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Learning to Boost Bottom-Up Fixation Prediction in
Driving Environments via Random Forest
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Abstract— Saliency detection, an important step in many com-
puter vision applications, can, for example, predict where drivers
look in a vehicular traffic environment. While many bottom-
up and top-down saliency detection models have been proposed
for fixation prediction in outdoor scenes, no specific attempt
has been made for traffic images. Here, we propose a learning
saliency detection model based on a random forest (RF) to predict
drivers’ fixation positions in a driving environment. First, we
extract low-level (color, intensity, orientation, etc.) and high-level
(e.g., the vanishing point and center bias) features and then pre-
dict the fixation points via RF-based learning. Finally, we evaluate
the performance of our saliency prediction model qualitatively
and quantitatively. We use quantitative evaluation metrics that
include the revised receiver operating characteristic (ROC), the
area under the ROC curve value, and the normalized scan-path
saliency score. The experimental results on real traffic images
indicate that our model can more accurately predict a driver’s
fixation area, while driving than the state-of-the-art bottom-up
saliency models.

Index Terms— Saliency detection, fixation prediction, random
forest, traffic driving environments.

I. INTRODUCTION

ANALYZING and predicting where drivers look in
the driving environment is an advanced demand for

Unmanned Intelligent Vehicles (UIV), driving simulators,
driver assistant systems and other vision-related control
systems. For example, the accurately predicted attention areas
of drivers may help correctly extract the important traffic
driving cues, such as the traffic lights, traffic signs, other
unsafe cars and pedestrians, from these predicted attention
areas. These cues are quite crucial for deciding the following
action of the unmanned intelligent vehicles, or act as quite
useful information displayed on the driver assistant systems
to assist the driver to better learn the surroundings in time.

High saliency prediction accuracy is especially vital for
applications such as salient object detection and recognition
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[1]–[4], scene comprehension [5] and robot navigation [6].
In the existing literature, many saliency models have been
proposed based on purely bottom-up image cues (e.g., color,
intensity, orientation, spectral distribution, other image fea-
tures) [7]–[12], top-down image information or semantic cues
[3], [13], [14] and the combination of both types of cues [15],
[16].These models have used various visual features, including
low-, mid- and high-level features. However, every model
has its own hypothesis and methodology focusing on specific
aspects of human visual attention, and these models all analyze
natural image feature information. A pioneering modeling
work in this field, the saliency model proposed by Itti et al. [7],
was motivated by the linear filtering and center-surround
operations and by biologically inspired normalization along
the intensity, color and orientation channels. Harel et al. [9]
proposed a graph-based solution called Graph-based Visual
Saliency (GBVS) using local computation to obtain a saliency
map dependent on global information. Zhou et al. [17] utilized
corner-surround contrast to achieve more accurate saliency
maps. Bruce and Tsotsos [8] proposed an Attention based
on Information Maximization (AIM) model. This model was
developed in an effort to provide a computational architecture
inspired by biological organization. Hou and Zhang [10] pro-
posed a simple and fast algorithm called the spectrum residual
algorithm (SR), which was based on the Fourier Transform.
They proposed that the spectrum residual corresponds to image
saliency. Saliency Using Natural (SUN) statistics [11] pro-
vided a map using top-down and bottom-up information. The
authors used the so-called self-information of visual features
and point-wise mutual information between features and the
target during the process of target searching. This SUN model
computed the saliency probability from a Bayesian framework
by estimating the point-wise mutual information of each point
in an image. Judd et al. [15] learned a top-down saliency
model via a linear SVM classifier based on a combination of
low-, mid- and high-level visual features. Zhao and Koch [16]
also proposed a saliency model that was based on a learning
method. They computed the weights of the features, such as
the color, intensity, orientation and face, by statistically analyz-
ing the eye movement data. Recently, inspired by the guided
search theory of biological vision systems, Yang et al. [3]
proposed a unified framework for salient structure detection
by combining the information processing along the selective
and non-selective pathways using the Bayesian strategy.

