments were carried out to train and evaluate the proposed model, using a subset of data
culled from the BDD Object Induced Actions (BDD-OIA) dataset (Xu et al., 2020). BDD-OIA is
an extension of the well-known image-based driving dataset BDD-100K (F. Yu et al., 2020) which
possesses frame-by-frame labels of driving actions and corresponding explanations. In the raw
dataset, the driving actions are the high-level “feasible” actions that can be undertaken at that
specific time step, including “move forward,” “slow down/stop,” “turn left,” and “turn right.” Here,
the lane changing decisions such as “left/right merge” are considered as “turn left/right” categories.
The corresponding explanations can be summarized into 21 classes (Table 1).

Table 1. Actions with Corresponding Explanations in BDD-OIA

Actions Explanation classes
Traffic light is green
Move forward Follow traffic

Road is clear

Traffic light is red
Traffic sign

Obstacle: car
Obstacle: person
Obstacle: rider
Obstacle: others

No lane on the left
Obstacles on the left lane
Solid line on the left
On the left-turn lane
Traffic light allows
Front car turning left
No lane on the right
Obstacles on the right lane
Solid line on the right
On the right-turn lane
Traffic light allows
Front car turning right

Slow down/Stop

Turn left

Turn right
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The original dataset includes explanations for both feasible and infeasible actions. For
example, an explanation for the "Move forward" action could be "Traffic light is green,"” which is
feasible. On the other hand, explanations for the "Turn left" action, such as "Solid line on the left,"
focus on why the action is infeasible. Ensuring driving safety requires preventing the AV from
executing infeasible actions, and as such, the explanations associated with them are crucial.
Therefore, in this research, the focus is on the actions that are associated with infeasibility. In
addition, as the raw dataset is unbalanced — some classes have more than 10,000 images while
others have less than 20. Thus, a subset was selected to contain six of the most frequent reasons:
“obstacles on the left lane,” “no lane on the left,” “solid line on the left,” “obstacles on the
right lane,” “no lane on the right”, “solid line on the right”. Another reason for selecting these
six classes is that they are associated primarily with left/right turn or lane-change actions which
have been identified as the maneuvers that are most prone to collision (Xu et al., 2019). A snapshot
of the selected dataset is shown in Figure 4, where the green arrows in the figure represent the
feasible driving actions and the red arrows represent the infeasible ones. The explanation texts
below each frame are the target captions that the model needs to predict. In summary, for the
selected six reasons, the corresponding total numbers of images are: 8,475, 7,989, 7,625, 11,521,
6,771, and 4,750 respectively, with the total number of frames adding up to 24,921, we further
partition this dataset into a training set (19,936 frames) and testing set (4,985 frames).

Explanations: Obstacles on the right lane Explanations: Obstacles on the right lane
No lane on the left

Explanations: Solid line on the left Explanations: Solid line on the left
No lane on the left Obstacles on the right lane

Figure 4. Example of the selected BDD-OIA dataset
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3.2 Language (Reasons) Sentences Preprocessing

Regarding the preprocessing of the reasons (the objective of which is to make them readable for
neural networks), we apply two NLP preprocessing techniques — tokenization and word embedding.
Tokenization splits the sentence into words and assigns a unique token to each word. In addition
to all the unique tokens, we add four extra tokens: <SOS> start of sentence; <EOS> end of sentence;
<;> the delimiter of the reasons; <NULL> the placeholders after the <EOS> token. For each
sentence, we first add the <SOS> and <EOS> and delimit the reasons inside a sentence with the
script <;>. For this work, different images can have different numbers of reasons, and the number
of words for each reason is different. Therefore, this problem is a dynamic-length input-output
problem with variable sequence length. To accommodate such discrepancy in the sequence length
for all images and enable the model to be trained by batch, a padding manipulation is applied by
adding <NULL> token to the positions after the <EOS> token. In this manner, the model can
always accept and predict a fixed-length sentence. Here, we use the maximum length of the
possible sentence as this fixed length, which is the word count of the total of six reasons plus the
delimiter and start/end token. After tokenization, we apply a standard word embedding layer to
transform the token representation to numerical vectors (word embeddings). Initially, such
numerical representation is generated from a standard Gaussian distribution. After training, it is
observed that words with similar meanings tend to have “closer” representations in the embedding
space.

3.3 Baseline Models
3.3.1 Image Captioning Model

A comprehensive review of relevant published literature showed that to date, the literature contains

only very few studies that cast roadway-scene interpretation in autonomous driving as an image-

captioning task. As such, it is difficult to conduct a comprehensive comparison between our

proposed method with existing literature. Therefore, we trained multiple image captioning models

to perform the same task on our dataset to serve as baselines. These models possess two

architecture categories: CNN + LSTM (Xu et al., 2015) and CNN + Transformer. We herein
provide details of each below:

e CNN+LSTM

As shown in Figure 5, this baseline model follows the main concept in (Xu et al.,

2015) while using CNN based model for modeling images and RNN based model

for modeling language. Overall, it uses a classic CNN backbone model as the

encoder to generate the patch (grid) based features of the image, then uses an

LSTM decoder to generate the language sequences. The key idea for fusing

features from images and language sequences lies in the Attention Network,

which uses the classic dot product attention (Bahdanau et al., 2015) to capture

the correlation between these 2 feature spaces. Under this setting, visual attention

is achieved by taking the dot product between the image features and the LSTM

hidden states. Therefore, a higher attention score means more correlation

between the visual features and the language contextual features. Then, the
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attended visual features and the contextual language sequences are fed into the
Language Decoder to generate the textual description for the driving scenario. In
the following experiments, we further tested two classic backbone models
namely Resnet50 (He et al., 2016) and Mobilenet_v2 (Sandler et al., 2018) in the
Image Feature Encoder. For the Language Decoder, 2 layers of bidirectional
LSTM are adopted. Comparing our proposed model against this model can
justify the efficacy of Transformer based approaches in understanding the driving

scenarlo.
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Figure 5. Baseline: CNN + LSTM Architecture

e CNN + Transformer
This model has a similar structure as the proposed full model in Figure 3, except for
swapping the Swin Transformer-based image Feature Extractor with the CNN-
based backbone ResNet50. Since the main goal of this work is not to build an
image processing network, we adopt the pre-trained Swin Transformer and
ResNet backbone and fix their weights during the training and testing phases.
The two alternative backbones applied have both been pretrained on Image Net.

3.3.2 Traditional Prediction Model

To provide further evidence of the superior efficacy of the proposed concept (generating the
driving actions by first predicting the textual explanations), a traditional classification model same
as that proposed by (Xu et al., 2020) is trained on the same dataset selected from BDD-OIA. This
model applies an “object-induced attention” mechanism that scores the region proposals and
utilizes only the top-scored regional features for predicting actions and reasons. More specifically,
the model is built on top of a Fast-RCNN’s backbone feature encoder and region proposal network
(RPN), then a “selector” structure is trained to filter only those regions that are highly correlated
to the downstream driving action and reason predictions. This model benchmarks the performance
in terms of action and explanation classification on the BDD-OIA dataset.
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3.4 Evaluation Metric

The model seeks to comprehend the driving scenes with human language. As such, the model
strives to generate legal, human-understandable, and correct textual descriptions of the driving
environment. Therefore, it is desired that the evaluation metrics for this model should consider
both the quality of generated language and the correctness of the generated explanations.

To evaluate the quality of generated language, we incorporate the classic evaluation metric
in image captioning and neural translation, the Bilingual Evaluation Understudy (BLEU) score
(Papineni et al., 2002). This score measures the n-gram similarity between two sentences by
computing the overlap between a hypothesis sentence and a reference sentence. A higher BLEU
score represents a higher similarity between the generated sentence and the ground-truth sentence,
which further indicates higher language generation quality. In this study, we recorded, for each
generated explanation in the test set, the average BLEU-4 score which is a widely-used evaluation
metric for image captioning work.

However, as mentioned in past research (Cui et al., 2018), the BLEU score alone is unable
to capture the semantic meaning of the sentence, which may lead to a poor correlation with human
judgment. To evaluate the semantic quality of the generated reasons and examine whether the
model has exhaustively exploited all the potential reasons for the driving scene, we further
compute the F1 scores for the reasons predicted. To compute the F1 score for the reasons, we first
carry out processing to transfer the generated sentences back to the 6 reason label classes. This is
because there exist cases where the model-generated sentences are not word-to-word aligned with
the label sentences but possess the same semantics. For example, the model may generate the
sentence: “obstacles on the right” which is not exactly in the label sets but has the same meaning
as the label sentence “obstacles on the right lane.” To project the predicted sentences to the label
sentences, in this example, we adopt the keywords matching strategy and only investigate the
keywords such as “obstacles, right.”

As the ultimate goal of autonomous driving is to generate driving decisions, in this study,
we also compute the F1 score for the “infeasible” actions, that are the two actions “cannot turn
left” and “cannot turn right” associated with 6 aforementioned reasons: “obstacles on the left lane”,
“no lane on the left”, “solid line on the left”, “obstacles on the right lane”, “no lane on the right”,
“solid line on the right”. In mapping the reasons to actions, we follow the simple rule: if there exist
any of the first 3 reasons, then the vehicle cannot turn left; and if there exist any of the last 3
reasons, then the vehicle cannot turn right.

In addition, two versions of F1 scores, namely overall F1 score (F1,;;) and mean in-class
F1 score (mF1), for both reasons and actions are computed. F1,; is the F1 score over all the
predictions and is calculated as follows:

1 —
Fla = 0 8iy F1(Pe PO (9)

Where P is the predicted class and P is the true label, which can be both reasons and
actions; |P| is the total number of predictions over the entire test set. Meanwhile, despite having
our subsampling-based preprocessing, the dataset is still unbalanced. There are always more
scenarios for the “containing obstacles” reason compared to the “containing solid line” reason.
Therefore, we calculated the F1 score within each predicted class, and finally take the average over
all the classes to compute the in-class mF1, as follows:

CENTER FOR CONNECTED
AND AUTOMATED 2 8
(N TRANSPORTATION



mF1 =< %5, Yk, F1(PF, PY) (10)

Where C represents the number of classes in prediction (6 for the reasons and 2 for the
actions, respectively), then P¢ becomes the binary prediction of class c, indicating whether class
c is presented in this frame.

