
Learning Driver Gaze
by

Anying Li

Submitted to the Department of Electrical Engineering and Computer
Science

in partial fulfillment of the requirements for the degree of

Master of Engineering in Electrical Engineering and Computer Science

at the

MASSACHUSETTS INSTITUTE OF TECHNOLOGY

September 2017

c○ Massachusetts Institute of Technology 2017. All rights reserved.

Author . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Department of Electrical Engineering and Computer Science

August 18, 2017

Certified by . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Wojciech Matusik

Associate Professor of Electrical Engineering and Computer Science
Thesis Supervisor

Certified by . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Antonio Torralba

Professor of Electrical Engineering and Computer Science
Thesis Supervisor

Accepted by. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Christopher J. Terman

Chairman, Masters of Engineering Thesis Committee



2



Learning Driver Gaze

by

Anying Li

Submitted to the Department of Electrical Engineering and Computer Science
on August 18, 2017, in partial fulfillment of the

requirements for the degree of
Master of Engineering in Electrical Engineering and Computer Science

Abstract
Driving is a singularly complex task that humans manage to perform successfully day in
and day out, guided only by what their eyes can see. Given how prevalent, complex, and
not to mention dangerous driving is, it’s surprising that we don’t really understand how
drivers actually use vision to drive. The release of a large scale driving dataset with eye
tracking data, DrEyeVe [1], makes analyzing the role of vision feasible. In this thesis, we
1) study the impact of various external features on driver attention, and 2) present a two-
path deep-learning model that exploits both static and dynamic information for modeling
driver gaze. Our model shows promising results against state-of-the-art saliency models,
especially on sequences when the driver is not just looking straight ahead on the road. This
model enables us to estimate important regions that the driver should be aware of, and
potentially allows an automatic driving assistant to alert drivers of hazards on the road they
haven’t seen yet.
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Chapter 1

Introduction

Every day, millions of us load ourselves up into two ton steel boxes, steering ourselves

across networks of pavement at speeds upwards of 65mph (with others doing the same) so

we can get where we need to go. We manage to accomplish this seemingly daunting task

successfully and with apparent ease time and time again, guided only by what our eyes can

see. The amount of visual information we must process while driving is quite remarkable

– we must track other vehicles, look out for road signs, steer between the lanes, remain

vigilant for pedestrians, and many other tasks, all virtually in parallel. Of course, when we

don’t perform these tasks well, the consequences can be catastrophic; 35,000 people died

in car crashes in 2015 in the US alone [15].

For how ubiquitous, complicated, and dangerous driving is, we don’t actually have

much generalized knowledge about how drivers use vision. Most of the research up until

now on visual attention while driving has been very task-specific, performed on simulated

data, or only focused on high level comparisons between different groups of drivers (see

section 2.3 for a more in-depth discussion). Even less has been done to build a truly gener-

alized model of driver attention – i.e. a model that predicts where the driver is most likely

looking (also known as salient regions) given what the driver is currently seeing. While

saliency models have been cropping up in many other contexts [26, 27, 29, 46], no such

models have emerged for driving saliency (with the exception of [36], a work completed

contemporaneously with ours).

Building a good model for driver saliency has many wide-reaching implications. For
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one, it could revolutionize how advanced driver-assistance systems (ADAS) monitor for

risks on the road. Currently, most ADAS rely on monitoring hard-coded cues such as an

object being too close to the vehicle or when the driver has spent too much time looking

away from the road, and warns the user should any of those cues occur. Now, with a model

of what is salient to drivers in any given scene, an ADAS can warn the driver if an object it

deems important is not yet salient. This implies that it can selectively warn drivers of only

hazards they will most likely miss. An ADAS can also combine that information with an

estimate of where driver is currently looking (using head position as in [16]) to determine

whether the driver has seen an important area. This has the potential to be a much better

tracker of driver inattention (which the CDC labels as the leading cause of car accidents)

than monitoring physical cues.

The narrowing down of an entire scene to only a few salient regions could also improve

the performance of autonomous vehicles. As of today, autonomous vehicles are equipped

with a huge range of sensors – cameras facing every direction, LIDAR, GPS, etc. – in order

to perform a task humans can do using only vision. They must process all of this data before

making any driving decisions. Perhaps knowledge of salient areas in the environment could

help reduce the amount of information the vehicles must process or allow them to process

visual information more like a human. This reduction of data size is also useful outside of

the autonomous vehicle case: other applications include using knowledge of salient regions

in an image for better compression, or to reduce the memory footprint when running large

neural networks [35].

Given the consequences of the topic, we hypothesize that the fact that driver attention

has not been studied in much depth is due in part to a lack of real world driving datasets

that include gaze information. However, with the release of DrEyeVe [1] in 2016, a large

scale dataset with eye-tracking data, analysis and modeling of driver gaze across a wide

variety of driving scenarios suddenly became much more feasible. We take advantage of

the DrEyeVe dataset to further understand how drivers use vision.

In this thesis, we present the following contributions:

∙ A quantitative study of how various external factors – specifically speed, driving

maneuver, and objects in the environment – affects driver gaze.

16



∙ A novel multi-branch neural-network based model for driving saliency evaluated

against various saliency models.

∙ A more in-depth assessment of what the network has learned by analyzing how it

performs in different driving environments and exploring what each branch of the

network specifically has learned.

We now turn to a more detailed outline of the thesis. in chapter 2, we introduce related

works concerning visual attention during driving. Then, in chapter 3, we study the relation-

ship between certain external factors and driver gaze. We wish to establish some general

rules about how gaze patterns change under different driving scenarios. To this end, we

analyze some basic features of driving scenarios such as vehicle speed, driving maneuver,

and objects in the environment, and quantitatively assess their impact on driver attention.

In chapters 4 and 5, we discuss the model we trained for driving saliency prediction.

We propose a two branch deep learning model that utilizes both spatial and temporal infor-

mation for prediction in chapter 4. In chapter 5, we evaluate the performance of our model

against various saliency baselines, and also analyze its performance under different driving

scenarios. We show that our model has promising performance, especially in circumstances

when the driver is not just looking straight ahead. Finally, in chapter 6, we discuss future

work and conclude.
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Chapter 2

Related Work

2.1 Image Saliency

Image saliency is the study of where a person is most likely to be paying attention – i.e.

determining which areas are the most salient – in any given image. There are two main

flavors of saliency: free-viewing and task-driven. As the names suggest, the former refers

to areas of interest to a viewer when simply looking at the image (tracked in datasets like

MIT300 [9], CAT2000 [6], and SALICON [22]), while the latter refers to areas of interest

to a viewer who is attempting some objective (for example, a memory [8] or a search [46]

task).

Determining which areas of an image would be salient to drivers is certainly a (task-

driven) saliency problem, although an important caveat to note is that the DrEyeVe dataset

differs from other saliency datasets in a critical way. In traditional saliency datasets, a

saliency map for a given image is built using eye fixations from multiple viewers, whereas

DrEyeVe only uses fixations from one. This implies that each saliency map in the DrEyeVe

dataset is not an accurate representation of what an average driver would find salient in that

scenario, but rather only what one driver did. Obviously, this limitation of the dataset is

not really avoidable when capturing real world driving scenarios because it’s not feasible

to simulate the same environment for multiple drivers in the real world. We hope that even

with this limitation, given all the attention maps collected across all drivers, our saliency

model will be able to learn a defacto "average" saliency map for any given situation.
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Traditionally, saliency has been modeled by analyzing various features of the image

(see [5] for an overview). For example, in bottom-up approaches ([20, 51], etc.), salient

regions are identified by analyzing color, contrast, intensity, discontinuities and other low-

level image properties. Conversely, top-down modelling approaches ([23, 49], etc.) re-

volve around the idea that humans focus on salient objects. As a result, many use objects

detectors for faces, text, and other salient objects, or use image segmentation and super-

pixel methods during preprocessing. Saliency models built for task-driven saliency tend

to incorporate more top-down features in order to encode salient objects to the task. For

example, Torralba et al. [46] show that saliency prediction for viewers performing a search

task (e.g. answering questions such as "where is the pedestrian in this image?") can be im-

proved significantly by incorporating top-down features such as global scene context (e.g.

the location of sidewalks, roads, etc.) over simply using traditional bottom-up approaches.

