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Abstract. The modern computer vision systems usually scan the im-
age over positions and scales to detect a predefined object, whereas the
human vision system performs this task in a more intuitive and efficient
manner by selecting only a few regions to fixate on. A comprehensive
understanding of human search will benefit computer vision systems in
search modeling. In this paper, we investigate the contributions of the
sources that affect human eye scan path while observers perform a search
task in real scenes. The examined sources include saliency, task guid-
ance, and oculomotor bias. Both their influence on each consecutive pair
fixations and on the entire scan path are evaluated. The experimental
results suggest that the influences of task guidance and oculomotor bias
are comparable, and that of saliency is rather low. They also show that
we could use these sources to predict not only where humans look in the
image but also the order of their visiting.

1 Introduction

The recognition and localization of objects in complex visual scenes is still a
challenge problem for computer vision systems. Most modern computer vision
algorithms [1, 2] scan the image over a range of positions and scales. However,
humans perform this task in a more intuitive and efficient manner by selecting
only a few regions to focus on (Figure 1 shows the scan paths of two observers on
one stimulus [3]). A comprehensive understanding of human search will benefit
computer vision systems in search modeling.

Many studies have been engaging in exploring the mechanisms underlying
the human eye movement [4–6]. Several sources were considered as its impetuses.
Itti et al. considered the role of top-down and bottom-up in visual searching and
combined them to speed up the search [7]. Malcolm et al. investigated how the vi-
sual system combines multiple types of top-down information to facilitate search
and their results indicated either a specific target template or scene context can
facilitate search [8]. Considering that there are some biases in oculomotor be-
haviors (e.g., saccades in horizontal directions are more frequent), Tatler et al.
showed that incorporating an understanding of oculomotor behavioral biases
into models of eye guidance is likely to significantly improve the prediction of
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fixations [9]. Kollmorgen et al. quantified the influences of several sources in a
set of classification tasks [10].

Although there are abundant works in understanding the human visual pro-
cessing, the experimental stimuli and tasks they used were only designed for
their purposes that were far from real applications. e.g. searching a red circle in
the background consists of messy green triangles. The main purpose of our work
is to evaluate the relative importance of the saliency, task guidance and oculo-
motor biases as impetuses of scan path generation on data collected by Ehinger
et al. They recorded observers’ eye movements while they searched pedestrians
in outdoor scenes [3]. The task is a nature human behavior and the scenes
are the challenges for some computer systems, so the conclusion we got can be
see as a valuable consultant for human eye movement prediction designing and
can be extended to real applications. We concentrate on the sequential proper-
ties of fixations. Specifically, the location of nth fixation is depended on a ”guide
map” generated based on the location of the n-1th fixation. The contributions of
the three sources, saliency, task guidance, oculomotor bias, are examined within
each fixation. In addition, computational scan paths are produced to evaluate
the predicting power of the model with all of these sources.

The paper is organized as follows. The three kinds of sources and the evalua-
tion framework are introduced In Section 2. Section 3 evaluates the performances
of the sources as the impetuses of scan path. Computational scan paths are pro-
duced to evaluate the predicting power of the model as well in this section.
Section 4 concludes the paper.
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Fig. 1. The scan paths of two observers on one stimulus.

2 The Impetus of Scan Path Generation

2.1 Database

The contributions of saliency, task guidance and oculomotor bias are evaluated
on the data collected by Ehinger et al. that is available online. The eye move-
ments were collect as 14 observers searched for pedestrians in 912 scenes. Half
the images are target present and half are target absent. The image contents
include parks, streets and buildings which are close to our daily lives and real
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applications. Observers were asked to search pedestrians in each trail as quickly
as possible and respond whether pedestrians appeared. More details about the
database can be found in [3].We excluded the data of which the responding cor-
rect rates were lower than 70%. The data with wrong bounding boxes were also
excluded.

2.2 Saliency Map

It is widely accepted that in the early stage of visual processing, attention mech-
anisms bias observer towards selecting stimuli based on their saliency. Saliency is
an important bottom-up factor and is regarded as the impetus for the selection
of fixation points, especially in free viewing.

In this work, the saliency maps were generated by using the toolbox devel-
oped by Itti et al. which computes the color, intensity, orientation features then
combines the results of center-surround difference on these features to generate
a saliency map [11]. Examples are shown in Figure 2. The second column is the
saliency maps. The lighter regions are regarded as salient regions.

(a) Original Image (b) Saliency Map (c) Target Map (d) Guide Map

Fig. 2. Examples of the saliency maps, the target maps and their combinations. The
lighter regions have higher probabilities to be fixated on.

It could be observed that saliency finds the regions that differ from their
surroundings. People who appear on the road, grass, horizon and other homoge-
neous scenes will be found efficiently with saliency.