3.5 Training Specifics

Regarding the detailed model architecture, we use the following parameters: the hidden embedding
size E;, = 256 , the number of MSA head h = 8, the number of blocks for both Language Encoder
and Decoder N, = N; = 2. For the Image Encoder, we utilize the same swin_tiny architecture as
in (Liu et al., 2021) and initialize it with the pretrained weights on Image Net 1000 class
(IMAGENET1K_V1). The weights are finetuned with other network components during the
training process. To prevent overfitting, a dropout rate of 0.1 is applied on all linear layers. All the
linear layers utilize an input and output dimension of E,, and GeLU as the activation function
(Hendrycks and Gimpel, 2016). Regarding the training process, we trained our network for 20
epochs using the Adam optimizer (Kingma and Ba, 2015) with an initial learning rate of 1 x 107
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CHAPTER 4. RESULTS

4.1 Quantitative Analysis

Five (5) models were trained: the proposed fully Transformer based model (Swin Transformer +
Transformer), two classic CNN + LSTM models with two different feature encoders
(Mobilenet_v2 and Resnet50), one CNN (ResNet) + Transformer model, and the original BDD-
OIA classification model. Table 2 presents their numerical evaluation metrics (Avg.BLEU-4 score
and F1 scores) for both reasons and actions.

It is observed that our proposed model, the fully Transformer based approach achieves the
highest performance in most of the above-mentioned numerical evaluation metrics, demonstrating
the efficacy of the model in both reason generation and action predictions. Also, from the column
representing the number of parameters (Table 2), it can be observed that the proposed fully
Transformer model does not add much extra computational cost but can significantly improve the
performance compared to other image captioning baselines and is significantly more
computationally efficient compared to the classic BDD-OIA classification model. From these
results, the following complementary conclusions could be made: (a) Regarding the decoder, the
Transformer structure outperforms the LSTM in capturing the inter-correlation between image
features and language features, (b) Regarding the image feature encoder, Swin Transformer
outperforms CNN when utilizing the same transformer as decoder, and (c) The Mobilenet and
Resnet encoder have similar performance in the CNN + LSTM model; this observation
underscores the bottleneck associated with the decoder LSTM model.

Another important observation from Table 2 is that the proposed learning paradigm
“generate the actions by first generate reasons” prevails over the traditional classification model
proposed by Xu et al., (Xu et al., 2020), particularly in terms of action prediction. More specifically,
our proposed model was found to be capable of achieving F1 scores exceeding 0.9 even though
the reason predictions are less accurate than those of the traditional classification model for CNN
+ LSTM models. This could be due to the capability of our proposed model to enhance system
redundancy. As mentioned earlier, multiple reasons could lead to the same driving decision/action.
For example, the decision to “not turn right” can be generated if there exist 2 reasons “obstacles
in the right lane” and “solid line in the right”. Therefore, the model can make the right decision if
either of the two reasons is predicted. This additional redundancy in the decision generator further
enhances the overall reliability of the proposed driving system. However, for the requirements of
explainability, the ultimate goal of the model is still to completely exploit all the possible existing
reasons.
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Table 2. Performance Measures of Proposed Model and Baselines

Reasons Reasons Actions
Nr. of Reasons inner- Actions | .
Model arameters Avg. BLEU- F1 class F1 inner-class
P 4 score mF1
mF1

CNN + Mobilenet 2.64M 0.478 0.521 0.682 0.917 0.847
LSTM Resnet 24.05 M 0.497 0.529 0.678 0.917 0.848
Resnet + Transformer 25.92M 0.578 0.633 0.801 0.935 0.901
Fully Transformer 26.61M 0.584 0.662 0.823 0.932 0.913
BDD-OIA classification
model (Xu et al., 2020) 45.00M - 0.649 0.562 0.833 0.771

4.1 Qualitative Analysis

Figure 6 presents 4 randomly selected frames from the test set and the corresponding prediction
results. As expected, the model was found to be capable of generating legal sentences with correct
words and grammar to describe the driving scenes. By visualizing these generated explanations, it
can be concluded that the proposed model has the capacity to fully understand the driving scenarios,
and the driving decisions/actions can be made without ambiguity.

PD:

R: <SOS> no lane on the left; obstacles on the right lane
<EQOS>

A: cannot turn left, cannot right turn

GT:

R: obstacles on the right lane; no lane on the left

A: cannot turn left, cannot right turn

PD:

R: <SOS> no lane on the left; solid line on the left
<EOS>

A: cannot turn left

GT:

R: no lane on the left; solid line on the left

A: cannot turn left
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PD:

R: <SOS> no lane on the left; obstacles on the right lane
<EQS>

A: cannot turn left, no right turn

GT:

R: no lane on the left

A: cannot turn left

PD:

R: <SOS> obstacles on the right lane; solid line on the
right lane <EOS>

A: cannot turn right

GT:

R: solid line on the left; solid line on the right; obstacles
on the right lane

A: cannot turn left, cannot turn right

(d)
Figure 6. Sample predictions on the BDD-OIA dataset (PD: prediction, GT: ground truth,
R: reasons, A: actions, green: true positives, red: false negatives, blue: false positives)

4.3 Attention Visualization

One of the prominent benefits of the proposed full attention model is that by visualizing the
attention map, the rationale of the model can be investigated further. Figure 7 presents four
samples of attention maps from the last Cross-Attention layer in the decoder (there are 2
transformer blocks with 2 Cross-Attention layers, we plot the attention maps for the upper layer
since they can capture the higher-level features and correlations than the lower layer). These
attention maps are generated by taking the average of attention maps over all 8 heads.

These results demonstrate that the model can indeed capture the semantic relationship
between the image regions and language. For example, in Figure 7 (a), when generating the reason
“solid line on the left”, the model’s attention is specifically guided towards the region of the solid
line. This ability can also be demonstrated in Figure 7 (b) when the model attends to both left and
right regions for identifying obstacles.

Another interesting finding from these attention maps is that the model learns the concept
of “relativity.” More specifically, when generating words with directional information (the left,
left lane, etc.) the model tends to simultaneously attend to the opposite direction (to the right, in
this case). This can be seen in most of cases. We believe the reason for this phenomenon is that
directional information such as left vs. right can only be understood relatively. By attending both
regions, the model can identify which direction is “left” or “right.”

From the perspective of bionics, the proposed reason-induced visual attention mechanism
is observed to intuitively imitate the training of a human driver. During the “in school” training
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period, the coach uses language to first guide the trainee’s attention to look towards important
objects and understand the scenario, and then to generate the driving decisions through simple
causal relationships. After the training, the trainee can “self-attend” to the important regions
without the trainer’s instructions.

r
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lane

on the
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obstacles

True labels:
Obstacles on the left lane
Obstacles on the right lane

right
True labels:
Solid line on the left
No lane on the right
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True labels:
No lane on the left

(©)

-.

True labels:
No lane on the right

False positive:
Solid line on the left

(d)

Figure 7. Examples of attention maps (brighter parts indicate the attention regions for each
word during the reason sentence generation) on the BDD-OIA dataset.

4.4 Cross Dataset Evaluation

Any model intended for deployment in a safety critical environment should possess adequate
robustness and generalization ability such that even when it is trained with a specific dataset, it
can be transferable to a different dataset without loss of integrity. This capacity also indicates that
the model is not overfitting a specific dataset and can handle “out-of-sample” data points. To
demonstrate our model has such cross-dataset generalization ability, we further test its
performance using the Honda Research Institute Driving Dataset (Ramanishka et al., 2018) with
the model trained on the BDD-OIA dataset (see Section 3.1). Since these two datasets do not share
the same label space, only a qualitative analysis can be carried out. However, by visualizing the
randomly selected prediction results as well as the attention maps, it is still sufficient to conclude
that the model possesses adequate robustness and can consistently generate plausible scenario
descriptions and attention maps, even when the inputs are from different datasets.
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PD:

R: <SOS> solid line on the left; obstacles on the right
lane <EOS>

A: cannot turn left, cannot right turn

PD:
R: <SOS> solid line on the left <EOS>
A: cannot turn left

Figure 8. Sample predictions on the HDD dataset

hne’ - :

left EOS

leftlane

h

obstacles

-
-

obstacles

(b)

Figure 9. Examples of attention maps on HDD dataset
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CHAPTER 5. APPLICATION CONTEXT

From the perspective of explainable model applicability, the attention maps and the generated
explanation sentences can help AV developers to understand the model behaviors and
shortcomings of the existing model. For example, a shortcoming of the proposed model is that it
does not possess the “concept” of distance, i.e., the model can attend to obstacles and solid lines
but cannot understand that in order to generate the driving decisions, only the objects in close
proximity should be attended to. For example, in Figure 7 (c) and Figure 7 (d), the model provides
false positive predictions of the obstacles and a solid line. These objects indeed appear in the two
driving scenes but are far away from the ego vehicle and should not be attended to for reason
prediction. With these false positives, the model may make overly conservative decisions. This
issue can be mitigated using a finer-labeled dataset which has labels for objects that are “closer”
and those that are “further,” for example, we can augment the existing label sentences for the
reasons to contain the distance “obstacles in the right, approximately within 20 meters”. After
training the model, the model should be able to distinguish between objects and obstacles based
on their proximity. In summary, by visualizing the attention maps and generated reasons, the model
behaviors can be understood. This process can be used to identify the weaknesses of the currently
trained model and to seek potential directions for improvements. These extra benefits in
interpretability and diagnosability do not exist in most other DL models that exist in the literature.

