
COMBINATION THERAPY FOR TREATMENT OF PATIENTS WITH
NEUROLOGICAL DISORDERS AND CEREBRAL INFARCTION FIELD
OF THE INVENTION The present invention provides
methods and compositions for the treatment of stroke
and neurological disorders. The methods and
compositions of the present invention bring together
aspects of Traditional Chinese Medicine (TCM) and
Western medicine. BACKGROUND Stroke is a major cause
of death and disability. Primary stroke prevention
focuses on lifestyle modifications of risk factors
while secondary stroke prevention aims to reduce the
overall risk of recurrence in persons who have had a
stroke. There is currently a lack of treatment methods
for stroke recovery in Western medicine, these being
frequently limited to the following options: a)
Intra-arterial thrombolysis with intravenous tissue
plasminogen activator (rt-PA), which is applicable
only to 3 to 5% of stroke patients (as it has to be
applied only for acute ischemic forms, only if
patients do not present any contra-indication, and
only within 3 to 6 hours after the onset of symptoms),
can restore blood perfusion and prevent neurological
and functional damage to some degree; b)
administration of aspirin / other antiplatelets / or
sometimes anticoagulant to most of the cerebral stroke
patients for secondary stroke prevention, which gives
an improvement effect of about 1% (The International
Stroke Trial (IST) a randomised trial of aspirin,
subcutaneous heparin, both or neither among 19435
patients with acute ischaemic stroke. International
Stroke Trial Collaborative Group. Lancet. 1997 May 31;
349(9065):1 569-81); c) medications such as analgesics
may be needed to-control associated symptoms d)
rehabilitation includes physical therapy such as
physiotherapy, massage, speech therapy, or
occupational therapy. One known TCM product is
NeuroAid(r). Clinical studies performed in China on
compositions the same as NeuroAid(r) have shown that
this natural product combination increases stroke
patients' neurological disability recovery and
functional outcomes with extremely few side effects or
other adverse effects. The composition of NeuroAid(r)
has been approved by and registered with the State
Food and Drug Administration (SFDA) and is
administered for the treatment of cerebral infarct
patients during their recovery at an early or late
stage, and the indications in Traditional Chinese
Medicine are: to supplement qi and activate blood
circulation. It is applied to treat those patients who
are suffering from ischemic or hemorrhagic (for the
latter, it is at present indicated in late phase only)
cerebral infarction of qi deficiencyand blood stasis
with manifestations of hemiplegia, hemianesthesia, wry
mouth, aphasia (inarticulateness) and etc during their
channel and collateral convalescent period of ischemia
apoplexy, and its efficacy is supported by clinical
trial data. It may be useful for treating other types
of stroke than cerebro-vascular stroke such as cardio 



vascular disease (heart stroke mainly due to coronary
artery stroke) as well as other neurological
disorders. Neurological disorders are disorders that
affect the central nervous system, the peripheral
nervous system and the autonomic nervous system such
as neurodegenerative diseases (for example,
Alzheimer's disease and Parkinson's disease),
epilepsy, seizure, demyelinating diseases (for
example, multiple sclerosis), cerebral palsy,
traumatic injuries to or tumours in the brain, spinal
cord and peripheral nerves. NeuroAid(r) is capable of
use as a Western medicine or a dietary supplement to
provide nutrition to healthy individuals as well as
patients afflicted with stroke or neurological
disorders. NeuroAid(r) is typically administered
orally (per os) as such or by diluting the capsules in
water or via a gastric tube, 3 times each day and 4
capsules each time for a 4-week course of treatment.
The duration of treatment is typically 3 months/3
courses, adaptable with regard to the patient's
condition. The use of TCM is, however, particularly
challenging for European clinicians because of the
lack of guidelines, clinical data and the small number
of studies conducted under Western guidelines.
