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I. I NTRODUCTION

through the reduction of their dimensions and associated computational effort. Thus, a multiresolution analysis is performed
on gigapixel images to evaluate the required time processing
and its impacts caused by the person detection algorithm.
This text is organized as follows. Section II describes
some relevant approaches available in the literature related
to gigapixel images and multiresolution analysis. Section III
presents the dataset used in our experiments to validate our
method, described in Section IV. Section V describes and analyzes the experimental results. Finally, Section VI concludes
our work and presents directions for future work.

Digital images can be found in several sizes, typically between 0.3 and 15 Megapixels, and most of them are larger than
available display resolutions. On the other hand, these images
can be easily displayed on regular computer screens using
algorithms that reduce the image dimensions by discarding
rows and columns alternately in order to have a displayable
version on the screen area. Although discarding rows and
columns can be useful for human eye visualization, it may not
be suitable for processing purposes since relevant data can be
lost, causing impacts in the algorithm results.
Recent technology advances have contributed to arise even
greater resolution images, known as gigapixel images. Gigapixel images belong to a category that contains a very
large amount of information, since their sizes can vary from
0.3 to 300 Gigapixels, or more. Generally, those images are
composed of hundreds or thousands of single pictures stitched
together to create a unique and enormous image.
Due their very high resolution, classical algorithms commonly used for finding regions of interest, such as people,
object, structures, and so forth, require huge processing time,
since they were originally designed on a smaller amount
of images, which demand reasonable time processing. One
alternative is to adapt algorithms to deal with greater images,
however, this requires much effort. Another possibility is to
reduce the image size, but it is necessary to perform a study in
order to check effectiveness and efficiency of such approach.
As main contribution, this work presents a study and method
for dealing with pedestrian detection in gigapixel images

II. L ITERATURE R EVIEW
Some advances have been in the field of gigapixel images.
The method presented by Ponto et al. [1] proposes a multithreaded technique for interactive and intuitive visualization
of large multidimensional data with image layers representing
discrete spectral wavelengths or temporal information to be
displayed and fused. Pyramidal image representations, global
texture pools, smart replacement schemes, hardware shaders
for boundary condition management and software-level synchronization are used in this work.
Brady [2] discussed strategies to increase the level of
information in broadcast systems of images, suggesting the
broadcast of films with frames composed of gigapixel images.
Thus, aspects of the development of high resolution multiscale
cameras as well as challenges related to the acquisition and
compression of high resolution videos are discussed. Zhang
et al. [3] proposed a new method that performs pedestrian
counting in a gigapixel image. Pedestrian detection is performed through the use of E-SVM (Exemplar Support Vector
Machines) running on a GPU-based architecture, and objectoriented histograms are used for the characterization of objects.
Ranefall et al. [4] presented an open-source framework for
Giga-image analysis. CellProfiler Analyst software is used
to perform Giga-pixel image analysis, ImageJ is used for
segmentation and feature extraction, and Ilastik is used for
texture classification. OpenSeadragon Viewer is used for the
visualization of Gigapixel images, Hou et al. [5] proposed
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a framework that integrates the use of Multiple Instance
Learning (MIL) and Convolutional Neural Networks (CNNs)
in order to classify Gigapixel images of cancerous tumors
of the brain (glioma). Moreover, Gong et al. [6] presented
a flexible implementation based on GPU usage for Google
MapReduce. Multi-scale gigapixel images are generated by
AWARE cameras.
Ip and Varshney [7] proposed a new visual navigation
model. Data-driven techniques were developed to identify and
emphasize potential areas of interest in very large images.
Their techniques are able to visualize of large datasets, where
data size corresponds to several orders of magnitude larger
than what the display device can support. They addressed
the visual scale challenge by introducing a sliding-window
computational saliency model, whose system was targeted for
analyzing landscape images using color and appearance.
McCain et al. [2] considered image capture and real-time
rendering for virtual reality television. They described an
optical and electronic system architecture, image registration
and calibration strategies to enable real-time interactive video.
Furthermore, they considered strategies for broadcast distribution of interactive high pixel count media.
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Fig. 2. Hikers present in the images of the evaluated dataset.