Vehicular traffic environments, especially in urban areas,
are very complicated environments where drivers should pay
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significant attention to various objects and tasks while driving.
In these situations, predicting driver fixation areas is an impor-
tant task for unmanned vehicles [18]. However, although there
are many state-of-the-art bottom-up and top-down saliency
detection models for fixation prediction or object detection,
few published papers specifically concern the saliency predic-
tion task for vehicular traffic environments. All of the afore-
mentioned state-of-the-art bottom-up and top-down saliency
detection models perform well on general outdoor scenes,
but specialized traffic image features should be analyzed
in the case of traffic scenes. Some of the state-of-the-art
saliency models do not actually consider any of the specific
traffic image features. In our previous work [19], [20], we
proposed a framework combining the bottom-up and top-
down attentional mechanisms for traffic saliency detection in
traffic scenes. Some classical bottom-up saliency models are
combined with top-down guidance (e.g., the vanishing point).
Recently, Itti and his colleagues proposed a learning model
of visual saliency prediction [21] in which they regarded the
bottom-up saliency result as the confidence score for a learning
saliency model in natural environments. Their experimental
results showed that their model can predict humans’ fixation
areas accurately in these situations. However, their learning
prediction model was difficult to apply to the driving envi-
ronment because the features of roads were not specifically
analyzed in detail. Hence, a new predictive learning model
is needed for the prediction of drivers’ attentional areas
in traffic environments. Moreover, both bottom-up and top-
down features should be considered for the vehicular traffic
prediction learning model. In this way, both the bottom-up
and top-down attentional mechanisms can be simulated in the
saliency prediction model.

In this paper, we propose a fixation prediction model via
the Random Forest learning method to predict a driver’s
attentional areas in a driving environment. We regard the color,
intensity and orientation of images as well as the saliency
maps of GBVS, AIM, SR and SUN as low-level (bottom-up)
features, and we use the vanishing point and the center bias
as high-level (top-down) traffic image features. We construct
the fixation prediction map using a learning-based fusion
method. Both the bottom-up and the top-down attentional
mechanisms are incorporated into this model. Experimental
results demonstrate that our model can predict the drivers’
fixation areas more accurately, outperforming many state-of-
the-art bottom-up saliency models.

II. MULTI-FEATURE EXTRACTION

We first analyze and extract the low- and high-level features
of traffic images. Fig. 1 shows an example of the multi-
feature extraction results. The low-level features include pri-
mary image features (color, intensity, orientation) and some
bottom-up saliency maps (GBVS, AIM, SR, SUN). We can
see that although the high-level features (vanishing point and
center bias) are important cues in traffic scenes, the low-level
features also include some important information, such as
traffic lights and traffic signs. Therefore, both low- and high-
level traffic image features should be taken into account in the
task of fixation prediction in traffic scenes.

Fig. 1. Example of feature maps including low- and high-level features.

A. Low-Level (Bottom-Up) Features

1) Color, Intensity, Orientation: Following the famous
saliency model of Itti et al. [7], an input image is first down-
sampled into a Gaussian pyramid of S scales from 1/1 (scale 0)
to 1/256 (scale 8). At each scale, the image is decomposed
into seven feature channels: red-green and blue-yellow color
contrast channels (CRG and CBY ), an intensity channel (I ),
and four orientation channels (Oθ , θ ∈{0°, 45°, 90°,135°})
computed using Gabor filters.

Then, each feature is computed by a set of linear center-
surround operations simulating the visual receptive fields.
Center-surround is implemented in the model as the difference
between fine and coarse scales. Finally, this method produces
three feature maps (color, intensity, orientation).

2) GBVS: Graph-Based Visual Saliency: The saliency
model of GBVS is proposed by Harel et al. [9]. The process
includes three stages: extracting features as feature vectors,
generating activation maps from feature vectors, and normal-
izing and combining activation maps into a single saliency
map. Both the activation and normalization phases use Markov
chain interpretation of the image. This algorithm predicts
human fixation on the salient regions more reliably than other
bottom-up saliency models for nature scenes.

3) AIM: Attention Based on Information Maximization:
Bruce and Tsotsos [8] propose a theoretic formulation of a
human visual attention model and a visual saliency algorithm
based on those formulae called Attention based on Information
Maximization (AIM). Their paper is focused on explaining
AIM as a model of human saliency determination, with the
algorithm itself presented only in a draft form. The core of
their algorithm is the feature extraction. The AIM saliency
map can be regarded as the phase feature of a traffic image.

