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Reliable allows appropriate proce of images without
prior knowledge of their contents, and thus remains an im, jprtant step in many
computer vision tasks including image segmentation, obj /ct recognition, and
adaptive compression. We propose a regional contrast based saliency extraction
algorithm, which simultaneously evaluates global contrast differences and spatial
coherence. The proposed algorithm is simple, efficient, and yields full resolution
saliency maps. Our algorithm consistently outperformed existing saliency detection
methods/\yielding higher precision and better recall rates, when evaluated using one
of the | st publicly available dataset.
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Global Conftrast based Salient Region Detection, IEEE CVPR 2011.
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Humans routinely and effortlessly judge the importance of image regions, and fo ttention on
important parts. Computationally detecting such salient image regions remains a significant goal,
as it allows preferential allocation of computational resources in subsequent image analysis and
synthesis. Extracted saliency maps are widely used in many computer vision applications including
iImage segmentation [13, 18], object recognition [25], adaptive compression of images [6],
content-aware image editing [28, 33, 30, 9], and image retrieval[4].,

RESSRAEXLHITE (EE) : I = —ES
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Global Contrast based Salient Region Detection, IEEE CVPR 2011.
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£ (1BR) , AAEHRASEENTRIEER (85E) .

Saliency originates from visual uniqueness, unpredictability, rarity, or surprise, and is often
attributed to variations in image attributes like color, gradient, edges, and boundaries. Visual
saliency, being closely related to how we perceive and process visual stimuli, is investigated by
multiple disciplines including cognitive psychology [26, 29], neurobiology [8, 22], and computer
vision [17, 2]. Theories of human attention hypothesize that the human vision system only
processes parts of an image in detail, while leaving others nearly unprocessed.

Intrc;;luc::;l HﬁEZFE*TE}Eﬁ%?EEEE{' % r%i% .
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Global Contrast based Salient Region Detection, IEEE CVPR 2011. {2{2 _JBEa:$IﬁH%|nj $§'o
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mAsEEFbotton-up data driven saliency detection, FHEIRHGERimage contrast,

{ﬂi’n’TZIKIEI’\JIﬂE, ARAIRIA TV EI, SIHTRBETE. BAMEIE: fast, pre-attentive]
X Bt AR T A RYERi&botton-up data driven saliency

Early worlk by Treisman and Gelade [27], Koch and Ullman [19], and subsequent attention
theories proposed by Itti, Wolfe and others, suggest two stages of visual attention: fast, pre-
attentive, bottom-up, data driven saliency extraction; and slower, task dependent, top-down,
goal driven saliency extraction. We focus on bottom-up data driven saliency detection using
image contrast. It is widely believed that human cortical cells may be hard wired to preferentially
respond to high contrast stimulus in their receptive fields [23]. We propose contrast analysis for
extracting high-resolution, full-field saliency maps based on the following observations:

[%}EﬁéﬂjTZ&Y%ﬂ}%I‘tﬂ@E’gﬁﬂxﬁﬁjﬁ (high-resolution, full-field
saliency maps), F5|HizsapheElERNRER.,

Global Contrast based Salient Region Detection, IEEE CVPR 2011.
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A global contrast based method, which separates a large-scale object from its surroundings, is
preferred over local contrast based methods producing high saliency values at or near object
edges.

Global considerations enable assignment of comparable saliency values to similar image
regions, and can uniformly highlight entire objects.

Saliency of a region depends mainly on its contrast to the nearby regions, while contrasts to
distant regions are less significant.

Saliency maps should be fast and easy to generate to allow processing of large image
collections, and facilitate efficient image classification andre}ie%
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Global Contrast based Salient Region Detection, IEEE CVPR 2011.
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Such methods using local contrast tend to produce higher saliency valuesnear
edges instead of uniformly highlighting salient objects (see Figure 2).

Zhai and Shah [32] define pixel-level saliency based on a pixel’s contrast to all
other pixels. However, for efficiency they use only luminance information,thus
ignoring distinctiveness clues in other channels.

Achanta et. al. [2] propose - - - . The elegant approach, however, only considers
first order average color, which can be insufficient - - - .

Furthermore, these methods ignore ¢ « « , which can be critical ¢ « « (see

Section 5). 1\
_— =+ BN ___ N\ o 4 4%
| A3, RES—MERN. BN0NE
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Fig.: Sketch2Photo: Internet Image Montage, ACM TOG 20089.