In the past few years though, neural networks have gained enormous traction in the

computer vision community, including in saliency modeling. In fact, 14 of the top 15 sub-

missions on the MIT300 benchmark use some form of deep learning. Many of these mod-

els including DeepGaze [27], DeepFix [26], and SALICON [19] use networks (or features

learned from them) with good performance on the popular ILSVRC [42] image classifica-

tion challenge. Others such as SAM [12] or DSCLRCN [30] use recurrent neural networks

(RNNs) in conjunction with purely convolutional neural networks (CNNs) for continuous

prediction refinement. Because saliency modeling is a "dense" prediction task – i.e. a label

is predicted for every pixel –, most of these models also employ some sort of "deconvo-

lution" strategy to recover dimensionality lost from pooling layers. This includes using

dilated convolutional networks [50], including simple deconvolutional layers (more aptly

described as "transposed" convolutional layers) [14], or more complicated schemes that

involve combining feature maps at different scales during the deconvolution to incorporate

information from finer scales, as in [31].

Aside from the performance gains, another pro of neural network-based approaches is

that they’re generally more versatile. Traditional models tend to be more inflexible because

most models rely on hard-coded computations on pre-chosen image features. This implies

that when the task changes or the dataset is updated, the model is frequently rendered
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invalid. Adapting a neural network-based model to a new saliency dataset (perhaps one

where viewers are completing a different task) can be as simple as retraining that model on

the new data.

2.2 Video Saliency

Video saliency is a natural offshoot of image saliency – it is simply the areas of interest to

a viewer when watching a video, either while free-viewing or when accomplishing some

task. While their problem statements are very similar, video saliency differs from image

saliency in a few important ways. First of all, the temporal aspect introduces motion into

the equation. Human vision is naturally drawn to motion, especially to unexpected motion

[39]. Secondly, each frame in a video is only viewed for a fraction of a second, while a still

image can be viewed over a longer period of time. This causes video saliency to generally

produce "tighter" saliency maps that are more focused on a single object [41].

Many of the initial video saliency methods simply added motion features (flicker and

motion) to traditional bottom-up features used in image saliency (color, intensity, orienta-

tion, etc.) to produce updated saliency maps for video [38, 32]. One particular approach

used two successive video frames as input into a two-branch model, one of which com-

putes a static saliency map from color and lumination, while the other computes a dynamic

saliency map from motion estimated features [33]. Our model uses a very similar architec-

ture, although we use neural networks (and therefore, learned filters), rather than custom

filters (described more in Chapter 4).

More sophisticated video saliency models add a level of temporal coherence on top of

incorporating new motion features. Temporal coherence implies that the saliency map for

a frame at time 𝑡+ 1 must be consistent with the saliency map at time 𝑡, and so on. Rudoy

et al. [41] enforce temporal coherence by explicitly conditioning the saliency map at 𝑡+ 1

on the saliency map at 𝑡. Wang et al. [48] took a different route and instead proposes a

spatiotemporal saliency energy function that makes it so that saliency values of different

foreground/background objects should not change dramatically per frame.

In contrast to image saliency, there have been very few video saliency models that use
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any deep learning components. The first of these we could find is [11], which trains a

neural network on optical flow features and individual frames. Chaabouni et al. actually

train a patch based saliency predictor, which is then assembled together to build a global

saliency map. Bazzani et al. [4] present a more sophisticated CNN-LSTM model; CNN-

LSTMs are an architecture where the outputs of a convolutional neural network (CNN) are

fed into a long-short term memory network (LSTM). Their model, which they call RMDN,

takes in 16 frames as input into a 3D-convolutional network, the results of which are used

as features in an LSTM, which are finally used as parameters in a Gaussian mixture model

that predicts the final saliency map. RMDN currently holds the state-of-the-art on a few

video saliency benchmarks.

2.3 Driver Attention

Most of the research up until now on visual attention while driving has been only focused

on high level comparisons between different groups of drivers or targeted to very specific

driving scenarios. In the former category, there are studies like [47] on how visual scanning

of the road changes between novice and advanced drivers, and [3] on how certain features

of driver attention change in older drivers and how that impacts crash rates. In the latter

category, there are studies on how gaze is affected by interactions with in-vehicle technolo-

gies (phone, GPS, music, etc.) [18], and also on where drivers look when steering on a

winding road [28].

To the best of our knowledge, the closest we get to more generalized research on driver

gaze can be found in [24] and [44]. In [44], Simon et al. build a simple model to identify the

saliency of road signs. While their method only addresses road signs, it can be expanded to

include other objects on the road. In [24], driver eye movements are analyzed when driving

in different environments (day, night, and rain), although they use data from a driving

simulator instead of the real world.

The one exception to this is the generalized saliency model released by Palazzi et al.

[36], which is also trained on the DrEyeVe [1] dataset. Their work was done concurrently

with ours, meaning there is some overlap in the methods we tried, especially on the data

22



analysis side. Palazzi et al.’s model features three main branches: one for RGB data, one

for precomputed optical flow maps, and one for precomputed segmentations, the results of

which are combined into a final saliency map. Each branch is fed with 16 frames of data

in a video clip, which is then passed through a 3D-convolutional network. The authors

use weight sharing and aggressive cropping to reduce overfitting. See Section 4.2 for more

details on our model architecture and how it compares to theirs.
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Chapter 3

Analysis of DrEyeVe Data

In this chapter, we explore how attention is affected by a variety of factors while driving.

We wish to quantitatively assess whether conventional knowledge about driving holds up

under data analysis, and to what extent. In particular, we will closely evaluate how speed,

driving maneuvers, and objects in the environment affects what a driver chooses to focus

on. To this end, we will analyze data from the DrEyeVe [1] dataset, the only sizable and

publicly available driving dataset which includes eye tracking data to our knowledge.

3.1 Dataset Details

We first lay out the data provided in the DrEyeVe dataset. Driving data is collected from

two sources: the SMI ETG 2w eye tracking glasses worn by the driver and a roof-mounted

Garmin VirbX camera (with built-in GPS, accelerometer, and gyroscope). The different

types of data gathered from these sources offered by DrEyeVe is itemized and described in

depth below. Fig. 3-1 also contains samples of the different types of data.

∙ Driver FOV: The driver FOV is captured in 720p at 30fps by the scene camera on the

eye tracker. This camera follows the driver through severe head pose changes because

the camera is mounted directly on the glasses worn by the driver. An example frame

captured by the ETG scene camera is shown in Fig. 3-1d.

∙ Fixations: The eye tracker predicts an (x, y) fixation point for each frame of the scene
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(a) RGB world camera (b) Saliency map (c) Saliency overlay

(d) ETG world camera (e) GPS coordinates

Figure 3-1: A sample of data from the DrEyeVe data set. All samples here are from record-
ing ’06’. See Section 3.1 for a more detailed description of the different data types.

camera.

∙ World view: The roof-mounted Garmin VirbX camera (heretofore referred to as the

RGB camera) captures a 120∘ world view in 1080p at 25fps. The FoV of the VirbX

camera is wide enough to include fixations from side glances, but not usually from

severe head pose changes (such as turning to check blind spots when changing lanes).

Fig. 3-1a shows an example frame from the RGB camera.

∙ Saliency maps: Saliency maps are constructed for each frame of the RGB camera.

In order to gather fixation points with respect to the RGB camera instead of the ETG

one, Alleto et al. [1] first learn a homography 𝐻 between the ETG frame and the

corresponding RGB frame. 𝐻 is then used to project the fixation point from the ETG

space to the RGB one. Each saliency map 𝐹𝑖 is then constructed by aggregating

the fixations from frames 𝑖 − 12, · · · , 𝑖, · · · , 𝑖 + 12 (a total of 25 frames) and then

smoothing with a spatio-temporal Gaussian (see more details in Section 4 of [1]). An

example saliency map is shown in Fig. 3-1b, and the overlay onto the corresponding

RGB frame in Fig. 3-1c.
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∙ GPS/speed/course data: Speed and heading are captured every frame (30fps), while

GPS is captured approximately every second.

The dataset is meant to be representative many different driving conditions. As such,

data is collected across a variety of different environments with different drivers. A few

key characteristics of the dataset are described below:

(a) Morning, Rainy, Highway (b) Night, Sunny, Downtown (c) Evening, Cloudy, Country

Figure 3-2: Video frames taken in a variety of different environments, covering all 9 envi-
ronments present in the dataset.

∙ Recordings: There are a total of 74 driving recordings, each 5 minutes long. Each

video is taken at 25fps for a total of 555,000 total frames per type of data.