2.3 Task Guidance

Task is the high-level information on eye movement guidance. Many studies have
already proved that in a search task saccades would be directed to the image
regions similar to the target, e.g., an item has a rectangular shape, a circle on the
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top, and some complexional regions would catch more fixations in a searching
people task.

In this work we employ a ”target map” to implement the guidance of the
task. A target map is a matrix of which each value measures how likely the
target locates at that point. The more similar an item to the target, the more
likely it will be chosen as the next fixation. The target map finds out all the
target-like items including both target and distracters. We used the output of
detector developed by Dalal and Trigger [2] which were publicized with the eye
data by Ehinger et al.. Some examples are shown in the third column of Figure
2.

(a) present (b) absent

Fig. 3. The preferred saccade amplitude modes learned from the validation sets for
the pedestrians present and absent. Each saccade start point was aligned to the figure
center and the saccade end point was plotted on the figure according to the saccade
length and angle. All the points were convolved by a Gaussian.

2.4 Oculomotor bias

It has been noticed that there are some biases in oculomotor behaviors, e.g.,
saccades in horizontal directions are more frequent. Oculomotor biases guide
the eye movement mainly depend on spatial constrains and properties of human
oculomotor system rather than any outside information. Many studies observed
that people tend to view the image with preferred saccade lengths and angles.
It could reflect the ways that people deal with information in their daily lives
which are ”trained” for several years.

We counted the first six saccades for each scan path over images and observers
in the validation set consisting of 120 images half with pedestrians and half
without to learn the saccade amplitude that people preferred. Figure 3 shows
the preferred range of saccade which is irrespective of the image contents. For
each case (with pedestrian or without pedestrian), we aligned all the beginning
points of saccades to the center. Then each end point was plotted on the figure
according to the relative position to the corresponding beginning point (which
is controlled by saccade length and angle). All saccades were put on one figure.
The final figure was found by convolving a Gaussian over all the end points.

It can be found that in both the target present case and target absent case
people tend to saccade horizontally and the center is preferred in Figure 3.
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Lack of the target attraction, the ranges of saccades are more uniformly in the
horizontal direction in the target absent case.

2.5 Scan Path Generation Flow

Fig. 4. The flow of fixation sequence generation. The saliency map and target map are
combined at the first stage. Within each round of fixation choosing, the combined map
is adjusted by oculomotor biases then the points with the highest value pop-out. An
Inhibition of Return mechanism also takes part in.

In visual search task, eye movement employs not only parallel processing but
also serial fixation choosing [12]. Thus we modeled the generation process of scan
path by sequentially choosing fixations as shown in Figure 4. As stated in [13],
within each fixation all the points in the view compete for being biased as next
fixation. A guide map(Gui) which is the combination of target map(Tar) and
saliency map(Sal) can be regarded as the basis of the competition among all the
points. The combination was described as follows:

Gui(x, y) = Sal(x, y)γ1 · Tar(x, y)γ2 (1)

The two exponents (γ1, γ2) are constants confined in range[0, 1], their value(γ1 =
0.95, γ2 = 0.05) were selected by various tests on the validation set consisting of
120 images to make the guide map best predicted the fixation distribution.Two
examples of combined results are shown in the last column in Figure 2.

Within each fixation, the guide map will be adjusted by oculomotor bias as
Equation 2, where OB represents the oculomotor bias map.After that the new
fixation with the highest value pops-out and a new round of fixation selection
starts. This iteration operates until the selected fixation land on the target.

Ĝui(x, y) = Gui(x, y) ·OB(x, y) (2)

3 The Performances of the Sources on Scan Path
Generation

We compared the several combinations of the target map, saliency map and
oculomotor bias with recorded human fixations to evaluate the contributions
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of the sources. The combinations were achieved by integrating or removing the
related modules in Figure 4. The ROC curves were employed to measure the
predicting power of the attended sources by comparing the corresponding guide
map to the following fixation.

This process was done for each fixation number and the results were averaged
over the observers and images. Then a series of ROC curves corresponding to
each fixation number were attained. Because the observers used 3.5 fixations to
land on the target averagely, for each combination the AUC was computed and
averaged over the first four fixation numbers.

Computational scan paths were produced to evaluate the performance of the
model with all the sources on whole scan path generation. The Edit Distance
was introduced to evaluate the performance.

3.1 Single and Combined Sources

We measured the performance for each source at first. The results are shown
in Table 1. We use T , S, and O to represent Target map, Saliency map and
Preferred saccade amplitude respectively for short.

Table 1. The mean AUC for the first four fixations for each source.

Impetus Present Absent Impetus Present Absent

T 0.8115 0.7529 T+O 0.8178 0.8540
S 0.6282 0.5792 S+O 0.7939 0.8283
O 0.7886 0.8469 T+S+O 0.8201 0.8568

We attain the following observations.
(1)All the sources outperform the chance (AUC=0.5) ,which indicates that these
sources can be seen as the impetuses of human eye movement. (2)Comparing
with the target map and oculomotor bias, saliency map performs worst. It sug-
gests that in searching task, the contribution of saliency is limited. Saliency is
important but not crucial. (3) Without the target, eye movements are largely
controlled by oculomotor bias whereas when targets are present, the eye move-
ments highly connect to the target.