4) SR: Saliency Detection: A Spectral Residual Approach:
In the paper of Hou and Zhang [10], the authors choose to
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move from an image to its spectral domain. Their algorithm
uses the log spectrum of the image derived from the averaged
Fourier spectrum. With the Inverse Fourier Transform, the
spectral residual (SR) is converted to the spatial domain and
then used to construct the saliency map. Saliency values are
squared and Gaussian smoothed to produce the final saliency
map. The SR saliency map can be considered the spectrum
feature of a traffic image.

5) SUN: Saliency Using Natural Statistics: Zhang et al. [11]
propose a probabilistic formula for saliency. Their algorithm is
based on the difference of Gaussians (DoG) feature and other
similar features, the ICA (Independent Component Correlation
Algorithm) features (called “biologically plausible linear fil-
ters” by the authors). The saliency map of this model can be
regarded as an important statistical feature of a traffic image.

B. High-Level (Top-Down) Feature

1) VP: Vanishing Point: The vanishing point (VP) of
the road furnishes important information in traffic research.
Significant research has been done on the detection and use
of the VP. For the detection of a road’s VP, several algorithms
have been proposed [22]–[26]. Recently, a combined model of
traditional saliency and a vanishing point has been proposed
by Feng et al. [27]. These authors propose that the VP attracts
human eye movements in nature scenes. In [19] and [20],
the authors regard the VP as valuable top-down guidance for
traffic saliency detection. The authors also verify that drivers
always focus around the VP. In brief, the VP is an important
high-level feature in the driving environment. We obtain the
VP feature map with Kong’s algorithm [22], [26], as in our
previous paper [20].

2) Center Bias: Center bias is a top-down visual feature
commonly adopted in many saliency models [15], [16], [28].
This feature is based on the fact that humans naturally frame
an object of interest near the center of the image when taking
pictures, or move their fixation to locate the object of interest
close to the center of visual field [29], [30]. For this reason,
we include the center bias as a high-level cue that indicates
the distance to the center for each pixel.

III. LEARNING A SALIENCY MAP VIA RANDOM FOREST

After extracting the low- and high-level traffic image fea-
tures, we propose a prediction model based on the Random
Forest learning method in this section.

A. Random Forest

A Random Forest (RF) [31] aggregates the prediction of
many classifiers as an ensemble classifier that consists of
many decision trees. The effectiveness of an RF is comparable
to that of other powerful classifiers, such as support vector
machines (SVMs). Moreover, an RF can avoid overfitting of
the training data and generate an unbiased estimate of the
generalization error.

Let N denote the number of the samples in the original
training set, and M the total number of features in the
classifier. To construct a decision tree, N training samples are

Fig. 2. Illustration of classifying a sample in the random forest including T
decision trees. The random forest is generated after each tree is grown with
the training set. A test sample runs downward all of the trees (along the red
paths for example) and then the majority votes of all the trees is reported as
the prediction of the random forest.

randomly selected with replacement from the original training
dataset. At each splitting or decision node, the best splitting
feature is determined from a randomly selected subspace of m
features where m is much smaller than M . Each decision tree
in the forest is grown to the largest extent possible without
pruning (as does when constructing a normal tree classifier).
In this way, many random trees consisting of split nodes and
leaf nodes can be obtained based on the training samples.
Fig. 2 shows a random forest including T decision trees,
formulated as Ti ∈ {T1, T2, . . . , TT }. In our work, we chose
200 decision trees for our learning model (i.e., T = 200).

To classify a test sample, each decision tree in the forest
gives a classification, and we say the tree ‘votes’ for that class.
As shown in Fig. 2, a test sample runs down all trees from
the root to an end node based on the pre-determined splits.
(e.g., along the red path). The final classification of the test
sample is simply determined by the majority votes among the
classes decided by all the trees in the forest, and the classified
features are obtained at the leaf nodes of the red paths.

B. Learning a Saliency Map

An overview of our proposed saliency detection model in a
driving environment is shown in Fig. 3.

1) Training Phase: The algorithm is briefly described as
follows:

• First, the pixels of training images are labeled as salient
or non-salient points using the annotated ground truth
of the driver fixation maps (for example, the red and
blue patches in Fig. 3). Meanwhile, the low- and high-
level feature maps (including color, intensity, orientation,
GBVS, AIM, SR, SUN, VP and center bias) of the
training images are extracted separately, and all of these
feature maps are stacked together.