From the perspective of application, the trained model can be directly embedded into
autonomous driving systems of Level-3 and above. Due to its capacity of quickly eliminating
infeasible actions, it can serve as a “sanity check” for the AV maneuver selection system. That is,
when the AV makes “infeasible” or potentially dangerous decisions, the proposed model can
quickly override the decisions and provide the human operators with explanations for the override.
Furthermore, if the proposed model has been trained with richer explanations and scenarios, it can
work as a decision generator that can directly generate the maneuvers for the AV to execute.

Regarding the computational cost, we duly recognize that the process of generating
explanations is more expensive and could inevitably cause delay in real-time implementation.
However, the level of driving decision (LODD) for the proposed model is “tactical” (Dong et al.,
2021a), which refers to mid-level driving behavior planning and maneuver selections such as lane
changing, merging, and driving decisions at signalized intersections. These tactical decisions,
unlike low-level “operational” commands (braking, pedal positions, steering angles that need real-
time updating), can be generated at a lower frequency (e.g., every one or two seconds). Therefore,
the proposed model and the proposed concept of casting the driving task into image captioning
task can fulfill the requirement of generating such maneuver-level decisions.
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PART Il

Joint Prediction of Potential Driving Actions
With Corresponding Explanations
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CHAPTER 6: INTRODUCTION

6.1 Background

Motivated by the challenges associated with safety and mobility in the traditional highway
environment and spurred by ongoing advancements and opportunities in information and robotics
technologies, government agencies and the automobile industry continue to seek guidance on the
measurement of performance in the context of the new transportation technologies. As is the case
with any new transportation stimulus including technological innovations, it is imperative to assess
performance based on a carefully-designed portfolio of performance measures (FHWA, 2019;
Sinha and Labi, 2007; World Bank, 2005).

In the context of automated and connected vehicle operations, performance may be
measured from the perspective of the impact type (safety, mobility, privacy, equity, for example),
impact direction (costs and benefits), and the affected stakeholder (the transportation agency, road
user, and the community) (Lioris et al., 2017; TRB, 2018, 2019; Litman, 2023). Unfortunately, the
deployment of AV systems in the real world has been severely limited due to various obstacles
associated with policy and regulation, infrastructure readiness, technology, and so on. For example,
a number of key technologies associated with perception and decision processors still have not
reached a level of advancement where they can be applied reliably to produce error-free AV
systems.

6.2 Perception as a key consideration

Autonomous driving is a complicated end-to-end system which contains a sequence of sub-
systems or modules including sensing, perception & localization, abstraction, planning, and
control (Figure 10), and each module is achieved through the integration of multiple technologies
such as sensing, signal processing, data analytics, machine learning, artificial intelligence (Al),
and control theory. Of the modules, perception (second block in Figure 10) is considered the most
vulnerable link in the chain (NTSB, 2019).

There are multiple reasons for this. To begin with, the perception module is one of the very
initial blocks of the entire autonomous driving process, any error at the perception phase will not
only cascade but also be amplified across the subsequent stages. For example, failure in detecting
the road participants (i.e., pedestrians, cyclists, and neighboring ground vehicles) could be
catastrophic because an appropriate evasive maneuver will not be planned in the following phases.
This has been the underlying cause of several AV-related fatal accidents in recent years, including
well-known instances of Uber and Tesla vehicle collisions with pedestrians (McCausland, 2019;
Yadron and Tynan, 2016)).
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Figure 10. The end-to-end autonomous driving task (image from (Talpaert et al., 2019))

6.3 Application of perception in existing driving systems

Recently, computer vision (CV) based perception technologies have been widely used in multiple
applications in driving assistance systems (ADAS) (Horgan et al., 2015; Sowmya Shree and
Karthikeyan, 2018), for example, systems for lane detection, traffic sign recognition, and forward
collision warning. These new features in ADAS have enhanced driving safety and convenience.
However, these modules are “scattered” in the sense that they are designed to accomplish specific
functions in an independent manner. As a result, they do not cooperate with each other, and are
unable to provide full situational awareness of the driving environment for purposes of
autonomous driving. For example, the obstacle detection module can detect only the barriers in
the surrounding location but cannot cooperate with the lane marker detection module. Therefore,
the obstacle detection module still requires the human brain to fill the gap in such knowledge, and
to achieve a comprehensive characterization of the driving environment.

Furthermore, these modules in ADAS are currently designed for human driving (where it
is required that the human driver is always focused during driving), not AV operations. This means
that when developing vision based ADAS, the reliability may be compromised. Therefore, such
ADAS systems cannot provide a comprehensive and precise understanding of driving
environments, and thus cannot be applied directly to fully automated vehicles. For the perception
phases of AV operations, a more sophisticated, integrated cooperative, and reliable CV system is
needed. In addition, unlike human vision which can quickly identify salient objects and grasp the
main semantics in a driving environment, CV models tend to (inadvertently) misallocate
computation resources towards analyzing areas of the driving environment (for example, the
background sky and buildings) that may be irrelevant to the driving task at hand. To alleviate this
situation, an appropriate “attention” mechanism to “guide” the CV model to focus only on relevant
areas of the driving environment, is needed.

More recently, with the emergence of connectivity devices, perception can be further
enhanced by vehicle connectivity (this yields the often-termed “connected autonomous vehicle
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(CAV)”) since more accurate and direct information can be disseminated through the connectivity
devices. It has been postulated that the benefits of combined automation and connectivity will
exceed the sum of individual benefits from these two technologies (Ha et al., 2020). In the past
few years, several advanced learning-based approaches have been applied in CAV operations in
contexts including information fusion and cooperative control (Chen etal., 2021; Dong et al., 2021;
Dong, Chen, Joun Ha, et al., 2020; Dong, Chen, Li, et al., 2020). We duly recognize the coupling
of connectivity and automation can accentuate the benefits of automation. However, there is still
a long way to go before achieving full connectivity for all vehicles on the road. Therefore, in this
part of the study, we address only the perception tasks of a single vehicle for which we seek to
enhance the interpretability of its perception module.

6.4 Research Gaps and Main Objectives/Contributions of this Study

Xu et. al. (2020) proposed an object-induced attention mechanism that performs attention over the
detected objects and uses only the relative objects to generate driving actions and explanations.
More specifically, their model utilizes a “selector” structure to “crop” the fused regional features.
This fused regional feature is generated by stacking the regional features that are computed using
Ren et al’s FasterRCNN’s region proposal network (Ren et al., 2017) (referred to as the local
branch) and the raw overall feature map for the entire image (referred to as the global branch). To
conduct feature selection, the selector assigns a score to each region proposal to measure its relative
importance and identifies the k regions with k-highest scores to compute the driving actions and
explanations. That is, during the training process, the model implicitly strives to learn a metric to
weigh the regional features based on the semantics and their relative contribution to the driving
decisions.

Even though their model demonstrated satisfactory performance in predicting the actions
together with explanations, there is still good reason to consider this attention mechanism as
suboptimal with certain shortcomings. The shortcomings arise due to three reasons. First, the
ablation study results in Xu et al’s research depict a baseline model with only “global” branch can
exhibit performance similar to the full model (which integrates the “global” and “local” features
of the image). This indicates that the global features (overall information of the image) are more
important and can overwhelm the contribution of regional features (the recognized objects in the
scenario). This phenomenon is consistent with the notion where, in generating high-level driving
actions (move forward, turn left/right, or stop), human drivers tend to use peripheral vision because
only an approximate characterization of the driving scene is needed. For example, if there is an
obstacle in the driving scene, the driver only needs to see it (with peripheral vision) and can quickly
eliminate the erroneous action of driving towards the obstacle’s direction before clearly perceiving
its details such as shape and color. However, the object-induced attention as described in the
research is more consistent to foveal vision because the prediction head of the model can rely “only”
on those highly detailed cropped-out regions.

Secondly, this attention mechanism depends on the object detection module (region
proposal network) which has been pretrained to assign greater focus on “object-containing”
regions and ignoring “non-object” (background) regions. However, for driving tasks, these “non-
object” regions may contain vital information such as lane markers and drivable areas. Therefore,
building the model on top of the method based on object detection, could be suboptimal. Third,
since the number of selected regions “k” is part of the model parameter, it requires considerable
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number of experiments to determine its value. If “k” is too small, this “hard” selection mechanism
will inevitably create a bottleneck to restrict the information flow in the model. For example,
selecting only k regions will restrain the model flexibility, particularly in the cases when there exist
more than k pivotal regions (the regions that require the model to attend to achieve full
understanding of the scenario). If “k™ is too large, the computation resources will be wasted, and
the extra information could impair the model performance because the noise level is high.

To overcome these three shortcomings, we propose a global soft attention (GSA)
mechanism which imitates the peripheral vision capability of the human eye and uses the global
features of the image. Overall, the model “softly” fuses the information from each region inside
the image using Transformer model. The Transformer model is adopted here because a number of
research studies have demonstrated that, compared to CNN, Transformer releases the constraints
of generating visual features only based on local regions (Zhao et al., 2020). This makes the model
capable of possessing a “broader” horizon and capturing regions that not only are much wider
compared to the traditional CNN kernel but also facilitate analysis of correlations within the image.
This issue is further discussed in the results section of this report.

In summary, the main contributions of this part (Part 2) of the study are threefold:

e Developed an end-to-end explainable DLCV model to generate driving actions with
explanations.

e Proposed a new DL architecture with a novel visual attention mechanism using the
Transformer model to achieve SOTA with significantly superior performance and lower
computational cost compared to the benchmark model.

e Conducted multiple experiments in a variety of settings to evaluate the importance of
information (global vs. regional) and the attention mechanism (hard vs. soft) in the high-
level driving decision making process.