Fig. 2 provides an overview of our system. The user provides a simple freehand sketch,
where each scene item is tagged with a text label. Our goal is to convert this sketch into a
photo-realistic image. To achieve this, () we search online for each scene item, and the
background, using the text label. The discovered results are filtered to exclude undesirable
images.
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Scene Item _ :
Sketch Candldate. Image Image (:Jo{nb:.natmn Ranked Output
Selection Optimization

Fig.: Sketch2Photo: Internet Image Montage, ACM TOG 20089.

- During filtering, each image is segmented to find scene elements matching items in the
sketch. @) We then optimize the combination of the filtered images to seamlessly compose
them, using a novel image blending technique. @) Several compositions are automatically
generated and ranked according to estimated quality. The user can then select among
these results and follow up with interactive refinement.
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Learning Hierarchical semantic representation on ConvNet Fig 3 The architecture Of our proposed
- - << image retrieval method via hierarchical
,! 3 -~ Semantics  mmm—)> deep §emantic hashi.ng.Top:An image is

N input into a convolutional neural network
I, s Fw  nways which is supervised pre-training on

e Imagenet and fine-tuning on target dataset.

DeepHash Layer

L - S The network has two output vectors per
wsll=k j " eoncricn [*] 0| MENED image: a Softmax probabilities and a hash-
S B P i q-b-n:aash like representation. The two branches share
R Codes the convolutional layers. Two CNN are both
trained end-to-end with the groundtruth
Retrieval via Hierarchical Deep Semantic Hashing . f h
e R e | S 5 R labels. The input of the two vectors are
| . gils utilizing the fully-connected layers (FCs).
| | (IR Down: The images retrieval procedure is
using a coarse-to-fine strategy that
Query Image ) . " | separate into two |OgiStiC components
Semantic-Level Retrieval Hashing-Level Retrieval Results

semantic-level retrieval and hashing-level

Hierarchical deep semantic hashing for fast image retrieval. MTAP. 2016 retrieval
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224 5 | 3|} ENEA 3| | R i i
(= 13 ) dense’| |dense 5
27 3\ [ 3\ I3 13
il 1000
192 192 128 Max |
: 2048
Max 128 Max pooling 2048
pooling pooling

48

Figure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities

between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs communicate only at certain layers. The network’ s input is 150,528-dimensional, and
the number of neurons in the network’ s remaining layers is given by 253,440-186,624-64,896-64,896—-43,264—

4096-4096-1000.

ImageNet Classification with Deep Convolutional Neural Networks. NIPS. 2012.
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3.5 Overall Architecture

Now we are ready to describe the overall architecture of our CNN. As depicted in Figure 2, the net
contains eight layers with weights; the first five are convolutional and the remaining three are fully-
connected. The output of the last fully-connected layer is fed to a 1000-way softmax which produces
a distribution over the 1000 class labels. Our network maximizes the multinomial logistic regression
objective, which is equivalent to maximizing the average across training cases of the log-probability
of the correct label under the prediction distribution.

The kernels of the second, fourth, and fifth convolutional layers are connected only to those kernel
maps in the previous layer which reside on the same GPU (see Figure 2). The kernels of the third
convolutional layer are connected to all kernel maps in the second layer. The neurons in the fully-
connected layers are connected to all neurons in the previous layer. Response-normalization layers
follow the first and second convolutional layers. Max-pooling layers, of the kind described in Section
3.4, follow both response-normalization layers as well as the fifth convolutional layer. The ReLLU
non-linearity is applied to the output of every convolutional and fully-connected layer.

The first convolutional layer filters the 224 x 224 x 3 input image with 96 kernels of size 11 x 11 x 3
with a stride of 4 pixels (this is the distance between the receptive field centers of neighboring

ImageNet Classification with Deep Convolutional Neural Networks. NIPS. 2012.
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Main Body: Theory

An example

Fig.: A counter example: (a) input image containing four regions and four seeds of three
types; (b) random walk segmentation result; probability of a random walk starting at
each pixel first reaching seed type (c) sy or (d) so.

A property suggested by [Grady 06] is that each segmented region is guaranteed
to be connected to one or more seeds with that region’s label: Isolated regions
without seeds do not occur.