∙ Driving conditions: Data is collected across varying weather conditions, road types,

and times of day. Each category is split into three subcategories: weather conditions

are divided into sunny, rainy, and cloudy; road types are split into highway, down-

town, and countryside; times of day are divided into morning, evening, and night.

Fig. 3-2 contains examples of images taken of each category.

∙ Drivers: A total of 8 drivers alternate driving. While 8 is still a relatively small

number, it does prevent the dataset from being biased towards one driver’s habits.

3.2 Average Gaze

To get a general sense of where drivers look when driving, we first compute a dataset wide

average of all the gaze maps. As shown in Figure 3-3, gaze while driving is very center-

biased, tending towards the vanishing point of the road. These findings are consistent with

the results from Land et al. in [28]; they discovered that drivers tend to look towards
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the "tangent point" on the inside of each curve while driving on curved roads, which is

equivalent to the vanishing point in the road.

(a) RGB (b) Saliency

(c) Overlay

Figure 3-3: Dataset-wide averages of all 555,000 RGB frames and saliency maps, and the
overlay of the two means. Average saliency is scaled to be between [0, 1]. The overlay
shows that the average saliency is very center-biased and tightly centered at the vanishing
point of the road.

This behavior also matches our expectations; in most circumstances, drivers will fo-

cus straight ahead on the road and rely on peripheral vision to detect any changes in the

environment. Research finds that central vision (what you see straight ahead in focus) is ac-

tually only about three degrees of visual field. Peripheral vision covers a much larger area

(about 50 degrees) and while objects are not as in focus, peripheral vision is very sensitive

to motion and changes in lighting. Looking straight ahead on the road is the best use of

those three degrees of central vision, as it allows drivers to be alerted of potential hazards

on the road as early as possible.
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3.3 Gaze and Speed

We now look into the relationship between speed and gaze. To do so, we adopt a strategy

very similar to the one used by Palazzi et al. in [36], although we both qualitatively and

quantitatively (with statistical tests) assess the results, only the former of which was done

in [36].

We begin by bucketing saliency maps into six intervals: when the car is travelling under

15 km/h, between 15 km/h and 30 km/h, and so on. We then calculate average saliency

maps for each speed bucket, the results of which are shown in Fig. 3-4. We also calculate

mean pixel locations and standard deviations (using the saliency map values as weights)

for the average saliency maps in each interval, which are listed in Tbl. 3.1. Note that all

values are calculated after scaling pixel locations to the range [0, 1]. The mean and standard

deviation are then plotted on the average saliency maps in 3-4, represented by a red circle

and a red line respectively.

(a) ≤ 15 km/h (b) 15 ≤ km/h ≤ 30 (c) 30 ≤ km/h ≤ 45

(d) 45 ≤ km/h ≤ 60 (e) 60 ≤ km/h ≤ 75 (f) ≥ 75 km/h

Figure 3-4: Average saliency when traveling at speeds within 6 different intervals. The
mean is shown as a red circle, and the standard deviation is represented by the red line.
From the figure, we can see that as speed increases, the saliency "ring" converges much
more tightly around the vanishing point in the road. Note that all averages are scaled to be
between [0, 1].

From Fig. 3-4, we can see that the gaze ring tightens considerably around the vanishing

point as speed increases. This phenomenon is corroborated by the statistics in Tbl. 3.1 -
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Interval x-mean y-mean std #
≤ 15 km/h 0.47 0.50 0.175 72,632

15 ≤ km/h ≤ 30 0.48 0.49 0.149 69,681
30 ≤ km/h ≤ 45 0.46 0.49 0.108 106,482
45 ≤ km/h ≤ 60 0.47 0.49 0.100 104,262
60 ≤ km/h ≤ 75 0.45 0.49 0.096 90,665

≥ 75 km/h 0.45 0.50 0.081 111,278

Table 3.1: Mean location and standard deviations for all saliency maps within each of the
speed intervals. All values are calculated from pixels normalized between the range [0, 1].
The means are fairly consistent between intervals, but the standard deviation drops sharply
as speed increases.

as speed increases, standard deviation sharply decreases. The difference in standard devia-

tions is especially pronounced between average saliency for speeds less than 30 km/h and

that higher than 30 km/h, dropping from ≈ 0.149 to ≈ 0.108. This phenomenon is consis-

tent with Palazzi et al.’s results in [36]; they too find that as speed increases, the driver’s

gaze deviates less and less from the vanishing point in the road.

To prove to ourselves that these differences in standard deviation between speed inter-

vals are not merely consequential, we conduct F-tests – a statistical test to check for the

equality of variances – between every pair of intervals. We plot the results of these tests in

Fig. 3-5; a green square indicates significance at 𝛼 = 0.05 for that pair of intervals, yel-

low indicates significance at 𝛼 = 0.1, and red means no significance. As we conjectured

above, the variances between every pair of intervals (𝐼𝑖, 𝐼𝑗), where 𝐼𝑖 is an interval less than

30 km/h and 𝐼𝑗 is an interval greater than 30 km/h, is statistically significantly different.

We also see that variances for the interval ≥ 75km/h is significantly different from those

≤ 60km/h.

The fact that the standard deviation falls so sharply after 30 km/h is actually not so

surprising. We conjecture that this phenomenon occurs for two main reasons. First, driving

at speeds less than 30 km/h usually implies that one is driving locally in downtown areas.

Downtown driving means many more hazards to keep track of (pedestrians, bikes, vehicles

on intersecting roads), whereas during highway or countryside driving, there are very few

hazards that can’t be caught by simply looking towards the vanishing point in the road and

using peripheral vision to catch the rest (discussed more in depth in Section 3.2). Second, it

30



Figure 3-5: Pairwise F-tests between variances for pairs of speed intervals. Green implies
significance at 𝛼 = 0.05, yellow for significant at 𝛼 = 0.10, and red to mean no signifi-
cance. Variances between intervals ≤ 30km/h and intervals ≥ 30km/h are all statistically
different.

is more dangerous to look away from the road when driving fast. The faster you’re driving,

the more distance you’ve covered if you even look away for fraction of a second, and thus

the more hazards you could’ve potentially missed on the road.

3.4 Gaze and Driving Maneuvers

We expect that gaze patterns will change significantly depending on what the driver is

currently doing. For example, we expect that a driver will look left when making a left

turn, or look right when driving down a right curve in the road.

In order to evaluate whether gaze is actually impacted by driving maneuvers, we must

first segment the the drive into portions corresponding to different driving maneuvers. We

do so programatically by first segmenting the video into overlapping 10 second intervals

in increments of two seconds, illustrated in Fig. 3-6. As an example, if 𝑡 to 𝑡 + 10 is a

segment, then so is 𝑡 + 2 to 𝑡 + 12, 𝑡 + 4 to 𝑡 + 14, and so on. An (𝑥, 𝑦) displacement

feature is calculated for each segment, shown in Fig. 3-7a. It’s important to note that

displacement for each segment is calculated relative to the orientation and position of the

car at the beginning of the segment time window. Moving forward is +𝑦 displacement, left
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is −𝑥, and right is +𝑥; displacements are scaled by the maximum displacement among all

segments in both 𝑥 and 𝑦 directions.

Figure 3-6: Illustration of the trajectory segmentation method. Trajectories are segmented
into 10 second intervals by increments of 2 seconds – [0, 10], [2, 12], and so on.

These features are then used for traditional 𝑘-means clustering, and the resulting cluster

space is visualized Fig. 3-7b (we choose to use 𝑘 = 10). From examining the cluster

grid, we can split the clusters into a few semantic driving maneuvers. Clusters 7, 5, 2,

and 8 (the thin clusters in the center) all have very little 𝑥-displacement with varying 𝑦-

displacements, and represent driving forward with varying speeds. Clusters 1 and 10, have

larger 𝑥-displacements with smaller 𝑦-displacements (as compared to clusters 4 and 6) -

these mostly correspond to make left and right turns at intersections respectively. On the

flip side, clusters 4 and 6 have mid-range 𝑥-displacements but large 𝑦-displacements - the

large 𝑦-displacements imply that these segments correspond to driving down curves in the

road. Finally, clusters 3 and 9 have large 𝑥-displacements but varying 𝑦-displacements,

which corresponds to making very wide turns. These clusters are significantly smaller than

the others (see Fig. 3.2 for details).