From the perspective of practical application, the proposed model can enhance human trust in
DLCV based autonomous driving system for both AV users and AV system developers. For AV
users, on the one hand, the driving decisions and explanations can be presented to the user
simultaneously showing the corresponding causal relationship at the initial deployment stage of
autonomous vehicles. On the other hand, such a system can perform as a “whistle” to send out
instant warnings to the driver or require human intervention if there exist inconsistency between
any two predictions. This could lend additional safety redundancy to the entire AV system and
thereby boost human trust and acceptance of automated driving systems. For developers, such an
explainable system is helpful in system debugging because it can output human-understandable
outputs, identify potential flaws of the existing system, and identify directions for future
improvements. Therefore, the concept of “explainable” models is beneficial to the entire AV
ecosystem from perspectives of the key stakeholders, particularly, the user and the manufacturer.
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CHAPTER 7. LITERATURE REVIEW

7.1 Problems associated with deep learning

In the field of perception and semantic understanding, DL is one of the mainstream technologies
which has been used widely in practice. In transportation related tasks, DL has been extensively
adopted in applications including infrastructure management (Hou et al., 2020; Zhuang et al.,
2018), traffic prediction (Cui et al., 2019; Liu et al., 2019; Yu, Lee, et al., 2020; Zhou et al., 2021),
driver behavior modeling (Xing et al., 2021), smart routing systems (Du et al., 2021), smart
intersection management (Peng et al., 2021), traffic incident and duration recognition (Zhu et al.,
2021). With respect to the autonomous driving task, DL models have been applied in every
submodule (Figure 10). Specifically, the deep-learning computer-vision (DLCV)-based
perception models for AV systems are widely researched and have achieved state-of-the-art
(SOTA) in various contexts (Bojarski et al., 2016; Xu et al., 2017; Chen, et al., 2019). Although
DL models have been deployed successfully in several real-world applications, the intrinsic
drawback, low interpretability, has not been resolved. The low interpretability originates from the
black box nature of computations using neural networks. The model developer can access only the
input and output of the model; therefore, the potential weaknesses and drawbacks of DL models
are not easily detectable and any errors in these models are difficult to diagnose. This exacerbates
the problem of user distrust in automation and further hinders its deployment particularly in safety-
critical tasks (Khastgir et al., 2018).

To boost user trust in automation and Al technology, several research efforts have been
expended into developing “explainable” Al (XAI) systems. The key motivation and underlying
notion of XAl systems is to provide human understandable explanations indicating the rationale
used by the Al to make decisions (Doran et al., 2018). This idea has also been adopted in recent
transportation-related research work. For example, Alwosheel et al. (2021) developed an
explainable traffic demand prediction model and carried out detailed investigation on how the
model provides the predictions (Alwosheel et al., 2021); Bustos et al. applied DL models and
provided the interpretability analysis to demonstrate how pedestrian and vehicle safety could be
enhanced (Bustos et al., 2021). In the area of AV system design, researchers have developed
explainable (or even, advisable) autonomous driving models (Kim et al., 2020; Kim and Canny,
2017; Xu et al., 2020). Here, the “advisable” refers to the situation where the model is capable of
processing verbal instructions from human operator and adjust further decisions based on the
“advice.” These efforts have helped pave the way for enhanced user trust in DL model-driven
autonomous driving. Yet still, the model performance (in terms of prediction accuracy and
computational cost) can be further improved with an enhanced design of the neural network
architecture that imitates human vision. This is the main motivation of Part 2 of this study.

In the subsequent sub-sections of this introductory section, we discuss two major
approaches for developing DLCV based AV systems, the concept of image-attention based
technologies used to imitate human vision. Then we identify the research gaps in existing research
and highlight the prospective contributions of this study.
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7.2 End-to-end vs. pipelined systems

In developing deep-learning computer-vision (DLCV)-based AV systems, there exist two major
approaches: end-to-end and pipelined. The former seeks a direct mapping from the raw sensor
inputs (including images and 3D cloud points) to the driving actions (including straight movement,
left/right turn, or slowing down (Bojarski et al., 2016; Chen et al., 2019; Kim et al., 2020; Kim and
Canny, 2017; Xu et al., 2017, 2020)). The latter divides the entire system into sub-systems
(including vision block (Hu et al., 2020; Ku et al., 2019) and decision-generating block
(Schwarting et al., 2018; Veres et al., 2011)) and addresses them independently. Theoretically,
end-to-end approaches are superior to pipeline approaches because the vision block can be trained
to be goal-induced, meaning, it becomes capable of paying more attention to the visual information
that is necessary for the ultimate goal. However, the end-to-end approach is more complicated and
needs deeper networks and larger datasets for training.

In addition, because the model is trained from end to end, there are no intermediate results
for diagnostic purposes, and this exacerbates the black box nature of the process. The pipeline
approach, on the other hand, is considered more tangible because it can output intermediate results
for purposes of human inspection and validation (i.e., object detection bounding boxes). However,
the pipeline approach is often sub-optimal because training the sub-modules separately may cause
one to lose track of the ultimate goal. Such segregated training can lead to a misallocation of
computation resources due to the detection of irrelevant objects or the erroneous neglect of
important objects in the driving environment. For example, the detection of objects located beyond
the roadway sidewalk will not be beneficial to AVs. However, failure to detect traffic signal colors
could be catastrophic. Another limitation of the pipeline approach is that it requires an explicit
definition in the manner of cooperation of the two sub-modules; if the cooperation protocol is ill-
defined, the overall performance of the entire model can be jeopardized even if the individual sub-
modules exhibit satisfactory performance.

A natural way of integrating the benefits from both end-to-end system and pipelined system
is to add intermediate output heads that can generate human understandable results while training
the entire system end-to-end for the final goal. For example, by adding “explanation head” to AV
systems, the model can simultaneously output both driving actions and corresponding explanations.
The explanations provide an opportunity to ascertain whether the correct causal relationships
(between the driving environment from the input images and actions) have been learned. They also
serve as extra labels (extra loss function) to facilitate the entire training process.

Furthermore, from an application perspective, the joint prediction of explanations and
decisions could yield additional redundancy to the entire system compared to models that output
decisions only. This is because the causal relationship between explanations and driving decisions
can be easily stored as simple rules (for example, perceiving a yellow light on the traffic signal
should result in a slow down or stop decision). If the model fails to predict the consistent decisions
with explanations, warnings could be sent immediately to the human operator for the requisite
intervention. As a result, this extra setting can help enhance the model interpretability, boost
confidence in the model, and eventually incentivize AV system manufacturers to adopt the model.

CENTER FOR CONNECTED
AND AUTOMATED 43
(N TRANSPORTATION



7.3 Imitation of human vision using image attention

In recent years, despite the fact that DL models have shown great promise in image processing,
human vision remains an incontrovertible benchmark. This is because the human eye possesses a
multi-resolution structure, namely, peripheral, and foveal vision (Xia et al., 2020), and a proper
“attention” mechanism to reach a balance in efficiency and recognition accuracy. Peripheral vision
is blurry (low resolution) but requires only a brief time for processing and has a larger field of
vision. Foveal vision, on the other hand, is clear (high resolution) but requires longer processing
time and only has a limited vision field. The combination of these two structures guarantees the
efficiency because it enables the human to “attend” only to the salient and important regions with
foveal vision while the overall information of the scene can be necessarily understood with only
peripheral vision. In AV perception, this is also important because the computation cost needs to
be minimized as much as possible so that perception and decisions can take place with minimal
delay.

In efforts to imitate human vision, visual attention has gradually evolved into a research
area of great interest to AV researchers. Recently, a state-of-the-art paper on end-to-end AV
systems proposed an object-induced attention mechanism to generate driving decisions with
“salient” objects in the scene (Xu et al., 2020). More recently, it has been demonstrated
theoretically that a self-attention-based model named Transformer (Zhao et al., 2020) exhibits
similar characteristics and performance as the convolutional neural network (CNN) and is also
capable of capturing long-range correlations within an image. This is the key inspiration and
motivation for the present study. In subsequent sections of this report, we demonstrate the efficacy
of the Transformer based model in generating driving actions and explanations for autonomous
driving systems.
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CHAPTER 8. METHODS
8.1 Prelude

The proposed model, as well as all the baseline models introduced in the experiment settings
section share the same structure containing three blocks, namely, Feature Extractor, Attention
Module and Decision/Reason Generation (Figure 11). As its name suggests, the feature extractor
is used to generate the low-level feature embeddings from the raw image, which contains image
preprocessing (i.e., normalization, reshape) and a pretrained backbone CNN model. On top of
Feature Extractor, Attention block solves the problem of information fusion and feature selection.
For the proposed model, the attention is achieved by correlating the features from each spatial
location using “self-attention” mechanism to compute the attention weights and using these
attention weights to either “amplify” or “filter out” the features. The final block takes in the
attended feature map and conducts two separate multi-class classification tasks for generating both
driving decisions and corresponding explanations. The entire model integrates the three blocks and
is trained end-to-end with the aggregated loss function for both predictions. The rest of this section
of the report explains each block in detail.