Connectedness of Random Walk Segmentation, IEEE TPAMI 2011.
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To show this, we analyze the random walk problem using an equivalent electrical circuit
network. We further assume that the algorithm works on general graphs, and generalize the
segmentation problem to a special convex hull partition problem (Observ. 1). Then we show, step
by step (Propos. 1-5), that for any segmented graph which satisfies the connectedness property
and has more than three label types, even allowing the algorithm to have more general weighting
(Propos. 4) and assignment rule (Propos. 5), it is still possible to replace some part of it in a way
which makes the connectedness property fail. Finally, Proposition 5 provides a condition under
which random walk segmentation is guaranteed to give a connected result.

Connectedness of Random Walk Segmentation, IEEE TPAMI 2011.
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An example - Theory Proof

Proposition 2. For any H satisfying Proposition 1, we can construct a
PSN with conductance matrix H.

Proof. The proof is simple—we just connect boundary nodes. For
boundary nodes ¢ and j, we add an edge with weight
(conductance) —h;;. It is easy to check that the conductance
matrix is H. Note that no inner nodes are created, and such a

matrix corresponds to C in the proof of Proposition 1. O
? ? Fig.: An example of counter example construction:
. - initial seeds are shown in color in (a) and the
.' g ‘ A4 ?—. determined image colors and final pixel labels are
2.0.5 : I shown in (c). (a) Graph and seeds. (b) Counter

()3~ By 3a1'1_ ~1-i 4—6—@ example. (c) Image color.
(a) (b) ()

Connectedness of Random Walk Segmentation, IEEE TPAMI 2011.
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Maln Body Algorlthms
= =] ) /A

SES VA SR
BEREARRNTFFIN IR NHTZIERN, FLEsTAt
This algorithm sharpens the input image, which improves the reliability of the text
detection process.

WFEHE, SHPiRAYERIZFhREE
This algorithm has three inputs. These are two images, which should have the same

dimensions, no greater than 1024 x768 pixels, and a user-selected mixing ratio rin the
range [0, 1].

MWigix, RREIRERIER FEERBSRiRE

If two copies of the same image are provided as iniput, ...
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Main Body: Algorithms

HE5it4

SFESRZNMERTA

This output is a new image with the same dimension as the input image. A fraction r of its pixels are

chosen at random from the first image, ...

MFEBENIENTRZ, FELLRAEINEE
The car tracking algorithm iteratively seeks the position of the car. In each video frame, the iteration

is started by ...
WFRFEATLEESHNRGZE, BEEERZRSHITHEE

The user must also supply a real tolerance #which controls the accuracy of the results...
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Main Body: Algorithms

HZEN Ay mERIERRIZEIRA

Read in the @input data and process it to @qgive the output, @removing any

noise from the input if necessary.

A iE R IEREE s

Read in the @input data, @remove any noise from it if necessary, and @

process it to give the output.

Xinyu Ou | Yunnan University of Finance and Economics CXSIEREARSX 202458H26H 49/78




Maln Body Algorlthms

BIAYEIA R follow

HRlESFE
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BEnEmiAEEFIS IR

XJHIERY EL#E%%%%HE ZHBM, AEeEXETE. FEYIHYEAN.
BN ARG, A, BEER =2 THR.

Algorithm Text Summarization Algorithm

1: procedure TEXT DOCUMENT SUMMARIZATION
Input: A text document.
Output: Summary sentences.
Creating information table from input document.
Generate matrices.
Call Procedure: Reduct construction [Alg. 2]
Return: Summary sentences
end procedure

a4 9k
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WERHITHHIE

AT TEd TR
I TIHATRERE
NWEIENNARSTHITRE, MAREERE
WF B nIERESAERHITITIE
S HENHEOANE/HEERESEE
R R R RX B ERY

A
B

iARYTEIA

ANERX LB RIEIISCITRER, 1828 HXISCISER o BYRIRIS | F
XIFTB RIS ITEIE MR
e geIIL R ENREE
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Main Body: Algorithms

181 SEAG SRAGIE R ZR IR E

MELIERFERAERERNS, MAZRAEBMIARIESL, WERERIRIRS
HINSHEREESZEMEA. SZHEHESILARIIER (E=RMEZH) .
HZESKiEE LRSS

YEE PSRN ERHTEBMIREE, HRREARE.
RRIFANAERESISAYIEA.