• Then, each salient and non-salient point is described by a
feature vector Xi containing the low- and high-level traf-
fic image features. The training set includes the labeled
salient and non-salient points X = {X1, X2, . . . , X N },
where N is the sample number in the training set and Xi

is a column vector of pixel values from the feature map
stack.

• Finally, we obtain a random forest classifier based on
the training set X = {X1, X2, . . . , X N } by the aforemen-
tioned random trees growth method. Learning a saliency
classifier f automatically combines various low- and high-
level features and discovers the most discriminative ones.
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Fig. 3. An overview of our proposed saliency model in a driving environment. In the training phase, the training images are labeled with the salient and
non-salient points using the drivers’ fixation maps. Then, low-level (color, intensity, orientation, GBVS, AIM, SR and SUN) and high-level (vanishing point
and center bias) features are extracted. All of the feature maps are stacked together, and we obtain the training set. Finally, a Random Forest (RF) classifier
is obtained from the training data. In the test phase, the test image undergoes the same feature extraction as in the training phase. Then, the feature maps are
stacked together. Finally, a saliency map is constructed after the feature maps are classified by the RF classifier pixel by pixel.

In the random forest, each tree is a decision tree for
deciding whether a pixel is salient or non-salient. The
majority vote of all trees is regarded as the random forest
prediction.

2) Test Phase: The low- and high-level feature maps of the
test image are first extracted based on the procedure that is
similar to that of the training phase. These feature maps are
also stacked together (as shown in the right part of Fig. 3).
When the test input Y = {Y1, Y2, . . . , YL} (where L is the pixel
number of the test image) is entered into the aforementioned
RF classifier f pixel by pixel, the feature vector of each
pixel is run down all of the trees. When it reaches a leaf,
the pixel is assigned a probability of belonging to a class
depending on the distribution stored in the leaf. This procedure
is iterated over all trees in the ensemble, and the majority
vote of all trees is reported as the random forest prediction.
Meanwhile, according to the ratios of different votes, we
compute the probability distribution of vote, also named the
saliency score ai , at each pixel. In this way, the saliency
score A = {a1, a2, . . . , aL} (ai ∈ [0, 1]) of the test image is
produced pixel by pixel, and the intensities of saliency maps
are rescaled by the saliency score.

IV. EXPERIMENTS AND RESULTS

With the RF learning model, the saliency map contains
not only the bottom-up image features but also the top-down
driving targets, so the bottom-up and top-down attentional
mechanisms are combined in our model. To verify the
performance of our saliency model, thorough qualitative
and quantitative evaluation of our model and five classical
bottom-up saliency models (GBVS [9], AIM [8], SR [10],
SUN [11], Itti [7]) is presented in this section.

A. Dataset

The driving environment dataset used in this paper includes
20 drivers’ top-down fixation data on 100 images [19], [20].

Fig. 4. Sample traffic images and drivers’ fixation data from the driving
environment dataset. (a) Original traffic images. (b) Drivers’ fixation points.
(c) Drivers’ fixation saliency maps with original images overlaid.

These images are all of urban roads and include much urban
traffic information, such as traffic signs, traffic lights, cars and
pedestrians. The drivers’ fixation data was recorded with an
infrared eye tracker (Eyelink2000, SR Research Ltd.) when
they were asked to view the traffic scenes while assuming
that they were operating the car as a driver. We chose the first
5 second fixation duration data of the drivers for analysis.
Some examples of traffic images, drivers’ fixation data and
fixation saliency maps are shown in Fig. 4.
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Fig. 5. Comparison of our model and multiple classical bottom-up saliency models. The first row lists some samples of traffic images. The ground truth
with original images overlaid is shown in the second row, which denotes the fixation maps of drivers recorded by eye trackers. Saliency prediction maps with
original images overlaid generated by our proposed learning model are given in the third row. Saliency detection results of different bottom-up models with
original images overlaid are shown from the fourth to eighth rows.

We use k-cross validation in our training and test phases,
choosing k = 3. As a fair way to properly estimate model
prediction performance [32], the goal of cross validation is
to define a dataset for testing the model in the training
phase to overcome problems such as overfitting and to give
insight into how the model will generalize to an independent
dataset.