) ( N ( .
( Feature Extractor Attention Decision/Reason Generator]
- Image preprocessing - Information fusion across - .
(i.e., normalizing, reshape) low level features - Generate driving decisions &
- Low level feature generating - Accentuate "useful” features correspontdlrg refaso?s
(local or global features) y kWhile filter out the "redundancy") \-Aggrega € 10ss unction

Figure 11. Architecture of the proposed model
8.2 Feature Extractor

The proposed model uses the Feature Extractor block as the global feature extractor to acquire
overall features of the image instead of specifically focusing on object-containing regions. To this
end, as shown in Figure 12, the module first preprocesses the image (resize and normalization)
and then computes the visual features using pre-trained Convolutional Neural Network (CNN)
models. In this work, we experimented with two classic backbone CNN models, namely, Resnet50
(He et al., 2016) or Mobilenet_v2 (Sandler et al., 2018). The evaluation and selection of these two
models was based on the tradeoff between computation cost and accuracy. Mobilnet v2 is
designed to run on mobile devices, which has much higher computational speed due to its use of
a smaller number of parameters, while the Resnet model are much deeper in structure and is
believed to represent the state of the art in image feature generation. In addition, since the target
for this project is to examine the performance of the upper stream architecture (attention module)
and the feature importance, the pretrained Feature Extractor module is frozen in both training and
testing time.
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Figure 12. Global feature extractor
8.3 Transformer

The feature map obtained from the Feature Extractor contains the information of the entire
image, which is then fed to the Transformer to perform “global soft attention” (Figure 13).
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Figure 13. Self-attention (SA) layer (single head)

More specifically, the output from the previous block is a 3D tensor of shape (h X w X f)
where f is the feature dimension of each spatial location. The variables h and w represent the
height and width, respectively, of the feature map. Then, the two spatial dimensions (h and w) are
flattened, and the output 2D feature map X € RS>/ is treated as a sequence of input with a
sequence length of s = h X w.

The basic building block of the Transformer model is referred to as the multi-head self-
attention (MHSA) layer. MHSA represents a parallel computation of self-attention (SA) which
measures the “similarity” between two inputs using their dot product. Initially, self-attention
establishes three representations: key, query, and value (K, Q, and V) with three distinct linear
layers: K = XWy, Q = XWg,andV = XTWy, with Wy, Wy, Wy as their respective weights,
K,Q € R*% and,V € RS*%),
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It is then possible to generate a matrix of the attention score (a) (which measures degree
of correlation between regions) by determining the dot product of the query and key, and then
softmax normalization as shown in Equation (1):

a = softmax (Q—KT) € RS*S 1)
Jdi

Where d is the dimension of K and Q. This attention mechanism enables the output
embedding for each spatial location contains not only the information of the spatial location itself
but also valuable information from other spatial locations. The attention scores serve as the fusion
weights for generating the attended feature maps. The output of the SA is the multiplication of the
value (V) and the attention score, and this completes the computation for single head (Equation
(2)). Then the MHSA layer is simply the parallel version of SA which simultaneously computes
multiple SA by concatenating all the heads (Equation (3)).

head = Attention(K,Q,V) = aV ?)
MHSA(X) = concat(head, , ..., heady) Wy, € RS*%out (3)

Where W,,,, € R%>*dout represent the weights for the final output linear layer which is
applied for fusing the results from multiple heads and h is the number of heads computed in
parallel. Compared to single head, using MHSA enables each head to simultaneously focus on
different tasks and can attend to regions with different ranges. This manipulation can enhance the
model’s flexibility and generalization power. The final output from the Transformer (MHSA layer)
maintains the same spatial dimension as the input feature map X. However, each spatial location
contains the “fused” information from this location itself and other regions based on the
automatically computed correlation. For demonstration purposes, we use a single MHSA layer in
this report.

8.4 Decision / Reason Generator

As shown in Figure 14, the Decision/Reason Generator block is a standard multitask classifier
containing two branches for generating driving decisions and explanations, respectively. It takes
the output feature map from MHSA block as input and performs two separate classifications.
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Figure 14. Process of the Decision/Reason Generator
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This is achieved using two independent neural networks: the action network and the
explanation network. The former has four output classes that represent each driving decisions
(going straight, stop/slow down, turn left, turn right) while the latter has twenty-one (21) output
classes for the corresponding explanations. Regarding the detailed architecture, we use the same
structure with fully connected (FC) layers for both the networks (Dense(128) + Dense(128) +
Dense(# of outputs)). Finally, the model is trained end-to-end, following the classic multitask
learning manner that aggregates the two losses (driving action loss L, and explanation loss Lg).
This setting requires the model to simultaneously learn to generate the decision and explanation,
thus the corresponding causal relationship between these two losses (Equations 4 and 5) can be
learned implicitly.

Ly = YfL(A,A); Lg = TP L(ELE) (4)

Where A is the weight parameter for tuning the tradeoff between the two losses. From the
experiment in Xu’s study (Xu et al., 2020), when A=1, the model yields the best performance in
terms of both action and explanation prediction. In the present study, we adopt this result from the
Xu study, and therefore, use a A = 1 value of 1, recognizing that the explanation and driving
decision should be equally weighted.

The “4” and “21” in Equation (4) refer to the total number of actions and explanations,
respectively, in the dataset, which is explained in detail subsequently in Chapter 11 (Experiment
Setting) of this report.

L(-,-) represents the binary cross entropy loss defined in Equation (6), where y and 9 represent
the true label and the model prediction, respectively:

Ly, 9) = —=3, yilog(p(@)) + A —y)log(1—p(3))  (6)
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CHAPTER 9. EXPERIMENTAL SETTINGS
9.1 Dataset

Figure 15 presents the structures for the baseline models. The study trained and evaluated the
models described above, using Xu et al. (2020)’s BDD Object Induced Actions (BDD-OIA)
dataset. The BDD-OIA dataset extended the original BDD-100K dataset (Yu, Chen, et al., 2020)
by labeling each frame individually with driving actions and explanations. The actions refer to
high-level feasible driving maneuvers that can be undertaken by the driver at any specific time
step: move forward, stop/slow down, turn left and turn right. The explanations are associated with
the actions and are summarized into twenty-one (21) classes. Figure 16 illustrates the example
image and labels. Table 3 presents the labels for actions and explanations. The model is developed
with a training set of 16,082 images, a validation set of 2,270 images, and a test set of 4,572 images.

Figure 15 presents the model components for the baseline models.
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(b) Regional feature extractor
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Figure 15. Structures for the baseline models
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Figure 16. Examples of ground-truth images and decisions from the BDD-OIA dataset (Xu

et al., 2020)

Table 3. Actions With Explanations in BDD-OIA

Actions

Explanations

Move forward

Traffic light is green
Follow traffic
Road is clear

Stop/Slow down

Traffic light is red
Traffic sign
Obstacle: car
Obstacle: person
Obstacle: rider
Obstacle: others

Turn left

No lane on the left
Obstacles on the left lane
Solid line on the left

On the left-turn lane
Traffic light allows
Front car turning left

Turn right

No lane on the right
Obstacles on the right lane
Solid line on the right

On the right-turn lane
Traffic light allows
Front car turning right
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9.2 Baseline Models and Setups

As mentioned in the introduction section of Part 2 of this report, two key technical motivations for
this study are to evaluate the relative importance between global and regional information and test
different attention mechanisms (hard vs. soft attention). Therefore, we compare our global soft
attention (GSA) model with several baseline models including regional hard-attention (RHA),
regional soft-attention (RSA), and global no-attention (GNA) model.

The RHA model is similar to the object-induced attention model proposed in a benchmark
study (Xu et al., 2020) albeit with the local branch only (we did not reimplement the model
in the benchmark study but compared its results with ours in the result section). This model
utilizes Faster RCNN with Feature Pyramid Network (FPN) as feature extractor as shown
in Figure 15 (b), followed by a Regional Hard Attention module which utilizes a fully
connected (FC) layer to compute a score for each region proposal and select only top-k
objects (based on the scores) for generating actions (as shown in Figure 15 (d)). In this
research, we trained 2 models with k =5 and k = 10. We keep the local branch only to test
the importance of regional information for the overall driving decision and explanation
generation.

The RSA model uses the same soft attention mechanism (Transformer) as the proposed
GSA model (Multihead Self Attention block in Figure 15 (c)), but the attention is
conducted over the region proposals instead of the global features. It uses the same
FasterRCNN (FPN) as (Xu et al., 2020) to generate the regional features (acquired from
Figure 15 (b)). This model serves to compare the performance between soft attention and
hard attention. In addition, we trained two RSA models with 5 and 8 heads.

The GNA model serves as an ablation study to our GSA model. It uses the same global
features (generated from Resnet/Mobilenet backbone with Figure 15 (a) structure) as
GSA. However, a vanilla fully-connected network (FCN) having parameters similar to
those of the MHSA block replaces the Transformer structure (MHSA) block.
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CHAPTER 10. RESULTS

10.1 Introduction

The training is conducted on one NVIDIA Quadro RTX-6000 GPU, which has 24G RAM. All the
models are trained using batch size b = 10, the stochastic gradient descent (SGD) method with an
initial learning rate « = 0.001, and a learning rate decay of 10~*. All the models are trained for
40 epochs (64,080 batches). Figure 17 presents the corresponding training curves (training loss
vs. number of steps) for our proposed GSA model and all the baselines mentioned above. From
the training curve, it can be observed clearly that the two proposed GSA models converge much
faster and can achieve much lower training loss compared to the baselines.
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Figure 17. Training curve for all 7 models (the proposed GSA and the baselines)

10.2 Quantitative Evaluation

We performed the same prediction task (actions and explanations prediction) as the benchmark
model presented in previous research (Xu et al., 2020), and we evaluated the proposed model using
evaluation metrics similar to those in recent literature. For both decision and explanations, two
versions of the F-1 score were used: the overall F1 score, F1,;,; , (the F1 score calculated over all
the predictions), and the mean in-class F1 score, mF1, a metric typically used where the data are
unbalanced.

A model with a high F1 score indicates that the model has higher recall and higher precision.
Equation (7) presents the calculation of the F1,;; score:
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1 —~
Fla = o8 F1(A, 4) ()

Where A; = true label (representing an explanation or action), [A| = total number of predictions,

A, = predicted value.

In the dataset, there exist a greater number of instances associated with the “going-straight”
action compared to the “turn-left” action; in other words, the dataset is unbalanced. For this reason,
Equation (8) was used to calculate the F1 score for each predicted class, and the mF1 value was
calculated as the mean of all the F-1 scores:

—

mF1 =< %5, XL, F1(4, A)) (8)

l

C is the number of predicted classes (4 for actions, 21 for explanations), n is the total number of
points in the test dataset. The detailed performance in terms of actions and explanations prediction
are listed in Table 4.