Now, having classified segments roughly into a few driving maneuver categories, we

turn to understanding how gaze changes between clusters. To do so, we again compute

average saliency maps per cluster. These averages are visualized in Fig. 3-8, tiled in the

same format as the cluster features grid in Fig. 3-7. Means and standard deviations per

cluster are listed in Tbl. 3.2. As we can see from the two figures, the mean does not differ

much in the 𝑦 direction (only from ≈ 0.455 to ≈ 0.484), while the mean differs more in

the 𝑥 direction; cluster 10 has 𝑥-mean≈ 0.453, while cluster 1 has 𝑥-mean≈ 0.538.

Again, we conduct statistical tests to determine whether these differences between clus-
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(a) Features
(b) Clusters

Figure 3-7: Fig. 3-7a illustrates how features are calculated for each segment. These
features are then used in 𝑘-means clustering (we chose 𝑘 = 10). Fig. 3-7b visualizes the
resulting cluster space.

ter saliency means are statistically significant. This time, we perform standard one-sided

T-tests to determine whether cluster means are significantly different from each other and

in which direction. We tested both 𝑥-means and 𝑦-means; we discovered no significant

difference between any of the 𝑦-means, but did find differences between 𝑥-means. The re-

sults of pairwise t-tests between the 𝑥-means are visualized in Fig. 3-9. From this plot we

can see that clusters 1, 3, and 10 have 𝑥-means that are statistically significantly different

from most other clusters. For example, the plot shows that cluster 1 (which has large +𝑥

displacement) is skewed significantly more right than 7/9 of the remaining clusters, with

the exception of the other clusters with +𝑥 displacement (clusters 3 and 6). From these

observations we can say that clusters 1 and 3 skew towards the right while cluster 10 skews

towards the left.

As discussed above, clusters 1, 3, and 10 (also 9) correspond to segments in which the

driver is turning. The fact that average saliency skews significantly left (as compared to

the other clusters) for cluster 10 and significantly right for cluster 1 is not surprising at all
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Cluster x-mean y-mean std # frames
1 0.538 0.484 0.215 65,659
2 0.488 0.471 0.142 191,878
3 0.535 0.465 0.200 12,116
4 0.475 0.457 0.147 68,844
5 0.491 0.476 0.178 219,725
6 0.514 0.455 0.138 66,677
7 0.490 0.479 0.216 116,903
8 0.496 0.458 0.141 96,292
9 0.477 0.470 0.213 13,161

10 0.453 0.484 0.208 67,950

Table 3.2: Mean location and standard deviations per cluster. All values are calculated
from pixels normalized between the range [0, 1]. 𝑦-means do not change significantly, but
𝑥-means vary widely over the different clusters.

Figure 3-8: Visualization of average saliency per cluster. We note that 𝑦-mean does not
change much between clusters, but 𝑥-mean shifts left for clusters with larger −𝑥 displace-
ments (4, 9, and 10) and shifts right for clusters with larger +𝑥 displacements (1, 3, and
6).
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Figure 3-9: Pairwise T-tests between cluster 𝑥-means. Green indicates statistical signifi-
cance at 𝛼 = 0.05, yellow indicates statistical significance at 𝛼 = 0.10, and red means no
significance. Clusters 1, 3, and 10 have statistically significant differences in 𝑥-means from
many other clusters.

- when making a turn at an intersection, gaze should sharply change in the direction of

the turn. More interesting is that while saliency does shift somewhat for clusters 4 and 6

(following a curve in the road), it does not do so considerably. Upon further consideration,

this trend also follows logically because curves in the road are much less sharp than a turn

at an intersection, and thus gaze does not need to change as dramatically. We can conclude

that gaze patterns do change significantly with driving maneuver, especially when making

turns at intersections or driving down a sharp curve in the road.

3.5 Gaze and Objects

In this section, we will explore what objects are actually pertinent to drivers on the road.

We wish to understand both what objects drivers look at and which objects are the most

important to look at.

In order to recognize driving-pertinent objects, we will segment each frame of video
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from the world camera with SegNet [2]. Segnet is a deep neural model with state-of-

the-art performance on the CamVid 11 [7] road class segmentation task, and competitive

performance on other segmentation tasks. The model segments (i.e. labels each pixel in) a

scene into the following 12 categories: sky, building, pole, road marking, road, pavement,

tree, sign, fence, vehicle, pedestrian, and bike.

Using a segmentation model means that we don’t need manually segment all 555,000

frames (a prohibitively time-intensive task), but it also means that the segmentation is not

always accurate. Fig. 3-10 visualizes the performance of SegNet on the DrEyeVe dataset;

Fig. 3-10b shows examples of environments in which SegNet works well and Fig. 3-10c

shows examples of environments in which it works poorly. As we can see from Fig. 3-

10b, Segnet is especially successful with images taken when it’s sunny, on the highway,

and during the day. On the flip side, SegNet performs poorly when it’s very rainy (wa-

ter droplets significantly impact predictions) or during the night (especially when there is

glare from streetlights). SegNet also occasionally misclassifies certain countryside roads

as buildings. With this in mind, during our analysis, we present results both when using the

whole dataset (74 videos), and also only using videos not taken at night, while it’s raining,

or on manually selected countryside roads with poor segmentations (32 videos). We refer

to this second, smaller dataset as the "filtered" portion from now on.

To understand what drivers look at while driving, we define two metrics that provide

two different measurements of how often drivers look at different categories of objects. To

do so, we must first define what it means for a driver to have looked at (i.e. fixated on)

something. To transform continuous saliency maps (𝑆) to binary fixation maps (𝐹 ), we

threshold 𝑆 using a custom threshold of thr = 0.2. Traditionally, other saliency-related

works have used thr = 2 × avg𝑠𝑎𝑙𝑖𝑒𝑛𝑐𝑦 [29], but because most areas in DrEyeVe saliency

maps are empty, 2 × avg𝑠𝑎𝑙𝑖𝑒𝑛𝑐𝑦 is a tiny number. We find that visually, using thr = 0.2

yields much better fixation maps.

The first of these metrics we denote 𝑝𝑓𝑖𝑥, which calculates the densities of different

semantic categories within the fixated area of a fixation map. More specifically, we define

the proportion of fixation for a category 𝑐 in a binary fixation map 𝐹 with a corresponding
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(a) SegNet colors legend

Morning, Sunny, Downtown Morning, Rainy, Highway

Morning, Cloudy, Countryside Evening, Cloudy, Downtown

(b) Examples of successful segmentation

Night, Sunny, Downtown Morning, Cloudy, Countryside

Evening, Rainy, Downtown Night, Sunny, Highway

(c) Examples of unsuccessful segmentation

Figure 3-10: Selected examples of running SegNet on frames from the world camera. Fig.
3-10a contains a legend mapping colors to object categories. Fig. 3-10b shows examples
of environments in which SegNet works well while Fig. 3-10c shows examples of environ-
ments in which SegNet works poorly. SegNet tends to not work well on images taken at
night, when it’s raining, and of certain countryside roads.
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segmentation map 𝑆𝐺 as:

𝑝𝑓𝑖𝑥(𝐹, 𝑆𝐺, 𝑐) =

∑︀
𝑖[𝑆𝐺(𝑖) == 𝑐] · 𝐹 (𝑖)∑︀

𝑖 𝐹 (𝑖)

where 𝑖 ranges over all the pixels on the map and brackets signify the indicator function. As

an example, if the driver is looking at an area encompassing 100 pixels in a scene, and 50

of those pixels are classified as ’road’ by SegNet, then the driver is said to be 50% focused

on the road. This metric is also used by Palazzi et al. in [36] to study what drivers focus

on.

The second proposed metric we denote 𝑝𝑡𝑜𝑡, which calculates the proportion of all oc-

currences of a class that the driver is actually fixated on, across all classes. This metric

will give us a better sense of which classes of objects drivers are likely to find important.

Again, for a category 𝑐 in a binary fixation map 𝐹 with a corresponding segmentation map

𝑆𝐺, we define 𝑝𝑡𝑜𝑡 as:

𝑝𝑡𝑜𝑡(𝐹, 𝑆𝐺, 𝑐) =

∑︀
𝑖[𝑆𝐺(𝑖) == 𝑐] · 𝐹 (𝑖)∑︀

𝑖[𝑆𝐺(𝑖) == 𝑐]

where 𝑖 ranges across all the pixels and brackets are the indicator function. As an example,

if there are 50 pixels in the scene classified as ’pedestrian’, and the driver has fixated on 40

of them, then the driver is said to have looked at 80% of all the pedestrians in the scene.

Palazzi et al. do not study this metric.