IV. P ROPOSED M ETHOD
To manipulate and study a gigapixel image, we construct a
model to scroll a 5×4 sliding window through it, by loading
tile images with 256 × 256 RGB pixels. Then, we proceed to
a pedestrian and face detection and multiresolution analysis.
Furthermore, we also perform a bounding box merging process
for redundancy reduction and a pedestrian/face bounding box
matching for filtering them. Fig. 3 shows an overview of the
model developed in this work and a illustrative sample of
sliding window is drawn in a red square in Fig. 3(a).
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III. DATASET D ESCRIPTION
We evaluate our approach on Gigapixel picture named
Count the Cacti!!!, id 149371 . It was taken by Ron Schott2 ,
in Arizona in December 2008, with a Canon PowerShot S5 IS
mounted on a Gigapan Epic for scanning and stitched witch
GigaPan Stitcher version 0.4.3510 (Windows). In the Gigapan
website, there is additional information on how the picture was
produced. A miniature version of the picture is illustrated in
Fig. 1.

(a)

(d) Multiresolution analysis

Fig. 3. Gigapixel manipulation approach.

A. Pedestrian Detection

Fig. 1. Gigapixel image and frontal person in evidence through zoom in.

The image illustrates a huge landscape of a cacti field with
few hikers hidden among the vegetation. Hikers in the picture
are already tagged by community. Fig. 2 presents image
excerpts of all hikers available on the full picture. All people
faces are blurred to preserve their privacy. Due Gigapan device
scanning delay time, some people appear multiple times.
For image downloading, we used the Gigapan Downloader
python script [8], [7]. The downloaded picture is formed by
477 × 131 images, that is, a total of 62,487 images, with
256 × 256 RGB pixels for each tile, resulting a full picture
of 122, 112 × 33, 536 pixels, in a total of 12.29 GB when
uncompressed.
1 Available at http://www.gigapan.com/gigapans/14937, under Creative
Commons Attribution-Noncommercial-Share Alike 3.0 United States License
(BY-NC-SA, http://creativecommons.org/licenses/by-nc-sa/3.0/us)
2 Gigapan profile page: http://www.gigapan.com/profiles/rschott

In this stage, obtained from Fig. 3(a), we use a toolbox [9]
presented in Dollar et al. [10] and [11]. In their work, a
method for multi-scale pedestrian detection is developed that
utilizes multiple features types, including ACF (Aggregate
Channel Features) [12]. They developed a hybrid approach
that uses a sparsely sampled image pyramid to approximate
features at intermediate scales and they achieved a state-ofthe-art pedestrian detector in terms of speed by an order of
magnitude with little loss in accuracy. ACF model is trained
with INRIA Person dataset [13], which is composed of two
subsets. The first one contains 128 × 64 images, where the
pedestrians are ≈ 96 pixels high. The second one contains
128 × 64 windows cropped at random positions from 1,218
images in the INRIA negative training set.
The result of application of this method is a set of bounding
boxes with coordinates of locations of areas with possible
pedestrians as can be seen in (b) of Fig. 3.
B. Bounding Box Merging
From the sliding window approach, the scanning method
can find more bounding boxes than needed, once many of

Table I
C OMPARATIVE RESULTS OBTAINED WITH THE PROPOSED MULTIRESOLUTION APPROACH .
Level
1/2
1/4
1/8
1/16
BC -

Number
Number of
Bounding Box Finding Time
of
Bounding Box Found
(min’sec")
Tiles
BC
BL
NN
LP
BC
BL
NN
LP
15,774 1,754 1,682 1,785 1,621
43’57" 42’38" 42’16" 42’21"
3,960
363
332
343
335
8’26"
8’50"
8’36"
8’52"
1,020
64
60
66
61
1’53"
1’50"
1’56"
1’50"
270
10
6
7
13
0’21"
0’21"
0’21"
0’21"
Bicubic, BL - Bilinear, NN - Nearest Neighbor and LP - Laplacian Pyramid.