Table 4. Model Performance & Complexity of Proposed Model* and the Baselines

# of Training
Attention Model Decision  Decision  Explanation Explanation trainable time
mechanism mF1 F1,, mF1 F1,, parameters (40
epochs)
Xu et al., -
2020) 0.718 0.734 0.208 0.422 -
RHA (5 obj) 0.572 0.494 0.482 0.047 11.04M 22?2{[1
Regional 10h
Attention RHA (10 obj) 0.565 0.495 0.499 0.123 21.53M 30mi’n
RSA (5 0.595 0.476 0.506 0.127 21.22M 10h_’
heads) 32min
RSA (8 0.608 0.542 0.554 0.330 20.75M 10h_’
heads) 42min
Globalno -\ A resnet) 0706 0.660 0.561 0.352 26.10M 3h,
attention 10min
*Global GSA (resnet) 0.750 0.729 0.644 0.525 24.08M 153:1,in
soft GSA 2h
attention . 0.746 0.718 0.642 0.531 2.61M "
(mobilenet) 53min

From Table 4, the following conclusions can be made:

1) The proposed global soft attention (GSA) models outperform all the baselines by a significant
margin, particularly regarding explanation prediction.

2) Global features are more useful compared to regional features, even where the vanilla model
(GNA) is used without any special attention mechanism.
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3) Soft attention is superior to hard attention even in cases where only regional information is
available.

4) With regard to the feature extractor, using Mobilenet v2 has comparable predictive
performance compared to Resnet50 but saves a significant amount of training time.

5) Increasing the number of heads can enhance the performance of soft attention models.

6) The superiority of the model is: GSA > GNA > RSA > RNA. This also matches the training
loss curve (Figure 17) in terms of the final loss and convergence rate.

Apart from the prediction performance, another important aspect of evaluating the model
is the computation complexity. We document the number of trainable parameters and the total
training time for 40 epochs on the training dataset in the final 2 columns of Table 4. Compared to
the regional models (RHA and RSA) which takes more than 10 hours of training, the global models
(GNA, GSA) require only 1/3 of computation resources. The combined results from both loss
curve (Figure 17), the performance and computational cost in Table 4 indicate that even with
fewer parameters and much shorter training time, the proposed GSA model achieves lower training
loss and yields higher performance. This indicates that global attention superior to regional
attention in predicting driving related actions and explanations.

10.3 Qualitative Evaluation

Figure 18 presents the examples of the predictions (generated from GSA-Mobilenet) on the test
set. Regarding the action prediction, “G” stands for ground truth and “P” for model prediction.
Regarding explanations, green color indicates true positive, yellow indicates false positive, and
red indicates false negative. The predictions are made for eight images chosen randomly from the
test dataset. By inspecting the scenarios and the predictions, the model predictions can correctly
predict the driving decisions with high accuracy while generating the corresponding explanations.
The generated explanations match the decisions and driving scenarios in most cases. It is worth
noting that from the first image, the model predicts an extra explanation indicating the traffic light
is red. Even though this is not included in the label, by inspecting the image, we can see the model
is in fact making the correct prediction as it does exist the red traffic light in the right of the image.
We also notice that there exists some inconsistency in the labels of the dataset, for example, the
third image labels the vehicle with turn right decision even if it has the explanation indicating the
vehicle is on the left turning lane. The model does not predict this explanation because it does not
match the correct causal relationship. Furthermore, by inspecting more examples, we notice this
inconsistency does not impair the performance of the model and does not impact the comparative
analysis between the proposed model with all other baselines.
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Figure 18. Example predictions. (Regarding action prediction, “G” stands for ground truth
and “P” for model prediction. Regarding explanations, green color indicates true positive,
yellow indicates false positive, and red indicates false negative)

10.4 Discussion

10.4.1 Attention mechanism: Soft > Hard

The soft attention (Transformer in this work) is superior to the hard attention (score-based
selection) because the former can fuse individual pieces of information in the image based on
their individual contributions to the ultimate driving goal (maneuver) rather than simply picking
the more important regions. The latter inevitably creates a “bottleneck” to the information flow
path and therefore leads to non-consideration of some information that could be useful to the
driving actions. Furthermore, because the regional hard attention “crops” the regions, the
correlation between the objects as well as the “relativity” among the image are eliminated. For
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example, after “selection” operation (Figure 6 (d) in (Xu et al., 2020)), obstacles located farther
away could have the same representation of the obstacles located close by, then the model cannot
know which one is closer. This will increase the ambiguity to the downstream
decision/explanation generation block. On the other hand, soft attention can learn the correlation
and compute a “soft” fusion of all the features using the attention map.

10.4.2 Feature importance: Global > Local

The global features are superior to regional features due to the inherent nature of driving decisions.
For generating high-level actions (for example, move forward, stop/slow), the acquisition of an
overall characterization of the roadway scene is more essential compared to the recognition of
every single object and computation of their bounding boxes. Therefore, even the GNA baseline
can yield superior performance compared to regional attention models built on top of object
detection models. In addition, despite the GSA models are not equipped specifically with object
detection block in the architecture, the explanations predicted still contains the information of local
regions. For example (Figure 18, column 1), the model can still identify the red traffic lights,
persons, and vehicles obstacles even if these objects occupy only a small proportion of the image.
Therefore, based on our experiment results, it is still safe to conclude the global attention
(Transformer) mechanism will not neglect the local regions.

10.4.3 Transformer is useful in feature fusion

The Transformer based models (the two GSAS) outperform the GNA because their MHSA
structure can capture long-range correlations within an image. Compared to classic CNN based
methods which can capture only the local region correlations due to the fixed size of convolution
kernels in each layer, the Transformer-based models enable information fusion over the entire
image. This long-range correlation is typically crucial for driving decisions because there exists a
“relativity” correlation within the image. For example, “left” is relative to the “right;” therefore,
to generate the decision of “turn left,” the model needs to understand which part of the image
depicts the “left region.” Since the cameras are not always facing the same direction as the
movement direction of the vehicle, the ratio of “left region” to the entire image keeps changing.
Therefore, the model must understand “left” and “right” relatively from the scene context, which
can only be achieved with Transformer based model by simultaneously attending to multiple
regions. This entire mechanism is analogous to the peripheral vision of the human eye as human
drivers generating driving actions (quickly looking at multiple regions and then making driving
decisions instantaneously without clearly seeing each individual object in the region) (Wolfe et al.,
2017) (Rosenholtz, 2016).

10.4.4 Causal relationship is correctly learned

One of the most salient problems for the existing end-to-end DLCV based autonomous driving
system is that whether the model has truly “understood” the driving scenario remains uncovered
to human even if the prediction of driving decisions is correct. In our settings, we “force” the
model to explicitly understand the driving environment by injecting a second loss function
(through joint prediction of explanation) as these explanations are the human understandable
descriptions to the driving scenario. From Figure 18, it is clearly shown that the model can
correctly identify most of the explanations associated with the driving decisions. This indicates
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that the model can capture the correct causal relationship between the driving decisions and the
driving environment, and this capability is useful to enhance the user trust in the automated system.

10.4.5 Potential to identify the limitations of the existing model

From the last two columns in Figure 18, it can be inferred that a weakness of the model is its
inability to predict the explanations pertaining to the lane location of the vehicle (the model fails
to identify the vehicle is on the left-turning lane in both cases). This problem may be due to the
lack of training data associated with this explanation since the original BDD-OIA dataset is
unbalanced with very few examples indicating that the vehicle should make a turn since it is on
the corresponding lane. This can be mitigated by further enriching the dataset by collecting data
instances regarding these sparse cases and incrementally training the existing model. Therefore,
the proposed model can potentially identify not only its limitations but also the direction of its
improvement in a human-understandable manner. This property does not exist in most other DL
models in the existing literature.
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CHAPTER 11. CONCLUDING REMARKS
11.1 Part | of the Study

11.1.1 Summary and Conclusions

User trust has been identified as a critical issue that is pivotal to the success of autonomous vehicle
(AV) operations where artificial intelligence (Al) is widely adopted. For such integrated Al-based
driving systems, one promising way of building user trust is through the concept of explainable
artificial intelligence (XAI) which requires the Al system to provide the user with the explanations
behind each decision it makes. Motivated by both the need to enhance user trust and the promise
of novel XAl technology in addressing such need, this study seeks to enhance trustworthiness in
autonomous driving systems through the development of explainable Deep Learning (DL) models.
First, the study casts the decision-making process of the AV system not as a classification task
(which is the traditional process) but rather as an image-based language generation (image
captioning) task. As such, the proposed approach makes driving decisions by first generating
textual descriptions of the driving scenarios, which serve as explanations that humans can
understand. To this end, a novel multi-modal DL architecture is proposed to jointly model the
correlation between an image (driving scenario) and language (descriptions). It adopts a fully
Transformer-based structure and therefore has the potential to perform global attention and imitate
effectively, the learning processes of human drivers. The results suggest that the proposed model
can and does generate legal and meaningful sentences to describe a given driving scenario, and
subsequently to correctly generate appropriate driving decisions in autonomous vehicles (AVs). It
is also observed that the proposed model significantly outperforms multiple baseline models in
terms of generating both explanations and driving actions. From the end user’s perspective, the
proposed model can be beneficial in enhancing user trust because it provides the rationale behind
an AV’s actions. From the AV developer’s perspective, the explanations from this explainable
system could serve as a “debugging” tool to detect potential weaknesses in the existing system and
identify specific directions for improvement.