B. Qualitative Evaluation

Fig. 5 presents a visual comparison of our model and multi-
ple classical bottom-up saliency models (GBVS [9], AIM [8],
SR [10], SUN [11], Itti [7]). We overlay the saliency maps with

original traffic images for better viewing of the differences.
The results show that our prediction model can much more
effectively predict a driver’s attentional areas than can the
tested classical bottom-up saliency models. Here, we can see
that those classical models can detect some important traffic
information, such as traffic signs and traffic lights. However,
much background information that we can regard as useless
is detected in the traffic scenes. Therefore, the state-of-the-art
bottom-up saliency models have high false positive rates. By
contrast, our model can detect not only the most traffic signs
and lights but also the most important top-down information
for the specific driving task.
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C. Quantitative Evaluation Metrics

To quantitatively compare the performance of our model
with state-of-the-art bottom-up saliency models, we employed
three different commonly used evaluation measurements: the
Receiver Operating Characteristic (ROC), the Area under
the ROC Curve (AUC) value and the Normalized Scan-Path
Saliency (NSS) score. Note that all the previous models
(GBVS [9], AIM [8], SR [10], SUN [11], Itti [7]) used for
comparison were retrained with the same dataset and ground
truth used in this work , which were collected in our previous
work [20], as mentioned above.

1) ROC: The original ground-truth saliency maps obtained
by tracking eye-gaze consist of sparse binary fixation points
(i.e., fixated or non-fixated), and lack of the information of
fixation duration. In order to evaluate the performance of
the algorithms more accurately, here we produced a revised
ground-truth saliency map by weighting the fixation points
in the original saliency map using the fixation duration at
each point, as did in our previous work [20]. It is obvious
that fixation points in the revised ground-truth map are with
soft values in [0, 1] instead of the binary 0 or 1. Due to
the fact that the classical computation of ROC is somewhat
biased when benchmarking on the revised ground-truth map
weighted by the fixation duration, we evaluated our model in
this paper using the revised ROC curve referred as previous
study [20], which is conveyed with the true positive rate and
percent salient, plotted by varying the saliency percentage to
cover all possible ranges of values the predicted saliency map.
With the increasing percentage of saliency, the true positive
rates of all models will go up to 1, which means that all
the fixation points are located in the computed saliency maps.
Thus, we can focus on the ROC below 30% saliency threshold
for clearly demonstrating the comparison in this experiment,
same as that in [3], [15], [20], and [33].

Fig. 6 shows the comparison of the revised ROC curves
of our learning model and the five state-of-the-art bottom-up
models. We can see that the ROC curve of our model is much
higher than those of other models’ at low percent saliency.
This result means that our model has a higher true positive
rate and can predict drivers’ attentional areas more rapidly and
accurately than the bottom-up models. The ROC curves prove
that our model can outperform all of the bottom-up saliency
models in the driving environment.

2) AUC: We also quantitatively analyzed the performance
with the metric of classical AUC. Note that as usual,
we calculated the classical AUC based on the classical ROC
curve consisting of the true positive rate and false positive
rate [8], [20], [34]. The reason that we did not use the revised
ROC for AUC computation is that the classical AUC method
is widely used in most works on saliency or object detection,
and the classical ROC, and hence the classical AUC, does not
consider the weights (i.e., the fixation durations) of the fixation
points. This provides us a chance to more comprehensively
evaluate our model using both of the classical ROC (and
classical AUC) and the revised ROC.

Fig. 7 shows that the AUC value of our model is much
higher than those of other bottom-up saliency models, meaning

Fig. 6. The revised ROC curves of different algorithms.

Fig. 7. Comparison of AUC values for different models.

that our learning-based prediction model can predict drivers’
attentional areas more accurately than the bottom-up models.

3) NSS: To further quantify how well our model’s predic-
tion matches the real positions recorded by eye tracking, we
employ the Normalized Scan-path Salience (NSS) measure
[19], [20], [35]–[37]. An N SS = 1 indicates that the sub-
ject’s real eye position falls within a region where the pre-
dicted density is one standard deviation above average, while
N SS = 0 means that the model performs at the level of
chance [37]. The NSS scores of different models are shown
in Fig. 8. Similar to the AUC scores, we can see that the NSS
score of our model is much higher than those of the bottom-up
models, which means that our model can effectively predict
drivers’ attentional areas in the driving environment.