We also examined the performance of combined sources. Shown in the righter
columns of Table 1.

In conjunction with the previous observations, Table 1 suggests that the
combinations with oculomotor bias perform better than single source . As shown
in the righter columns of Table 1 the performance of the model with all the
sources is highest in both the target present and target absent. Figure 5 shows
ROC curves.

In Figure 5,the performance goes down from the fourth fixation in the target
present case. It coincides with the fact that observers used 3.5 fixations to find
the pedestrians averagely. After reaching the pedestrians, the fixations are less
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Fig. 5. ROC curves for each fixation number.For each case, all the three sources take
part in . The mean AUC for the first four fixations is 0.8201 for target present and
0.8568 for target absent.

controlled by the the sources. However,in the target absent case, there are not
obvious differences among the fixation numbers. It suggests that the observers
stayed at the ”searching” condition for a longer time.

3.2 Whole Scan Path

As discussed in the last section, the model with all the sources performs best. In
this section we evaluate the model combining all the source on whole scan path
generation. Edit Distance [14] was used to measure the similarity between the
computational scan paths and recorded scan paths.

Edit Distance is a useful measurement for describing the similarity of two
strings of characters. Different string manipulations (Insert, Delete, Replace and
None) are appointed to different costs. We used Edit Distance to plan operation
serial which costs least to transform one scan path into another.

Before comparing, the scan paths were discretized into strings of chars based
on the location of each fixation. The images were meshed and the fixations in
the same grid were tagged identically. The mesh size is 3 degree visual angels.
The fixations closed to each other were regarded as the same points even they
located in different grids. Then the scan paths were translated into the stringed
tags of its fixations.

The computational scan paths were generated for each image and compared
with the recorded scan paths of the 14 observers. Because the standard Edit
Distance calculation returns the total costs, we averaged it to the cost of each
manipulation. Similarity is defined as the reciprocal of the normalized Edit Dis-
tance and averaged over the observers and images. The final result is 0.3138 for
pedestrians present and 0.2198 for pedestrians absent by averaging the value
over all the images.

For comparison we examined the inter-observer consistency on the data as the
upper bound. For each stimulus, we used scan paths of all-except-one observers
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Fig. 6. The artificial fixation sequences generated by our model for the two cases.The
red dots wrapped by yellow circles denote the fixation of collected human eye data and
the green dots wrapped by blue circles denote the artificial fixations generated by our
model. Two time adjacent points are connected by red or blue edges. The red rectangle
in (a) denotes the ground truths (pedestrians).
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to predict scan path of the excluded observer. Then the values were averaged
over the observers and images. As for the lower bound, we generated a set of
scan paths by randomly selecting several points as fixations. The consistency
among the random paths was also computed. The results are shown in Table 2.
Figure 6 show some examples of the computational scan paths.

Table 2. The performance of the artificial model.

Impetus Present Absent

Human consistency 0.3616 0.2850
Computational scan paths 0.3138 0.2198

Random 0.1919 0.1919

In Table 2,the human consistency is higher than the random paths in both
the two cases. It indicates that the scan paths of observers’ visiting are similar.
The consistency in target present case outperforms the target absent case shows
that with the target, the ways people visit the images are more alike.

As for the performance of the combined sources, there are two observations.
First, it outperforms the random scan paths. This indicates that these sources
could be used in modeling the scan paths of human eye movement. In addition,
in target present case, it achieves 86% of human consistency and in the target
absent case, the number is 76%. The difference of the two numbers suggests that
in the target absent cases, there maybe some other sources controlling the scan
paths e.g. context, semantic interpretation of the objects beside the sources we
considered.

4 Conclusions and Future Work

In this work, we mainly evaluated the performances of the target map, saliency
map and oculomotor bias as the impetuses of scan path generation. Several
combinations were considered. We found that in target present case, the task
guidance performs best and the oculomotor bias takes the second place whereas
in the target absent case, the oculomotor bias plays best and the task guid-
ance takes the second place. In both the two cases, saliency performs somewhat
lower. We also evaluated their performances on the whole scan path generation.
The result shows that these sources could be used in modeling the human eye
movements.

However, the visual processing is a complicated system that a lot of factors
may contribute to it. Although we proved that the three sources can be seen as
the impetuses, they are still imperfect. Many other sources should be introduced
to make the model performs better such as context, the past experiences of the
observers, people habits and so on.
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A significant work in the future is to use the analyses to real applications
to improve efficiency and accuracy. Many studies such as image understand-
ing, image and video compression will be benefited from the eye movement in
searching.
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