Summing up, the study developed and tested an explainable DL model to mitigate the low
interpretability problem associated with deep neural networks. The test results indicate superior
performance of the proposed model against all the baselines in terms of both reason generation
and action predictions. Also, the qualitative evaluation indicates that the proposed model can
exploit all the potential reasons and thus have a holistic understanding of the driving scenes. In
addition, the attention maps can further enhance the model explainability by associating each word
in the reason sentence with the image regions, which enables the developers of AV systems to
identify the potential drawbacks and future direction of improvement of the existing system.

The study contributions to existing literature are (i) Formulation of the traditional end-to-
end autonomous driving decision process as an image-captioning task with language-induced
visual attention to guarantee the explainability in DL models, (b) Development of a fully
Transformer based model to generate verbal descriptions and driving actions for autonomous
driving, (c ) Demonstration of the efficacy of the proposed model and ascertaining that it possesses
superior performance over multiple baseline models in terms of explanation and driving action
predictions.
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11.1.2 Study Limitations and Suggestions for Future Research
Moving forward, one potential intermediate step is to embark on the task of relabeling and
rebalancing the dataset, expanding it to encompass a wider range of actions and their
corresponding scenario descriptions. In pursuing this direction, one could lay a robust foundation
for a comprehensive evaluation of the effectiveness of models similar to that developed in this
study. Moreover, it will facilitate the exploration of potential future extensions and advancements
of the model. Another potential improvement of the proposed approach is to consider the “temporal”
information and generate explanations as well as decisions by fusing multiple frames of historical
driving scenes. This is analogous to video captioning. By leveraging the temporal information, the
ego vehicle could be made to have the capability of predicting the evolving nature of driving
scenarios. This could further enable the AV to generate “optimal” maneuvers such as proactive
decisions while considering the dynamic moving pattern of the surrounding environment.
Explainable models for autonomous driving systems are expected to have significant
applications during the deployment of AVs. Knowing the rationale behind an AV’s actions will be
consequential in situations that require thorough liability analysis. For example, in the event of a
collision between an AV and a human-driven vehicle, the liable parties can be easily identified,
and the cause of the collision (for example, human error, improper detection, etc.) could be
attributed more reliably. Finally, greater explainability of autonomous driving decisions can
enhance the reliability of AVs and in turn, improve public perception and user trust in AVS.

11.2 Part 11 of the Study

11.2.1 Summary and Conclusions

In Part 2 of this study, we propose a novel architecture to generate driving actions as well as
explanations based on images, to facilitate autonomous driving. The objective is to mitigate the
low interpretability nature of deep learning-based computer vision models and, to enhance user
trust of autonomous driving systems. The proposed architecture utilizes the Transformer model
(that is, the Multi-head Self Attention module) to imitate the peripheral vision of humans. The
results from the experiments demonstrate that the proposed model outperforms all the baseline
models in terms of prediction accuracy and training time.

In the process of addressing these broad objectives, the study evaluated the relative
importance of the global features and the local features as well as the appropriate visual attention
mechanism for feature engineering. The experiment results suggest that based on the BDD-OIA
dataset used in the study, (a) global features are more important than regional features, and (b) soft
attention (Transformer) is superior to hard attention (region selection). These results are consistent
with intuition: for the high-level driving decisions (go straight, slow down/stop, etc.) the peripheral
vision (emulated by the global attention) that can achieve long range correlation and can quickly
grasp the overall semantics in the driving environment is found to be more essential compared to
foveal vision which specifically focuses on a relatively small region. Therefore, in the development
of actual vision-based autonomous driving systems, it is recommended that the designers assign
higher priority to the overall information and create the appropriate attention mechanism to
enhance the global features.

In the application contexts of situational awareness and driver assistance, the proposed
model can perform as a driving alarm system for both human-driven vehicles and autonomous
vehicles because it is capable of quickly understanding/characterizing the environment and

CENTER FOR CONNECTED
AND AUTOMATED 61
(N TRANSPORTATION



identifying any infeasible driving actions. In addition, the extra explanation head of the proposed
model provides an extra channel for sanity checks to guarantee that the model learns the ideal
causal relationships. This provision is critical in the development of autonomous systems.

11.2.2 Study Limitations and Suggestions for Future Research

Moving forward to the future work, the proposed model can be further improved by incorporating
and fusing other sources (sensor types) such as LIDAR point clouds and information from vehicle-
to-vehicle (V2V) connectivity. In this context, the camera is a powerful sensor that can capture
several semantics in the driving environment but is vulnerable to occlusion, poor illumination,
reflection, and other environmental adversities. V2V connectivity can address these limitations, as
it provides more straightforward information on the speed, speed change rate, and location of
neighboring vehicles, and this information can be used directly in the ego vehicle’s motion
planning module without perception requirements. The fusion of information from multiple
sources imparts to the autonomous driving system, the virtues of information redundancy,
resilience to sensor misfunction, and an added layer of system reliability and occupant safety.
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CHAPTER 12. SYNOPSIS OF PERFORMANCE
INDICATORS

12.1 USDOT performance indicators |

Three (3) transportation-related courses were offered annually during the study period that was
taught by the PI: Smart Mobility, an optional undergraduate course; Civil Engineering Systems, a
mandatory undergraduate course; and an independent-study graduate course related to vehicle
automation that was inspired and directly associated with this CCAT research. One (1) graduate
student and one (1) post-doctoral researcher (subsequently designated a Visiting Assistant
Professor) participated in the research project during the study period. One (1) transportation-
related advanced degree program (a doctoral program) utilized the CCAT grant funds from this
research project, during the study period to support the graduate student.

12.2 USDOT performance indicators Il

Research Performance Indicators: 2 journal articles, and 4 conference presentations were produced
from this project. The research from this advanced research project was disseminated to over 120
people from industry, government, and academia, through the 4 conference presentations. These
include the TRB 102nd Annual Meeting in Washington, D.C., on January 2023; the 1% ICON
Student Research Conference, West Lafayette, IN, on February 2023; the 4™ ASCE International
Conference on Transportation and Development (ICTD) in Austin, TX, in June 2023; the 5%
Bridging Transportation Researchers (BTR5), online conference, in August 2023.

Other related research projects were funded by sources other than UTC and these were
designated as matching fund sources. At the time of writing, the researchers are still working on
developing a specific product (modern technologies), procedures/policies, and standards/design
practices based on the results of this research project.

Leadership Development Performance Indicators: This research project generated 3 academic
engagements and 2 industry engagements. The P1’s held positions in 2 national organizations that
address issues related to this research project.
Education and Workforce Development Performance Indicators: The methods, data and/or results
from this study were incorporated in the syllabus for the Fall 2022, Spring 2023, and Fall 2023
versions of the following courses at Purdue University: (a) CE 299: Smart Mobility, an optional
undergraduate-level course at Purdue’ B.S. civil engineering program, and (b) CE 398:
Introduction to Civil Engineering Systems, a mandatory undergraduate-level course at Purdue
University’s B.S. civil engineering program, (c)an independent study on high-speed vehicle
automation using a real-life autonomous racing vehicle. The students that took these courses are
graduating and will soon be entering the workforce. Therefore, the research helped enlarge the
pool of people trained to develop knowledge and utilize at least a part of the technologies
developed in this research, and to put them to use when they enter the workforce.
Collaboration Performance Indicators: There was collaboration with one other agency and at least
4 academic institutions, and these organizations provided matching funds.

The study outcomes, outputs, and impacts are described in Chapter 13.
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CHAPTER 13. STUDY OUTCOMES AND OUTPUTS

13.1 Outputs

13.1.1 Publications, conference papers, or presentations

(a) Journal Papers

1.Dong, J., Chen, S., & Labi, S. (2023). Why did the Al make that decision? Towards an
explainable artificial intelligence (XAI) for autonomous driving systems. Transportation
Research Part C: Emerging Technologies, Volume 156, November 2023, 104358,
https://www.sciencedirect.com/science/article/pii/S0968090X23003480

2.Dong, J., Chen, S., Miralinaghi, M., Chen, T., Labi, S. (2022). Development and testing
of an image transformer for explainable autonomous driving systems. Journal of
Intelligent and Connected Vehicles, 5(3), 235-249.
https://www.emerald.com/insight/content/doi/10.1108/JICV-06-2022-0021/full/pdf

(b) Presentations

1. Dong, J., Chen, S., Chen, T., Miralinaghi, M., Labi, S. (2023). End-to-end Transformer
for Explainable Autonomous Driving. TRB 102nd Annual Meeting. Washington, D.C.,
USA. January 2023.

2.Dong, J., Labi, S. (2023). End-to-end Transformer for Explainable Autonomous Driving.
The Inaugural ICON Student Research Conference, West Lafayette, IN, USA., February
2023.

3. Dong, J., Chen, S, Li, Y., Du, R., Labi, S. (2023). Explainable Autonomous Driving
System with End-to-end Attention Model. ASCE International Conference on
Transportation and Development (ICTD), Austin, TX, USA., June 2023.

4.Dong, J., Labi, S. (2023). End-to-end Transformer for Explainable Autonomous Driving.
Fifth Bridging Transportation Researchers (BTR5), online conference, August 2023.

13.2 Outcomes

The outcome of this research project is the prospective change that can be made to the
transportation system, or its regulatory, legislative, or policy framework, resulting from research
and development outputs. This is explained below:

Increased understanding and awareness of issues related to user trust in automation. The
development of automated systems must be accompanied by conscious efforts to build the
trust and confidence of the prospective users of automated vehicles. It is expected that this
issue will be legislated in the US in the near future. In Europe, explainable Al has been
institutionalized through published standards such as the European Union’s General Data
Protection Regulation (GDPR) which specifically stipulates that “right to explanation” is
required in the context of decisions made by complex systems, particularly where they are
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founded on black-box models. In efforts to achieve this goal in the US, it is useful (or even
indispensable) that the decisions made by the automated processes be accompanied by
explanations for such decisions. That way, the autonomous vehicle (AV) end users and
developers can be assured of the rationale behind the AV’s decisions and, if needed,
investigate such rationale. Such capability could help not only enhance the transparency
and accountability of the AVs’ decisions but also to evaluate the AV’s role in a critical
event ex ante (before the critical event such as a collision or near miss) or ex poste (after
the critical event has occurred).