We compute 𝑝𝑓𝑖𝑥 and 𝑝𝑡𝑜𝑡 across all the saliency maps in the dataset, and report aver-

ages for each of the semantic categories. We compute two separate averages, one using the

whole dataset, and the other only using the filtered dataset. Fig. 3-11 shows a compari-

son between average 𝑝𝑓𝑖𝑥 and average 𝑝𝑡𝑜𝑡 across all the semantic classes. The solid bars

represent 𝑝𝑓𝑖𝑥 while the hatched bars represent 𝑝𝑡𝑜𝑡.

We first discuss 𝑝𝑓𝑖𝑥 (the solid bars). As seen in Fig. 3-11, both the bar chart for the

whole dataset and the bar chart for the filtered dataset are consistent in suggesting that we

spend about 70% of our time focused on other vehicles, the road, trees, and the sky. The

high rates of vehicles and the road match our expectations, as those are critical classes of

objects to be cognizant of while on the road. However, the high incidence of trees and sky
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(a) Whole dataset

(b) "Filtered" dataset

Figure 3-11: Average proportions that drivers are focused on various semantic categories
under two different proportion functions, 𝑝𝑓𝑖𝑥 and 𝑝𝑡𝑜𝑡 (see Section 3.5 for their definitions);
solid bars represent 𝑝𝑓𝑖𝑥 values and cross-hatched bars represent 𝑝𝑡𝑜𝑡 values. Fig. 3-11a
contains averages across the whole dataset, while Fig. 3-11b contains averages across the
filtered dataset, the portion with qualitatively better segmentations. The 𝑝𝑓𝑖𝑥 bars (solid)
suggest that drivers spend most of their time focusing on other vehicles, the road, trees, and
the sky. The 𝑝𝑡𝑜𝑡 (hatched) bars suggest that pedestrians, bikes, and road signs are the most
significant to drivers.
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is somewhat strange – we hypothesize that when looking towards the vanishing point in

the road, the area of fixation contains the sky and the trees in the periphery. These results

are consistent with what Palazzi et al. discovered in [36], even though they use a different

segmentation method from us – they too find that drivers place real attentional focus on

roads and vehicles.

While this data is useful for showing what drivers tend to pay attention on the road, it

does not tell us which objects are actually the most important. For example, average 𝑝𝑓𝑖𝑥

in Fig. 3-11 states that drivers only spend about 0.1% of their time focused on pedestrians,

suggesting that pedestrians are not very significant to drivers. In order to get a better esti-

mate of which classes are the most relevant instead of just the most common, we turn to an

analysis of 𝑝𝑡𝑜𝑡.

The results under this new metric are shown in Fig. 3-11 represented by the hatched

bars. Again, both Fig. 3-11a and Fig. 3-11b are consistent in suggesting that pedestrians,

bikes, and road signs are also especially important to drivers; drivers look at about 40%

of all pedestrians and bikes, and about 20% of all road signs. The rate for pedestrians is

relatively high - we would have expected most pedestrians (such as the ones on sidewalks

or far away) to not be salient, but this evidence suggests that we tend to at least glance at

them anyway. In addition, under this new metric, we note that the results suggest vehicles

and roads are markedly less significant than pedestrians, bikes, and signs. As drivers, we

know this can’t be true; we must combine the results from both charts to get a fuller picture.

Combining the results under these two different metrics, we conclude that vehicles,

roads, pedestrians, bikes, and signs are the most important classes of objects to note while

driving. We spend most of our time looking at other vehicles and the road, and we pay

attention to a significant portion of all pedestrians, bikes, and signs.

3.6 Conclusions

Some key trends that we discovered through analyzing the saliency maps in DrEyeVe are

as follows:

∙ Gaze is very center-biased, tending towards the vanishing point in the road (section
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3.2).

∙ Gaze changes markedly with speed: the faster one is driving, the less gaze strays

from the road (section 3.3).

∙ Gaze shifts significantly from the center when making turns at intersections, in the

direction of the turn (section 3.4).

∙ The most salient objects to drivers are other vehicles, the road, pedestrians, bikes,

and signs (section 3.5).

Many of these trends are conventional wisdoms for drivers already know – our analysis

just quantifiably assesses and verifies them using real world driving data. Explicitly identi-

fying these patterns also has a few immediate ramifications. First, we expect any model for

driving saliency (no matter how the model was built) to also exhibit these traits. Second,

we expect an ADAS to incorporate these trends into its algorithms for when to alert a driver

of a hazard. As an example, many ADASes already raise warnings if they detect that the

driver has spent too much time looking away from the center of the road. From the rela-

tionship we discovered between speed and gaze, ADASes should adjust the time threshold

at which a warning is raised depending on the speed of the car; looking away from the road

for an extended period of time is much more dangerous when traveling fast.
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Chapter 4

Learning Driver Gaze

4.1 Objective

Motivated by the potential applications of a truly generalized model of driving saliency as

discussed in the Introduction such as improved ADAS and more intelligent autonomous

vehicles, we turn our attention to building such a model. More specifically, we wish to

build a model of driving saliency that is able to predict what a human driver would be

focusing on, given only a view of what the driver has seen. We define 𝐼𝑡 as the driver’s field

of view at time 𝑡, and 𝑆𝑡 as the saliency map for drivers on scene 𝐼𝑡. Using these variables,

we can reformulate the goal as finding some function 𝐹 , where

𝑆𝑡 = 𝐹 (𝐼0, 𝐼1, · · · , 𝐼𝑡)

.

4.2 Model Overview

Encouraged by the success of deep learning for saliency prediction and many other com-

puter vision-related tasks, we too propose a deep convolutional network to tackle this prob-

lem. We wished to build a network that would take into account both static information

(from the color and luminance in 𝐼𝑡) and temporal information (from the changes between
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𝐼𝑡 and 𝐼𝑡−1, . . . , 𝐼0). This implies that we could not simply use one of the networks that

performed well on MIT300 [9] because 1) these models only consider static saliency from

𝐼𝑡, and 2) free viewing saliency is very different from task-driver saliency – where someone

looks in any given scene will differ widely depending on if they are simply free-viewing

the image or if they are seeing it out of the windshield of their car while driving. We also

chose not to use one of the LSTM architectures for video saliency (as in [4]) because these

models are typically quite memory intensive due to the fact that inputs are overlapping

"video clips" (represented by a series of frames). For example, if clip length is 16 frames,

𝐼0 − 𝐼15 is used to predict 𝑆15, 𝐼1 − 𝐼16 is used to predict 𝑆16, and so on, which creates a

large memory overhead due to repeated data. This aspect also implies that these models

are generally slower to train because a smaller batch size is required to fit all the data into

memory.

With these particular restrictions in mind, we propose a network that has two pathways,

one for dynamic saliency and the other for color and luminance-related saliency, the results

of which are combined to yield the final prediction. The static (color and luminance only)

branch only takes in 𝐼𝑡 and learns salient image features from that specific scene. The

dynamic branch takes in both 𝐼𝑡 and 𝐼𝑡−1, which gives it access to temporal information

not present in the static branch. We hypothesize that this branch will learn salient motion

features, but we do not actively restrict either branch to learning their respective tasks. A

high level diagram of the entire model is shown in Fig. 4-1, and each pathway is discussed

in more depth in section 4.3.

We choose to only use two inputs to this branch instead of going further back in time

(𝐼𝑡−2, 𝐼𝑡−3, . . .) to reduce the memory footprint. We believe that driving scenes are re-

dundant enough that including a longer time sequence would not yield much performance

gains. The DrEyeVe model [36] in particular has a very heavy memory requirements. As

discussed in Section 2.3, each branch of their network takes in 16 frames (one with RGB,

one with pre-computed optical flow, and the final with pre-computed segmentation) for a

total of 48 frames. In contrast, we choose not to use any hand-crafted features. Palazzi

et al.’s model also seems susceptible to failures in their optical flow or segmentation algo-

rithms. As we saw in Fig. 3-10c, even state of the art segmentation algorithms are far from
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Figure 4-1: A high level diagram of DualNet. Our network is composed of two main
branches, the static branch and the dynamic branch, the results of which are combined to
yield the final prediction. We hypothesize that the static branch will learn salient color
and luminance features while the dynamic branch will learn salient motion features. More
details on specific layer architectures for each branch can be found in Tbl. 4.1.

perfect.