Potential interactions between TCM and Western
medicine that may lead to adverse side effects are
also a major concern among both practitioners of TCM
and Western medicine. Of particular concern are the
increase or decrease in the effects of a blood thinner
such as Warfarin that may lead to either a bleeding
episode or formation of a blood clot, and the decrease
in the effect of a blood pressure medication that may
lead to high blood pressure and a stroke. For example,
the potential interaction of the Chinese herb salvia
with the Western drug Warfarin leading to excessive
blood thinning with bleeding has been well documented
with confirmatory laboratory studies. Non-steroidal
anti-inflammatory drugs (NSAIDS), in particular
aspirin, also have the potential to interact with
Chinese herbs and increase bleeding risks. For these,
and other reasons, TCM is generally not used in
conjunction with Western medicines. As current
treatment options do not address the needs of
difficult-to-treat patients with important stroke
disabilities, such as hemiparalysis or aphasia, the
present invention seeks to combine TCM with
established agents for the treatment of stroke
patients to present a new therapeutic treatment option
for stroke patients.SUMMARY OF INVENTION According to
a first aspect, there is provided a method of treating
a patient having a condition selected from the group
of cerebral stroke, heart stroke, neurodegenerative
diseases, brain trauma, nervous system trauma and
conditions related to neuroplasticity, the method
comprising administering to the patient, (i) a
composition which comprises at least 4, 5, 6, 7, 8, 9,
10, 11, 12, 13 or 14 of the following ingredients:
Radix Astragali root (Membranous Milkvetch root or
Huang Qi), Radix et Rhizoma Salviae Miltiorrhizae root
(Red Sage root or Dan Shen), Radix Paeoniae Rubra root
(Red Peony root or Chi Shao), rhizome of Ligusticum
Chuanxiong (Chuan Xiong), Radix et Rhizoma Notoginseng
(Sanqi), Cortex moutan (Peony or Mudanpi), Wood of
Odoriferous Rosewood (Jiang Xiang), dried body of
Scorpion (Quan 



Xie), Radix Polygalae root (Yuan Zhi), Grassleaf
sweetflag rhizome (Shi Changpu), Leeches (Hirudo or
Shuizhi), Ground Beetle (or Tu Bie Chong), Natural or
Artificial Cow-bezoar (calculus Bovis artifactus or
Rengong Niuhuang), Gambirplant stem with hooks
(Ramulus uncariae cum uncis or Gou Teng); and (ii) an
agent used in Western medicine for the treatment of
cerebral stroke, heart stroke, neurodegenerative
diseases, brain trauma, nervous system trauma or
conditions related to neuroplasticity. According to a
second aspect, there is provided the use of: (i) a
composition which comprises at least 4, 5, 6, 7, 8, 9,
10, 11, 12, 13 or 14 of the following ingredients:
Radix Astragali root (Membranous Milkvetch root or
Huang Qi), Radix et Rhizoma Salviae Miltiorrhizae root
(Red Sage root or Dan Shen), Radix Paeoniae Rubra root
(Red Peony root or Chi Shao), rhizome of Ligusticum
Chuanxiong (Chuan Xiong), Radix et Rhizoma Notoginseng
(Sanqi), Cortex moutan (Peony or Mudanpi), Wood of
Odoriferous Rosewood (Jiang Xiang), dried body of
Scorpion (Quan Xie), Radix Polygalae root (Yuan Zhi),
Grassleaf sweetflag rhizome (Shi Changpu), Leeches
(Hirudo or Shuizhi), Ground Beetle (or Tu Bie Chong),
Natural or Artificial Cow-bezoar (calculus Bovis
artifactus or Rengong Niuhuang), Gambirplant stem with
tiooks (Ramulus uncariae cum uncis or Gou Teng); and
(ii) an agent used in Western medicine for the
treatment of stroke, in the manufacture of a
medicament for use in treating patients with cerebral
stroke, heart stroke, neurodegenerative diseases,
brain trauma, nervous system trauma or conditions
related to neuroplasticity. According to a third
aspect, there is provided the use of: a composition
which comprises at least 4, 5, 6, 7, 8, 9, 10, 11, 12,
13 or 14 of the following ingredients: Radix Astragali
root (Membranous Milkvetch root or Huang Qi), Radix et
Rhizoma Salviae Miltiorrhizae root (Red Sage root or
Dan Shen), Radix Paeoniae Rubra root (Red Peony root
or Chi Shao), rhizome of Ligusticum Chuanxiong (Chuan
Xiong), Radix et Rhizoma Notoginseng (Sanqi), Cortex
moutan (Peony or Mudanpi), Wood of Odoriferous
Rosewood (Jiang Xiang), dried body of Scorpion (Quan
Xie), Radix Polygalae root (Yuan Zhi), Grassleaf
sweetflag rhizome (Shi Changpu), Leeches (Hirudo or
Shuizhi), Ground Beetle (or Tu Bie Chong), Natural or
Artificial Cow-bezoar (calculus Bovis artifactus or
Rengong Niuhuang), Gambirplant stem with hooks(Ramulus
uncariae cum uncis or Gou Teng), in the manufacture of
a medicament for treating a patient having a condition
selected from the group consisting of cerebral stroke,
heart stroke, neurodegenerative diseases, brain