13.3 Impacts

The demonstrated efficacy of using explainable Al to enhance the safety critical perception phase
of autonomous driving and thence, to promote CAV deployment is expected to impact user trust
in automated driving and incentivize prospective travelers and vehicle purchasers to patronize AVs.
The impacts of such an increase in AV market penetration, in turn, will cause reduced fatalities,
enhanced travel efficiency, and lower environmental adversities (specifically, GHG emissions, if
AVs will use electric propulsion). The students who took part in this research, and those who
benefited from the material incorporation into existing coursework at Purdue, will soon enter the
workforce where they will be motivated to, and able to help enhance the explainability of AV
decisions, build user trust in AV, on system. A list of specific impacts from this research project,
are as follows:

e Perception has been identified as the main cause underlying most autonomous vehicle
(AV) related accidents. As the key technology in perception, deep learning (DL) based
computer vision models are considered to be black boxes due to poor interpretability. These
have exacerbated user distrust and further forestalled their widespread deployment in
practical usage. The developed explainable DL models for autonomous driving (which
jointly predicts potential driving actions with corresponding explanations), are expected to
not only boost user trust in autonomy but also serve as a diagnostic approach to identify
any model deficiencies or limitations during the system development phase.

e The developed product is expected to impact situational awareness and driver assistance,
in the sense that it can serve as a driving alarm system for both human-driven vehicles and
autonomous vehicles. This is because the product is capable of quickly
understanding/characterizing the environment and identifying any infeasible driving
actions. In addition, the extra explanation head of the proposed model provides an extra
channel for sanity checks to guarantee that the model learns the ideal causal relationships.
Therefore, the product will be useful in the development of reliable autonomous systems.

e The development of an innovative XAl for CAV controls is expected to yield beneficial
impacts on the transportation system and society in general. These include enhanced user
trust in automation, higher rates of market acceptance of autonomous driving technologies,
and higher market penetration. Other prospective benefits related to enhanced user trust
include reduced crashes and travel efficiency (reduced travel time) which translate into
lower vehicle operating costs, higher economic productivity, and more free time for social
activities.

CENTER FOR CONNECTED
AND AUTOMATED 65
(N TRANSPORTATION



e The undergraduate student and graduate student that worked on this project will enter the
workforce in 2024 to help support the workforce that will implement modern technologies
such as those developed in this study.

e Parts of the research outcomes were incorporated in 2 undergraduate courses and 1
graduate level course at Purdue University in Fall 2022, Spring 2023, Fall 2023, and will
be continued in future versions of these courses. The students, who have begun entering
the workforce, benefitted from the key outcomes of this research through these academic
platforms. Therefore, the project has helped enlarge the pool of people trained to develop
knowledge and utilize the technologies developed in this research and are expected to put
them to use as and when they enter the workforce.
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APPENDIX

Published Related Work

Paper 1: Dong, J., Chen, S., & Labi, S. (2023). Why did the Al make that decision? Towards an
explainable artificial intelligence (XAI) for autonomous driving systems. Transportation
Research Part C: Emerging Technologies, Volume 156, November 2023, 104358,
https://www.sciencedirect.com/science/article/pii/S0968090X23003480

Abstract

User trust has been identified as a critical issue that is pivotal to the success of autonomous vehicle
(AV) operations where artificial intelligence (Al) is widely adopted. For such integrated Al-based
driving systems, one promising way of building user trust is through the concept of explainable
artificial intelligence (XAI) which requires the Al system to provide the user with the explanations
behind each decision it makes. Motivated by both the need to enhance user trust and the promise
of novel XAl technology in addressing such need, this paper seeks to enhance trustworthiness in
autonomous driving systems through the development of explainable Deep Learning (DL) models.
First, the paper casts the decision-making process of the AV system not as a classification task
(which is the traditional process) but rather as an image-based language generation (image
captioning) task. As such, the proposed approach makes driving decisions by first generating
textual descriptions of the driving scenarios, which serve as explanations that humans can
understand. To this end, a novel multi-modal DL architecture is proposed to jointly model the
correlation between an image (driving scenario) and language (descriptions). It adopts a fully
Transformer-based structure and therefore has the potential to perform global attention and imitate
effectively, the learning processes of human drivers. The results suggest that the proposed model
can and does generate legal and meaningful sentences to describe a given driving scenario, and
subsequently to correctly generate appropriate driving decisions in autonomous vehicles (AVS). It
is also observed that the proposed model significantly outperforms multiple baseline models in
terms of generating both explanations and driving actions. From the end user’s perspective, the
proposed model can be beneficial in enhancing user trust because it provides the rationale behind
an AV’s actions. From the AV developer’s perspective, the explanations from this explainable
system could serve as a “debugging” tool to detect potential weaknesses in the existing system and
identify specific directions for improvement.
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Paper 2: Dong, J., Chen, S., Miralinaghi, M., Chen, T., Labi, S. (2022). Development and
testing of an image transformer for explainable autonomous driving systems. Journal of
Intelligent and Connected Vehicles, 5(3), 235-249.
https://www.emerald.com/insight/content/doi/10.1108/JICV-06-2022-0021/full/pdf

Abstract

Purpose. Perception has been identified as the main cause underlying most autonomous vehicle
(AV) related accidents. As the key technology in perception, deep learning (DL) based computer
vision models are considered to be black boxes due to poor interpretability. These have
exacerbated user distrust and further forestalled their widespread deployment in practical usage.
This paper aims to develop explainable DL models for autonomous driving by jointly predicting
potential driving actions with corresponding explanations. The explainable DL models can not
only boost user trust in autonomy but also serve as a diagnostic approach to identify any model
deficiencies or limitations during the system development phase.

Design/methodology/approach. This paper proposes an explainable end-to-end autonomous
driving system based on “Transformer,” a state-of-the-art (SOTA) self-attention-based model. The
model maps visual features from images collected by onboard cameras to guide potential driving
actions with corresponding explanations and aims to achieve soft attention over the image’s global
features.

Findings. The results demonstrate the efficacy of our proposed model as it exhibits superior
performance (in terms of correct prediction of actions and explanations) compared to the
benchmark model by a significant margin with much lower computational cost on a public dataset
(BDD-OIA). From the ablation studies, the proposed self-attention module also outperforms other
attention mechanisms in feature fusion and can generate meaningful representations for
downstream prediction.

Originality/value. In the contexts of situational awareness and driver assistance, the proposed
model can perform as a driving alarm system for both human-driven vehicles and autonomous
vehicles because it is capable of quickly understanding/characterizing the environment and
identifying any infeasible driving actions. In addition, the extra explanation head of the proposed
model provides an extra channel for sanity checks to guarantee that the model learns the ideal
causal relationships. This provision is critical in the development of autonomous systems.

CENTER FOR CONNECTED
AND AUTOMATED 7 8
(N TRANSPORTATION


https://www.emerald.com/insight/content/doi/10.1108/JICV-06-2022-0021/full/pdf

	Structure Bookmarks
	Artifact





Accessibility Report





		Filename: 

		Promoting CAV Deployment by Enhancing the Perception_292311_REM.pdf









		Report created by: 

		Nellie Kamau, Catalog Librarian, Nellie.kamau.ctr@dot.gov



		Organization: 

		DOT, NTL







 [Personal and organization information from the Preferences > Identity dialog.]



Summary



The checker found problems which may prevent the document from being fully accessible.





		Needs manual check: 0



		Passed manually: 2



		Failed manually: 0



		Skipped: 1



		Passed: 25



		Failed: 4







Detailed Report





		Document





		Rule Name		Status		Description



		Accessibility permission flag		Passed		Accessibility permission flag must be set



		Image-only PDF		Passed		Document is not image-only PDF



		Tagged PDF		Passed		Document is tagged PDF



		Logical Reading Order		Passed manually		Document structure provides a logical reading order



		Primary language		Passed		Text language is specified



		Title		Passed		Document title is showing in title bar



		Bookmarks		Passed		Bookmarks are present in large documents



		Color contrast		Passed manually		Document has appropriate color contrast



		Page Content





		Rule Name		Status		Description



		Tagged content		Passed		All page content is tagged



		Tagged annotations		Passed		All annotations are tagged



		Tab order		Passed		Tab order is consistent with structure order



		Character encoding		Skipped		Reliable character encoding is provided



		Tagged multimedia		Passed		All multimedia objects are tagged



		Screen flicker		Passed		Page will not cause screen flicker



		Scripts		Passed		No inaccessible scripts



		Timed responses		Passed		Page does not require timed responses



		Navigation links		Passed		Navigation links are not repetitive



		Forms





		Rule Name		Status		Description



		Tagged form fields		Passed		All form fields are tagged



		Field descriptions		Passed		All form fields have description



		Alternate Text





		Rule Name		Status		Description



		Figures alternate text		Failed		Figures require alternate text



		Nested alternate text		Passed		Alternate text that will never be read



		Associated with content		Passed		Alternate text must be associated with some content



		Hides annotation		Passed		Alternate text should not hide annotation



		Other elements alternate text		Passed		Other elements that require alternate text



		Tables





		Rule Name		Status		Description



		Rows		Passed		TR must be a child of Table, THead, TBody, or TFoot



		TH and TD		Passed		TH and TD must be children of TR



		Headers		Failed		Tables should have headers



		Regularity		Passed		Tables must contain the same number of columns in each row and rows in each column



		Summary		Failed		Tables must have a summary



		Lists





		Rule Name		Status		Description



		List items		Passed		LI must be a child of L



		Lbl and LBody		Passed		Lbl and LBody must be children of LI



		Headings





		Rule Name		Status		Description



		Appropriate nesting		Failed		Appropriate nesting










Back to Top