Given the two-pronged nature of our architecture, we name our network DualNet, or

DN for short. DN’s particular architecture is also partially inspired by the model proposed

by Recasens et al in [40], albeit their two-branch network is for the task of gaze follow-

ing (predicting where somebody in an image is looking) rather than saliency prediction

(predicting where somebody looking at an image is looking). This architecture also fits in

nicely with conventional wisdom about what drivers pay attention to on the road – impor-

tant static features such as the road, traffic signs, and road signs, and also nearby moving

objects such as other cars, pedestrians, and bikes.

4.3 Network Architecture

In this section, we delve deeper into the actual architecture of each of the branches, as

well as how they are combined to predict the final saliency map. We assume that the input

frames and the ground truth saliency maps are all of size 𝐴x𝐵.

∙ Static saliency: The color and luminance pathway is passed 𝐼𝑡 and produces a 𝑀x𝑁

saliency map, where 𝑀 = 𝐴/8 and 𝑁 = 𝐵/8. We test two different networks

for this branch, ResNet-50 [17] and CaffeNet [43] (which is a modified version of
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Layer ResNet CaffeNet

Conv1x
7× 7, 64, stride = 2
3× 3 pool, stride = 2

11× 11, 96, stride = 2
3× 3 pool, stride = 2

Conv2x

⎡⎣ 1× 1, 64
3× 3, 64
1× 1, 256

⎤⎦× 3
5× 5, 256

3× 3 pool, stride = 2

Conv3x

⎡⎣1× 1, 128
3× 3, 128
1× 1, 512

⎤⎦× 4 3× 3, 384

Conv4x

⎡⎣ 1× 1, 256
3× 3, 256
1× 1, 1024

⎤⎦× 6 3× 3, 384

Conv5x None 3× 3, 256
Conv6x None 3× 3, 512

Deconv1x 4× 4, 512, stride = 2 None

Table 4.1: Modified layer parameters for each of the static saliency networks. Given a
kernel size 𝑘 and number of outputs 𝑜, a row is of the form (𝑘× 𝑘, 𝑜), and stride is 1 unless
otherwise specified. All layers are response normalized.

AlexNet [25]). We modify each of the networks to reduce the total amount of down-

sampling (each network originally downsampled by 32). For ResNet-50, we remove

the entire conv5x segment of the network (leaving 41 layers), and add in a simple

deconvolution layer at the end with stride 2. For Caffe-Net, we reduce the stride in

conv1 from 4 to 2 and also add another convolutional layer at the end. A more de-

tailed description of modified layer parameters for each network can be found in Tbl

4.1. The output of each of these networks is a 𝑀x𝑁x𝐾 latent space representation

of the original image. The outputted 𝑀x𝑁x𝐾 representation is then convolved with

a learned 1x1x𝐾 filter to produce the final 𝑀x𝑁 static saliency map.

∙ Motion saliency: The motion pathway is passed 𝐼𝑡 and 𝐼𝑡−1 and also produces a

𝑀x𝑁 saliency map, where 𝑀 = 𝐴/8 and 𝑁 = 𝐵/8. We choose the network

FlowNet [13] for this portion of the network. FlowNet was originally designed de-

signed to learn the 𝑥-𝑦 optical flow field between two frames, making it a good

candidate for learning motion saliency. Images 𝐼𝑡 and 𝐼𝑡−1 are first concatenated and

then passed through FlowNetS up to layer ’flow_concat3’. FlowNetS downsamples

input images by a factor of 64 in the "convolutional" portion of the network, and then

46



upsamples by 8 in the "upconvolutional" section. In FlowNet, the ’upconvolutional’

layers are just a convolution on the concatenation of an upsampled version of the

previous flow prediction and the corresponding feature map from the convolutional

section of the network, which results in a predicted flow map that’s twice as large.

Again, FlowNetS outputs a 𝑀x𝑁x𝐾 feature map after running 𝐼𝑡 and 𝐼𝑡−1 through

the first 12 layers, which is then is convolved with a learned 1x1x𝐾 filter to produce

the final 𝑀x𝑁 motion saliency map. Please see Fischer et al.’s paper [13] for a de-

tailed description of layer parameters.

∙ Combining pathways: The resulting 𝑀x𝑁 saliency maps from both pathways are

combined via an element-wise product. In order to generate a full-sized prediction

𝑆𝑡, we upsample the product 𝑝 by a factor of 8 using bilinear upsampling.

4.4 Training

We train our networks on gaze maps and world camera video (described in detail in section

3.1) provided in the DrEyeVe dataset. We use frames from video taken by the roof-mounted

Garmin camera as inputs 𝐼𝑡 and the scanpath gaze maps as ground truth for 𝑆𝑡. A randomly

selected 80% of the videos for training and the remaining 20% for testing. We partition by

videos instead of frames to ensure that the model has not seen any of the test scenes during

training.

We train our networks both on the unmodified dataset and a dataset augmented with

random crops. The unmodified dataset is generated by only downsampling the original

dataset to size (320, 192). The random crops in the augmented dataset are generated by

first downsampling the original inputs to (480, 288) and then taking a random crop of

(320, 192). This implies that each crop contains less than 50% of the original frame. We

incorporate random crops into our dataset to make sure ground truth saliency maps are

sufficiently different from the mean, thereby preventing overfitting to the mean.

Our network was implemented and trained in Caffe [21]. Before training, the static and

dynamic branches are initialized with weights from their corresponding networks; e.g. the
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dynamic branch is initialized with FlowNet, and the static branch is initialized with either

ResNet-50 or CaffeNet depending on the specific model being trained. The network was

then trained end-to-end with a standard cross entropy loss function. Training happens for

80,000 iterations using SGD with a base learning rate of 5× 10−4.

Again, an important caveat to note is that because the two pathways are jointly trained,

there is no guarantee that either branch will learn its respective task. In Section 5.4.3 we

actually explore what each branch has learned.
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Chapter 5

Experiments

In this section, we evaluate the ability of the model we proposed in Chapter 4 to accurately

predict salient regions for drivers. We compare our model against a few baselines, selected

state-of-the-art image saliency models, and the DrEyeVe model [36], and then analyze the

results, both qualitatively and quantitatively. Finally, we dive into the internal layers to gain

a deeper intuition of what the network has learned.

5.1 Evaluation Strategy

We compare results from our models against ground truth saliency maps on four commonly

used saliency metrics: AUC, Pearson’s correlation coefficient (CC), mean average error

(MAE), and Kullback-Leibler divergence (KL). We selected these four in particular given

their favorable properties described in [10].

Given a predicted saliency map 𝑃 and a ground truth saliency map 𝑄, and their corre-

sponding probability distributions P and Q, the calculations for CC and KL are reproduced

below (for reference later).

𝐶𝐶(P,Q) =
𝜎(P,Q)

𝜎(P)× 𝜎(Q)
(5.1)

𝐾𝐿(P,Q) =
∑︁
𝑖

Q𝑖 log
(︁
𝜖+

Q𝑖

𝜖+ P𝑖

)︁
1 (5.2)
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MAE is calculated as in [29], and AUC is calculated as in [23]. Note that in order to

convert continuous saliency maps into binary fixation maps to calculate AUC, we again

use the same strategy of using the custom threshold of 0.2, as discussed in Section 3.6.

To calculate these metrics across the entire testing suite, we simply average results

across all saliency maps in the set.

5.2 Models

We will compile results for our models, as well as a few selected baselines. All these

models are described below in more detail:

∙ Centered Gaussian: We find the mean fixation location and corresponding standard

deviation of all saliency maps in the training set and construct a centered gaussian

accordingly.

∙ Mean: We calculate the mean of all the saliency maps in the training set. This

baseline is less commonly used in free-viewing saliency research, but may be more

applicable in this case as driving is a very center biased task (discussed in Section

3.2).

∙ Free-viewing saliency models: We pick two models that perform favorably on the

MIT300 [9] benchmark: SALICON [19] and SalNet [37]. The SALICON model has

two VGG-16 branches, one which takes in a "coarse" image map (a downsampled

version of the original image), and the other takes in a "fine" image map (the original

image). The SalNet model is much smaller, with only nine total convolutional lay-

ers. SALICON is currently ranked 2nd while SalNet is ranked 16th on the MIT300

challenge. Both models are fine-tuned on the DrEyeVe dataset, SalNet using their

implementation on GitHub, and SALICON using an open source reimplementation

[45] (Huang et al. [19] do not release their original code). We must retrain the mod-

els, because free viewing saliency is very different from task-driven saliency (further

1We use 𝜖 = 1.18× 10−7, the same value used in [36] for consistency.
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discussed in sections 3.6 and 4.2); an unchanged free viewing saliency model would

perform very poorly on this dataset.