MNFAERESE, RESATRLIGERZNEEHE
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Experiments

/ BB CHBR
[ T LR
| AT AEBIEX
/ 1B FENS

B Abstract B Introduction B Related Work B Overview M Theory B Algorithms

B Experiments H Conclusions B Acknowledgements B References HM Appendices
Xinyu Ou | Yunnan University of Finance and Economics IEXEIENEERX




IEXBIESZARMMTE (Writing and Academic Norms )

® XIFHAIEN, LK
® WFHEILIEN, LK

4$Qi:
JW g
4$Qi:
JW g

RaJLUES:

ISR

KA LAFUFTIHE SEZ [BRY—30E

IE3CHYIR;

® IRERFTMB TAEARFr AR, M{EREZER

® BXHIIEN ERSS MLfsE
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BALIREREMZEIRZBRY

tHHR BRI T ESIEH
EIRERMIGIREPIRICHTRIRLES T

ERALMRRGERAEREENNE, LIBRE—NREEY, KB—MEEEYT

LI NZSEX NG EZSIMEGAIRICHITIILL, BENMEN ZMNTIENIZE
B, ERUFAY

AT EEERINAR, IEXMAEGZLARH AR RERAN B ELLREGEEME,
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BN RAMZEIEIZBR

BN A ERERIES N SRS R Z B IRV ER
AEBVEMANZE, SiEAREEEELREREIEENARE D RRIEEE
AFEZEEREYE, BEIRHERIEUE, RiVEUE, FEIUBLANREMESUES
EEA RS EHTTIEE
NTFEZNAERESE, NEREEASHESHRARE—HITEN, RNBEZEREESZ
HESEIERINERER
NFE—MESE, MZERECHAERE, HEHAEBE TSR
REZNFRE—HRMSEAESHNRE (State-of-The-Art, SOTA)
REBMIREB N SHARIRE THSERXR
LA ge R EINEEA—HER
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SEISAVE S RN

&l

EHATAILLSCIERT, S HRERIATR ARG 1T
HERNRE. AENSHIKE. HEHES

{EHEir LIRS ARG

RS HAEHIES I CEBENE RIS, AEFAEZIERSE.

RuajgetaiZEMAY. HFEER

Our approach to image enhancement takes 7s to process an image of size 1024x1024
pixels.

Figure 2 presents the precision recall curve of the saliency maps for thresholding in th range

[0, 255]
(UVEKFRTFEMAIERAIEI, RMEHiIAccept
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Experiments RIEAZIRFIHRE

B5cERRIREsCISAYERY, PARRRBASEIERINAHITRY,

E S EFRY:

ETTFHEL

EER,

AF SRR TES B AR T{ERY

IRIEFmEEREIR, ISR EIRGERAITE
{RSEINRYEER

MERHT

i EE,

WNRAIEERYIE, B

FBERZEBER

{RMERPIEETHRIAE
R EUILAR NI IR S AT NRAYEE, LRt AR MFERNEIRS:.

P B eSS (GTEIR) adfnEEHE (benchmark) .
SR, fSHEIRZEH Failure Case, FHH1TE4ERE
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EPeriments e ———
THREA E Y

BBt BASERS RV E RS, AR BRI AN HITHY

The aim of this experiment was to determine the radial lens distortion in the

camera lens used in our system. An image was taken of the reference target
described in Section 3.2. and the first and second order radial - - - using

Algorithm 2 and Equation 6.
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BHLIENER (FU. EEMN)

The first and second order radial and tangential distortion coefficients were
determined to be K1 = 0.00037m-2, - - -, P2 = 0.0000017m~-4.

Xinyu Ou | Yunnan University of Finance and Economics CXSIEREARSX 202458H26H 61/78



IEXEBIESZEARME (Writing and Academic Norms )

IR

EE, DTRImMNERPIEETHRIAS

o
i
A
R
b

Al

R R RN LA EEIRG AT NREEERY, IANRAHAERXMTERNETES

Using Equation 9, the magnitude of these lens distortion coefficients indicate
that, without correcting for lens distortion, the position of the robot can only

be determined to within 8.5 cm, which is not adequate for safety. It is thus

necessary to correct for lens distortion.
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X &R HITHERE

(RN, LANRGEMERSATMXAIEE, AT AERXMFENSEIRS.