D. More Analysis

To verify our learning saliency model’s effectiveness and
confirm the importance of using the two high-level features,
the saliency map of the learning model with all features was
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Fig. 8. Comparison of NSS scores for different models.

Fig. 9. Comparison of ROC curves for the learning model with all features,
VP & low-level features, center bias & low-level features and both low-level
and high-level features added with equal weight, not by using the learning
method.

compared with that of other three conditions: the learning
model with only VP and low-level features, the learning model
with only center bias and low-level features. In addition, to
demonstrate the benefit of learning, we also compared our
learning based saliency map with the saliency map that was
obtained by directly adding the low- and high-level features
with equal weightings.

Fig. 9 shows the ROC curve comparison of different feature
learning and the non-learning results. The red line shows the
ROC curve of the learning model with all features. The green
and blue lines show the ROC curves of the learning model with
“VP & low-level features” and with “center bias & low-level
features”, respectively. The black line indicates the ROC curve
for direct addition with equal weights. We find that both the VP

Fig. 10. Comparison of the NSS scores of the learning model with all
features, VP & low-level features, center bias & low-level features and both
low- and high-level features added with equal weights, not using the learning
method.

and center bias features are important top-down information
in traffic scenes. In addition, it is clear that our learning based
saliency model outperforms the non-learning based methods
(e.g., directly adding the top-down and bottom-up saliency
maps with equal weightings).

We compare the NSS scores of different feature learning
results and of direct addition in Fig. 10. We can see that the
NSS score of direct addition is much lower than those for
the learning models with all features, with VP & low-level
features, and with center bias & low-level features. Thus, we
can draw the same conclusion as before: our learning model
with both low- and high-level features can predict drivers’
attentional areas more accurately than the non-learning
method. Both VP and center bias traffic image features are
very important top-down feature information in the driving
environment.

V. CONCLUSIONS AND FUTURE WORK

We have proposed a learning-based random forest model
to improve the bottom-up fixation prediction model for traffic
images by fusing low- and high-level traffic image features.
We consider the low-level features to be bottom-up traffic
image features and the high-level features to be determined
by the top-down driving task. We have introduced a novel
learning-based model to combine the bottom-up (based on
image features) and top-down (based on the task of driving)
visual attentional mechanisms. Experimental results indicate
that our learning model outperforms the state-of-the-art
individual models and predicts drivers’ attentional areas
more accurately. In our previous work [20], we proposed
a framework combining classical bottom-up and top-down
attentional mechanisms for traffic saliency detection. The
AUC and NSS scores of the GBVS saliency model with the
VP image feature were 0.829 and 2.009, respectively, the
highest values in our previous work. By comparison, the AUC
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and NSS scores of the learning-based model proposed in this
work are 0.864 and 2.352, respectively. These results show
that our learning-based prediction model can predict drivers’
attentional areas more accurately than our previous method,
which combines top-down and bottom-up features only by
simple addition. Note that our proposed learning-based model
can act as a general top-down prediction model in a driving
environment. As more saliency prediction models are devel-
oped, their saliency maps can be input to our model as low- or
high-level traffic image features, which is expected to contin-
uously improve the performance of driving scene prediction.

As an important future work, we plan to explore the
possibility of adaptive selection of image features from
individual bottom-up saliency models to prune some useless
features from the training stage. Furthermore, we believe
that investigating more sophisticated techniques for low-level
traffic image feature extraction will be beneficial. We also
hope to conduct some physiological experiments with eye
trackers to find more high-level priorities for the specific task
of driving. In addition, our model does not include the context
of what the driver was intending to do, which is very important
to potentially enable much more meaningful applications
for transportation. In our eye-tracker based experiments, the
drivers were asked to view the traffic scenes displayed on the
monitor, and they did not need to consider other actions such
as controlling the speed of the car, looking at the rear-view
mirrors, etc. Though this is not true for the real practice of
driving, we still can obtain some meaningful rules about the
drivers’ selective attention for predicting where they possibly
focus on during driving. Anyway, as a quite meaningful yet
challenging research, we will consider how to include the
context of what the driver was intending to do into our model
to improve the prediction accuracy for real-time applications.
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