Resolution Reduction Time
(min’sec")
BC
BL
NN
LP
21’57" 20’40" 16’09" 20’17"
4’57"
5’12"
1’40"
1’51"
0’31"
0’20"
0’16"
0’29"
0’10"
0’05"
0’04"
0’07"

Total Processing Time
(min’sec")
BC
BL
NN
LP
65’53" 63’17" 58’25" 62’37"
35’19" 34’41" 26’25" 30’59"
29’16" 28’01" 20’00" 24’25"
27’54" 26’36" 18’29" 23’02"

them are overlapped. Thus, in order to reduce unnecessary
bounding boxes, we perform a merging process. This process
consists in calculating overlapped area among bounding box
pairs and their respective proportion ratios. If a ratio is greater
than a defined value, we merge the bounding boxes. Areas are
calculated with Eq. 1 and 2, whereas proportions with Eq. 3,
expressed as

During the image analysis, we have to map bounding
boxes coordinates between mosaic and full gigapixel image,
since during scanning process they are mapped to the sliding
window. This can be done with Eq. 4 to 6

O = (max(X)−min(X +W )(max(Y )−min(Y +H))
An = Wn · Hn ,
O
Pn =
An

where BB and bb are pairs of x and y coordinates of bounding
box i on gigapixel and mosaic images, respectively, whereas
CR corresponds to a pair of column and row of bounding box
i on the mosaic.
In this step, we also perform a pedestrian/face bounding
box matching for filtering. Thus, if a face and pedestrian do
not match with a proportion distance among their bounding
boxes, we assume they do not contain a person and discard
both. To match pedestrian-face we use Eq. 7

(1)
(2)
(3)

where Y , X, W and H are pairs of top and left bounding
box corners and their width and height values, respectively,
O and An correspond to overlapped area and area of nth
bounding box, respectively, whereas Pn is the area proportion
among bounding boxes. We merge two bounding boxes when
max(Pn ) >= 0.7. This parameter was empirically defined.
C. Face Detection
Step (c) corresponds to face detection, where we consider
the method CART (classification and regression tree analysis)
proposed by Lienhart et al. [14], which is a face detection
framework capable of processing images extremely fast, while
achieving high detection rates. They used in their work Haar
features to encode facial features and a set of weak classifiers,
based on the classification and regression tree analysis.

BBi = CRi · 256+bbi
bbi = BBi %256
CRi = bBBi /256c

(4)
(5)
(6)

max(dl , dr )
(7)
min(dl , dr )
dl = bbf ace (x)−bbbody (x)
dr = bbbody (x)+bbbody (width)−bbf ace (x)+bbf ace (width)
fp=

where f p is the proportion between left and right corners
distances (dl , dr ) of face and pedestrian bounding boxes. We
empirically defined that bounding boxes can be discarded
when f p < 2. Fig. 4 illustrates sample result of all steps
(a, b, c and d) performed.

D. Multiresolution Analysis
In this stage, we evaluate the pedestrian and face detection
capability on different resolution levels within bounding boxes
found with ACF Detector [10], [11] and CART algorithms [15]
for multiresolution analysis.
The multiresolution analysis in our work is performed with
Laplacian pyramid [16], [17] and nearest-neighbor, bilinear
and bicubic interpolation techniques [18].
In the Laplacian pyramid approach, the original image is
used to generate Gaussian pyramid levels through repeated
local averaging. Levels of the Laplacian pyramid are then computed as the differences between adjacent Gaussian levels. In
the nearest-neighbor interpolation, the output pixel is assigned
as the value of the pixel where the point falls within. No other
pixels are considered. In the bicubic interpolation, the output
pixel value is a weighted average of pixels in the nearest 4-by4 neighborhood. In the bilinear interpolation, the output pixel
value is a weighted average of pixels within the nearest 2-by-2
neighborhood.