∙ Ours: We present three models: DN-ResNet, DN-CaffeNet, and DN-ResNet-crops.

To recap on Chapter 4 (where these models are discussed in more depth), DN-

CaffeNet has a modified version of CaffeNet [43] for learning static saliency, DN-

ResNet has a modified version of ResNet-50 [17] as the static branch, and finally DN-

ResNet-crops is DN-ResNet trained on the dataset augmented with random crops.

5.3 Results

Model upsample AUC↑ CC↑ KL↓ MAE↓
mean 1 0.9600 0.5205 1.6594 0.00938

center gaussian 1 0.9482 0.2904 2.6455 0.1734
salicon 16 0.9561 0.4947 1.6579 0.01289
salnet 1 0.8946 0.3043 2.6234 0.0127

DN-CaffeNet 8 0.9535 0.5152 1.6831 0.00933
DN-ResNet 8 0.9550 0.5211 1.6134 0.00852

DN-ResNet-crops 8 0.9269 0.5175 1.4876 0.0107

(a) Whole dataset

Model upsample AUC↑ CC↑ KL↓ MAE↓
mean 1 0.8920 0.1339 2.9360 0.0523

center gaussian 1 0.8392 0.1964 2.9787 0.0429
salicon 1 0.8974 0.2990 2.4353 0.0225
salnet 1 0.8539 0.2347 2.8361 0.0376

DN-CaffeNet 8 0.9015 0.3088 2.3182 0.0198
DN-ResNet 8 0.9040 0.2980 2.4022 0.0173

DN-ResNet-crops 8 0.8603 0.2892 2.2491 0.0209

(b) Acting dataset

Table 5.1: We evaluate our models against the baselines on both the whole testing test as
well as the acting portion of that set (a manually annotated set by [36] that is sufficiently
different from the mean). On AUC and CC, higher numbers are better, while on KL and
MAE, lower numbers are better, as indicated by the direction of the arrows. On both
datasets, our models outperform the baselines, and our models significantly outperform the
mean on the acting dataset. See Section 5.3 for a more detailed discussion of the results.
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The results for models run on the entire testing dataset are presented in Tbl. 5.1a. On

this dataset, our models significantly outperform the baselines on KL and MAE, with a

best KL of 1.4876 as compared to the baseline mean’s KL of 1.6574, and a best MAE of

0.00852 as compared to the baseline mean’s MAE of 0.00938. However, on AUC and CC,

our models are only marginally different from simply predicting the mean. Our hypothesis

for why this behavior occurs is rooted in the fact that we train using cross entropy loss,

which is closely related to KL. KL loss heavily penalizes areas where ground truth is non-

zero but prediction is zero, as the term Q𝑖

𝜖+P𝑖
can get arbitrarily large. This behavior leads to

well-localized, but very wide attention maps, which drives down the other metrics. These

wide attention maps can be seen in the visualization of some example outputs in Fig. 5-1

in columns 3 and 4, which are results from DN-ResNet and DN-ResNet-crops respectively.

CC in particular is negatively impacted by wide attention maps; CC is only high when

predictions are ground truth are similar in magnitude.

From the results in Tbl. 5.1a, we can also glean some interesting comparisons between

our three proposed models. Training model DN-ResNet with random crops (DN-ResNet-

crops) significantly decreases the KL divergence; this trend is expected, as training with

random crops reduces overfitting to the mean. However, even though KL divergence has

decreased, CC remains roughly the same. Looking at the results visually in Fig. 5-1 gives a

clue as to why this is; in situations in which the salient region is not obvious (in other words,

when saliency differs significantly from the vanishing point in the road), DN-ResNet-crops

tends to predict wider saliency maps. This behavior is especially pronounced in the last two

rows of Fig. 5-1. Again, wider attention maps prevents KL from heavily penalizing pixels

where ground truth is non-zero but prediction is zero, but also causes CC to drop. We also

note that while DN-ResNet has many more convolutional layers in the static branch than

DN-CaffeNet (see Chapter 4 for more details on model architecture), only KL improves

significantly, while CC remains largely the same.

While our models do not significantly outperform the mean on the whole dataset (which

is very mean-biased), we do significantly outperform the mean on the "acting" dataset. The

acting dataset is a subset of the original DrEyeVe dataset, which is generated by Palazzi et

al. in [36]. It is a section of the dataset where saliency is sufficiently different from the
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mean, and meant to be used as a proxy for situations in which saliency is harder to predict.

The acting dataset is only about 13% the size of the original dataset. To generate this dataset

(disucssed in further detail in section 3 of [36]), Palazzi et al. first filtered the dataset to

only include maps where CC with the mean is < 0.3, and then further filtered that set to

only include frames where the driver is paying attention (manual annotation by Amazon

Mechanical Turk workers). On the acting dataset, our models have a high of 0.3088 on

CC (where higher is better) while the mean only scored a 0.1339, more than twice as low.

On KL (where lower is better), our models scored a low of 2.2491 on KL, while the mean

scored a 2.9360, again showing a significant decrease. Looking at the performance between

our models, we see that DN-Resnet-crops is again the best model according to KL, but now

DN-CaffeNet is the best according to CC.

5.3.1 Comparison with DrEyeVe Model

The DrEyeVe model reports performance of 0.559 on CC and 1.398 on KL for the whole

dataset (Table 3 in [36]). This is an increase over our models of ≈ 0.04 on CC and ≈ 0.08

on KL, which is certainly a moderate improvement. However, it’s hard to make a direct

comparison between the two sets of numbers because we did not get the opportunity to

retrain their model on our training data, and subsequently test it on our testing data. We do

not believe Palazzi et. al. have released a pretrained model.

An interesting note about these metrics is that the magnitude of metrics for models

trained on the DrEyeVe dataset compared to those trained on other saliency datasets is

significantly lower. For example, we see that SALICON only achieves a CC of 0.4947 and

KL of 1.6579 on DrEyeVe, but a CC of 0.85 and KL of 0.54 on MIT300. We hypothesize

that this is due to the fact that ground truth saliency maps are generally very tightly localized

(as can be seen in column 2 in Fig. 5-1), because they represent only what one driver is

looking at in a particular situation (discussed in more depth in Section 2.1). Another driver,

even in an identical situation, may be focused somewhere else. In traditional saliency

datasets, fixations from many viewers are compiled to produce one overall saliency map

for that image. However, in DrEyeVe, drivers in similar situations will produce multiple
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Input GT DN DN-crops SALICON SalNet

Figure 5-1: Visualization of the results of our models and the baselines. Column 1 is the
input image, Column 2 is the ground truth saliency map, Columns 3 and 4 are results from
our models, and Columns 5 and 6 are results from the baselines. We can see that our models
generally produce tighter, more well localized maps than the baselines.
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ground truth saliency maps, each very tightly localized at different locations. This will

force any model to learn wider saliency maps, which will not perform well on any of the

ground truth maps.

5.4 Performance Breakdown

5.4.1 Qualitative

We qualitatively examine what our models have and haven’t learned about salient regions

to drivers. We selectively analyze results from the DN-ResNet model. From visual exami-

nation, we see that our model has learned to identify the vanishing point in the road, splits

in the road, and other vehicles pertinent to driving very well. Fig. 5-2 visualizes some

examples of relevant instances. The fact that the model follows the vanishing point of the

road so well contributes significantly to why our model outperforms the mean on the acting

dataset. As we noted in Section 3.2 and 3.3, drivers tend to fixation on the vanishing point

of the road, especially at higher speeds. A sizable portion of the acting dataset are frames

from driving down curves in the road (when saliency deviates significantly from the mean),

and our model is very good at identifying the vanishing point in those cases. We also note

that our models’ success at learning roads and vehicles is in line with the observation made

in Section 3.5 that roads and vehicles are the most commonly fixated classes of objects for

drivers.

On the flip side, we investigate inputs on which our model performs especially poorly.

We take frames where our models predict saliency maps with less than CC of 0.1 with the

ground truth. Two tasks that come up frequently are predicting traffic lights and predicting

the correct salient turn in advance. Fig 5-3a shows examples of instances when our model

misses traffic lights. We hypothesize that this behavior happens due to two factors: 1) little

of the time waiting at a traffic light is actually spent looking at the light, or 2) traffic lights

do not make up a significant enough portion of the dataset.