To test our algorithm for removing motion blur, we collected as test cases the first 50 images
returned by searching Google Image Search using keywords ‘motion blur image’ . These
exhibited a range of subjects, and differing amounts of motion blur, allowing us to test how
well our algorithm works with varying inputs.

We use Holidays [11], Oxford5k [29] to compare with existing similarity learning algorithm,
use Oxford105k [29] and ImageNet [33] for large scale experiments, and use Caltech256 [9]
and ImageNet [33] to evaluate cross-category generalization.
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WNRAJHEE

if, &)

H3H (GT) s9EENi (Benchmark)

HERAEELmE (GTEH

l

) BtnEEHE (benchmark)

]
For example, the ImageNet dataset have been widely used in image classification, and come
with ground truth. The MS COCO dataset have been used in many papers on object
detection, and come with ground truth.

Crucial for fair comparisons!
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EmA LRI ELIREAEI (An example)

| R BRSNS

B RGN HAE—HAE

Our algorithm to generate music in the style of various classical compos, /s worked well for

Bach, Scarlatti and Mozart, where in each case the test subjects were able to identify the
composer with with over 90% success rate (see Table 1). However, we were less successful
at generating music in style of Stravinsky. Users only correctly identified this style in 42% of

cases, despite having been given thre’ "‘fferent pieces by Stravinsky to listen beforehand.

HLEHAGFH: fEStravinsky XRHIIRAR/S T
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FrBENEZElEERBRME

imeteRAGERNRRTE, MRALL, BEHHRRXERRIEEIN.

AEERIRE |

Our new battery technology is designed to operate at room temperature. It is unsuitable for
outdoors use in cold conditions. Our test show that it can only provide 17% of its maximum
working current at a temperature of 5 °C. It might be useful to add an additional

temperature control system to use this battery technology in outdoors.

S HHERRREY. |
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BRI ES| B

fRRARS LIS CARE NGRS, HFEARIERE.

Our text recognition algorithm works well for English. However, it is unlikely to work well for

Chinese, which has many more characters.

(NZER 7 EngllshEl’J;kL,
A\t R eiA T EAY4E
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Conclusions

BEBT4

REEHIEXMEER (contribution) FIEIFAS (novelty)
RN TACXNEREEEESH=HH

SERSEINERERIEICIERR, HAFIEXEIERFIERR AN (IRAB(RAVARZEXI FHA T1ERY
P,
nimES X LIERFRSE, FEHT—SITERSHEER
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Conclusions

REERIEN IR EIFh =

Our paper provides novel methods for segmenting a car from an image background, and
for model-based tracking of cars in video. We show how to use these to estimate the speed

of cars in video, for applications such as low enforcement and sports broadcasting.
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B MEEE AT

BEHT— MREBNES, 5% J

speed measurement.

The only user interaction required is to indicate when the speed measurement should be
taken. Using a tripod-mounted consumer-grade camera, an accuracy of 3 miles per hour can
be achieved, within 10 seconds of computation. We have experimentally verified this

accuracy by deploying our system by roadsides #Znd obtaining ground truth speed by

radar. Previous methods have needed user assi
less accurate.

BIZXILE previous methods FIANRIT/FUEEE T A T
YERSINE, 12C 7 ..., 22508 7RI AR TIE,
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Conclusions

PriZiE ST AERYBR

SEHASCHOBRABIRIGRS

Our system is generally reliable, but can occasionally fail for grey cars whose colour is too

similar to that of road. Improved edge detectors may help to overcome this problem.

A BT T J
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MREENPERERA 7RSSR, SRR, (BEF, £FEEEHITSIA, WEH
HRXIEBUSRER.

Figure 12. Text recognition results. Left: results produced by Chen’s algorithm (From [16],
used by permission of IEEE. ©IEEE 2009). Right: our results.
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Several previous works have considered three-dimensional omnispectral cameras [1,2,3],
while others have considered four-dimensional hyper-spectral cameras [4,5,6,7]. Our work
is the first to combine key elements from both of these devices, and to show how to
construct a four-dimensional omnispectral cameras.
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