Fig. 4. Sample result after multiresolution analysis step.

V. R ESULTS AND D ISCUSSION
The proposed method is applied on a gigapixel image
mentioned in Section III. Table I presents number of bounding
boxes found, bounding boxes finding time, resolution reduction time and total processing time.
The used image has 62,487 tiles images at its original size,
we obtained 7,382 bounding boxes after pedestrian detection
process and its total process time is 288’23", once there is

no resolution reduction in this level. We experimented four
reduction algorithms in four resolution levels, and number of
bounding boxes decreases about to a fifth from one level to
the other.
The NN method resolution reduction time is lower when
compared to the other methods. It is possible to verify that
occurs the same pattern in the total processing time. We
highlight that number of bounding box presented in Table I is
obtained value after bounding box merging process, and they
are half or even a sixth of total before merging.
Table II presents the highest level of resolution reduction
where the approach detected people and faces. In the person
detection stage, BC algorithm detected more people on level
1/16 than other algorithms, however, all algorithms detected
people between levels 1/4 to 1/16, except for excerpt (h) for
LP, which was detected only on the first reduction level. In
the face detection stage, excerpts (d) and (e) reached level 1/2
in all algorithms, except BC for (d), which reached 1/4 level.
Excerpts (a), (b), (c) and (i) had faces detected only at the
original resolution level. Moreover, as expected, regardless of
the reduction method used, our approach did not detect faces
of back hikers or with occluded faces. This is emphasized as
zeros in Table II.
Beyond tests with 5×4 sliding window, additional tests were
performed with 2×2, 2×3, 3×3, 3×2 and 4×4 windows and
they demonstrate that window size can also influence results
because different window size presented distinct bounding box
detection. In some cases, the bounding boxes fit people very
well and sometimes fits only body parts. It seems that the
ACF detector algorithm is sensitive to the scenario content.
Training ACF with negative samples extracted from vegetation
could possibly address this problem, however, we avoided to
modify algorithms or training data in this study under the risk
to add some bias to the results.
Table II
M AX REDUCTION LEVEL FOR PERSON AND FACE DETECTION .
Excerpt
(a)
(b)
(c)
(d)
(e)
(f)
(g)
(h)
(i)

BC
1/4
1/8
1/16
1/8
1/4
1/16
1/8
1/16
1/4

People Detection
BL
NN
1/4
1/4
1/8
1/8
1/16
1/8
1/8
1/8
1/4
1/8
1/8
1/8
1/8
1/8
1/8
1/16
1/4
1/4

LP
1/4
1/4
1/8
1/8
1/4
1/8
1/8
1/2
1/8

BC
1/1
1/1
1/1
1/4
1/2
0
0
0
1/1

Face Detection
BL
NN
1/1
1/1
1/1
1/1
1/1
1/1
1/2
1/2
1/2
1/2
0
0
0
0
0
0
1/1
1/1

LP
1/1
1/1
1/1
1/2
1/2
0
0
0
1/1

VI. C ONCLUSIONS
In this paper, we presented a study and method for dealing
with pedestrian detection in gigapixel images based on their
dimension reduction. The number of bounding boxes and
associated computational cost were presented and analyzed.
We observed that the nearest-neighbor interpolation algorithm obtained the best results when we consider processing
time. Resolution reduction algorithms presented a similar
behavior in the face detection stage, however, the results varied

in the previous stage of person detection. However, most hikers
were detected in 1/4 reduction or higher. Hiker (h) shown in
Table II was detected only until 1/2 reduction level.
We observed that searching for objects of interest, such as
people, with no previous knowledge of the gigapixel image
is a very challenging task, since we do not know which
resolution level could be useful or enough for the algorithms.
Furthermore, there is no guaranty that there would be a person
there. Thus, we conjecture that a promising research problem
is to develop an algorithm for pre-processing gigapixel images
to reveal any clue to help subsequent analysis algorithms.
As future directions, we intend to apply our method in
other gigapixel images and evaluate the impact of the sliding
window size at each resolution level.
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