Fig. 5-3b illustrates our performance on situations in which we need to predict turns in

advance. We can see again here that our model is able to distinguish between roads well,
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Input GT DN-ResNet

(a) Following the road

(b) Following road splits

(c) Identifying pertinent vehicles

Figure 5-2: Some examples of salient regions that our model (DN-ResNet) has learned
very well. These include the identifying the vanishing point in the road, splits in the road,
and pertinent vehicles.
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Input GT Prediction

(a) Identifying traffic lights and signs

(b) Predicting turns in advance

Figure 5-3: Some tasks our model (DN-ResNet) struggles with. These include predict-
ing turns in advance (before the car has physically begun turning) and identifying traffic
lights/signs.

57



but chooses the direction incorrectly when predicting too far in advance. The top image

especially showcases this effect; our model outputs a multimodal prediction with a peak

at each road opening, but with a much higher peak at the opening straight ahead because

that’s the direction the car is moving currently. However, the driver was intending to make

a right turn, and has already begun looking that direction, even before the car has begun

turning. Without knowing the driver’s intentions beforehand, predicting turns before the

car has begun physically begun turning is near impossible. After the car has physically

begun turning, predictions become much more accurate, as can be seen in rows 3 and 8 in

Fig. 5-1. SALICON and Salnet in those situations have more poorly localized gaze maps

as they do not take into account the temporal information.

From these observations, we note that our current models are well-suited for saliency

prediction in most driving scenarios, except in the cases of city driving at intersections,

when traffic lights and needing to predict turns in advance are especially pertinent. To im-

prove the performance on these particular cases, we propose both expanding the dataset to

include more examples of saliency behavior at intersections and also potentially incorpo-

rating information about drivers intended maneuvers into the model.

5.4.2 Prediction Size Study

We now turn to a study on how network prediction size impacts performance. Our current

model predicts maps of size 40x24 and upsamples by 8 to get to the original size, but

what happens to performance if we instead predicted smaller maps (more upsampling) or

bigger maps (less upsampling)? We modify DN-CaffeNet to output predictions of size

10x6, 20x12, 40x24, and 80x48. In order to get smaller predictions, we simply change the

stride size on the final convolutional layer (to avoid changing the number of convolutional

layers). To get bigger predictions, we add in a correctly sized deconvolutional layer at the

end.

The effects on metrics across the entire dataset can be seen in Fig. 5-4. Each set of

metrics is normalized by the maximum of that set to yield a value in the range [0, 1].

We can see from the chart that 40x24 predictions outperform smaller predictions on all
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Figure 5-4: Normalized CC, KL, MAE, and AUC values for DN-CaffeNet with predictions
at various scales. 40x24 predictions outperform smaller predictions on all 4 metrics, and
there is no discernable performance gain from increasing prediction size past 40x24.

four metrics, and have similar performance to 80x48 predictions. One would expect larger

predictions to more accurately capture the ground truth, but the reality is that there is no

discernable performance gain from increasing the prediction size past 40x24.

We visualize some example outputs for predictions at various scales in Fig. 5-5. We

can see from the visualization that models with smaller predictions yield much wider maps

due to the larger level of upsampling, but are localized equally well as their larger predic-

tion counterparts. This effect is especially pronounced at the 10x6 prediction level – the

difference in width of the saliency maps between 10x6 predictions and 20x12 predictions

is much bigger than that between 20x12 predictions and 40x24 predictions. On the flip

side, when increasing the prediction size, there starts to be a lot more visual noise in the

prediction. More fine-grained predictions means less smoothing when upsampling, causing

a more noisy image when predictions are not already smooth.

As a result, we recommend 40x24 size predictions, which are 8 times smaller than the

original input size of 320x192. Decreasing the prediction size degrades performance, while
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Input GT DN_10x6 DN_20x12 DN_40x24 DN_80x48

Figure 5-5: Visualization of performance of DN-CaffeNet with predictions of different
sizes. The suffix of the model name is the size of the prediction. We can see that smaller
predictions are usually just as well localized, but with a much wider radius due to the higher
level of upsampling needed to scale the prediction back up to the original size of the input
(320x192 in our case).

increasing prediction size does not buy extra performance.

5.4.3 Pathway Visualization

We wish to understand what each branch in our network has actually learned. We hypothe-

sized back in Chapter 4 that the static branch, which only takes in frame 𝐼𝑡 as input, would

learn color and luminance based saliency, while the dynamic branch, which takes in 𝐼 and

𝐼𝑡−1 as inputs, would learn motion based saliency. To evaluate our hypothesis, we visual-

ize the final 𝑀x𝑁 saliency maps generated by each branch along with the final predicted

output (columns 4, 5, and 6), shown in Fig. 5-6. Column 2 contains an overlay between

frames 𝐼 and 𝐼𝑡−1 as well as an arrow indicating the car’s direction of travel, which more

easily allows us to get a sense of flow between the two frames.

From the visualization, we can see that the first half of our hypothesis was more or less

correct. The static branch does seem to learn all areas that may be of salience to a driver.

This includes the road ahead, other vehicles, and other joining roads. However, instead of

learning salient regions from motion outside of the vehicle, the dynamic branch actually

seems to be contributing mostly by learning saliency from the motion of the car itself! For
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example, if the car is turning left, the dynamic branch will learn that from frames 𝐼 and

𝐼𝑡−1 and adjust its saliency map prediction to only include road to the left. Because the

static branch is not fed with any temporal information, it does not learn the motion of the

vehicle and will select salient regions across the entire frame.

This phenomenon is well illustrated by Fig. 5-6. For example, in the 3rd row, we can

see from the flow overlay that the car is moving approximately forward. The flow saliency

reflects this by generating a wide saliency map for all road that’s approximately in the

forward direction. Meanwhile, the static saliency branch has learned about the road straight

ahead, the road to the right, and a parked car to the right. Combining their contributions

together, the flow saliency map cancels out the predictions to the right because the car is

not moving in that direction, leaving only the road straight ahead.

Input Overlay GT Flow Static Prod

Figure 5-6: Visualization of the contributions of both the static and dynamic branches to
the overall saliency prediction. The arrow on the images in Column 2 indicate the direction
the car is traveling. This figure illustrates that the static branch has learned to spot salient
objects to drivers (the road ahead, other vehicles, joining roads), while the dynamic branch
has learned to predict a saliency map based on the direction the vehicle is travelling.
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Chapter 6

Conclusion and Future Work

Analyzing and modeling driver attention is the first step in understanding how humans

perform a task as complex as driving using only vision. In this thesis, we begin by quan-

titatively establishing some general trends regarding how speed, driving maneuver, and

objects in the environment affect drive gaze. As per conventional wisdom, driving fast

causes a marked decrease in gaze variation, turning at intersections results in the most sig-

nificant gaze shifts, and vehicles, roads, pedestrians, bikes, and traffic signs are the most

important classes of objects to drivers on the road.

We continue by presenting a generalized model for driving saliency that shows encour-

aging results when compared to other saliency models, especially on more difficult driving

situations. We qualitatively show that our model learned roads, road splits, and other ve-

hicles well but performs poorly on traffic lights and predicting salient turns in advance.

We also show that our model has incorporated both static (by learning salient roads and

vehicles) and dynamic (by learning the movement of the vehicle) information into the final

prediction.

On a small scale, there is still much to do regarding our current model. For one, we need

to perform an actual comparison with the DrEyeVe model so we can accurately evaluate

which strategy is superior. For another, our model has no concept of temporal consistency

between saliency maps – we should investigate whether incorporating an LSTM or using

some form of spatio-temporally consistent loss function would improve the results. Finally,

we should investigate the performance of our model on video saliency datasets such as
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Hollywood2 [34]. Our model does not use any handcrafted features or inputs, so there’s no

reason it can’t be retrained on a new dataset.

On a larger scale, actually understanding and modeling driver saliency well has the

potential to have widespread consequences both for how we interact with our vehicles and

for how the next generation of autonomous vehicles will be programmed. As we mentioned

in the Introduction, ADAS can be significantly improved through being able to selectively

warn user of hazards on the road, and also more accurately detecting driver inattention.

Autonomous vehicles can use the model to learn to drive more like a human, rather than

requiring hundreds of thousands of dollars worth of sensors to do the same task.

We hope that our work is just the beginning of many further studies into driver attention.

The future with truly intelligent ADAS and autonomous vehicles is just too exciting to let

pass us by.
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