trauma, nervous system trauma and conditions related
to neuroplasticity, where the patient also receives an
agent used in Western medicine for the treatment of
patients with cerebral stroke, heart stroke,
neurodegenerative diseases, brain trauma, nervous
system trauma or conditions related to
neuroplasticity. According to a fourth aspect, there
is provided the use of an agent used in Western
medicine for the treatment of cerebral stroke, heart
stroke, neurodegenerative diseases, brain trauma,
nervous system trauma or conditions related to
neuroplasticity in the manufacture of a medicament for
treating a patient having a condition selected from
the group consisting of cerebral stroke, heart stroke,
neurodegenerative diseases, brain trauma, nervous
system 



trauma and conditions related to neuroplasticity where
the patient also receives a composition which
comprises at least 4, 5, 6, 7, 8, 9, 10, 11, 12, 13 or
14 of the following ingredients: Radix Astragali root
(Membranous Milkvetch root or Huang Qi), Radix et
Rhizoma Salviae Miltiorrhizae root (Red Sage root or
Dan Shen), Radix Paeoniae Rubra root (Red Peony root
or Chi Shao), rhizome of Ligusticum Chuanxiong (Chuan
Xiong), Radix et Rhizoma Notoginseng (Sanqi), Cortex
moutan (Peony or Mudanpi), Wood of Odoriferous
Rosewood (Jiang Xiang), dried body of Scorpion (Quan
Xie), Radix Polygalae root (Yuan Zhi), Grassleaf
sweetflag rhizome (Shi Changpu), Leeches (Hirudo or
Shuizhi), Ground Beetle (or Tu Bie Chong), Natural or
Artificial Cow-bezoar (calculus Bovis artifactus or
Rengong Niuhuang), Gambirplant stem with hooks
(Ramulus uncariae cum uncis or Gou Teng). According to
a fifth aspect, there is provided a product comprising
as a combined preparation: (i) a composition which
comprises at least 4, 5, 6, 7, 8, 9, 10, 11, 12, 13 or
14 of the following ingredients: Radix Astragali root
(Membranous Milkvetch root or Huang Qi), Radix et
Rhizoma Salviae Miltiorrhizae root (Red Sage root or
Dan Shen), Radix Paeoniae Rubra root (Red Peony root
or Chi Shao), rhizome of Ligusticum Chuanxiong (Chuan
Xiong), Radix et Rhizoma Notoginseng (Sanqi), Cortex
moutan (Peony or Mudanpi), Wood of Odoriferous
Rosewood (Jiang Xiang), dried body of Scorpion (Quan
Xie), Radix Polygalae root (Yuan Zhi), Grassleaf
sweetflag rhizome (Shi Changpu), Leeches (Hirudo or
Shuizhi), Ground Beetle (or Tu Bie Chong), Natural or
Artificial Cow-bezoar (calculus Bovis artifactus or
Rengong Niuhuang), Gambirplant stem with hooks
(Ramulus uncariae cum uncis or Gou Teng); and (ii) an
agent used in Western medicine for the treatment of
stroke, for simultaneous, separate or sequential use
in the treatment of patient with a cerebral stroke,
heart stroke, neurodegenerative diseases, brain
trauma, nervous system trauma or conditions related to
neuroplasticity, and optionally instructions for use.
According to a sixth aspect, there is provided a
method of treating a patient having a condition
selected from the group of cerebral stroke, heart
stroke, neurodegenerative diseases, braintrauma,
nervous system trauma and conditions related to
neuroplasticity, the method comprising administering
to the patient, (i) NeuroAid(r); and (ii) an agent
used in Western medicine for the treatment of cerebral
stroke, heart stroke, neurodegenerative diseases,
brain trauma, nervous system trauma or conditions
related to neuroplasticity. According to a seventh
aspect, there is provided a product comprising as a
combined preparation (i) NeuroAid(r); and (ii) an
agent used in Western medicine for the treatment of
stroke, for simultaneous, separate or sequential use
as a medicament for the treatment of a patient having
a condition selected from the group of cerebral
stroke, heart stroke, neurodegenerative diseases,
brain trauma, nervous system trauma and conditions
related to neuroplasticity, and optionally
instructions for use. According to an eight aspect,
there is provided a method of identifying at least one
compound for treating at least one of cerebral stroke,
heart stroke, neurodegenerative diseases, brain
trauma, nervous system trauma or conditions related to
neuroplasticity, the method 



comprising the step of selecting one or more isolated
compounds from one or more herbs selected from the
group consisting of Radix Astragali root (Membranous
Milkvetch root or Huang Qi), Radix et Rhizoma Salviae
Miltiorrhizae root (Red Sage root or Dan Shen), Radix
Paeoniae Rubra root (Red Peony root or Chi Shao),
rhizome of Ligusticum Chuanxiong (Chuan Xiong), Radix
et Rhizoma Notoginseng (Sanqi), Cortex moutan (Peony
or Mudanpi), Wood of Odoriferous Rosewood (Jiang
Xiang), dried body of Scorpion (Quan Xie), Radix
Polygalae root (Yuan Zhi), Grassleaf sweetflag rhizome
(Shi Changpu), Leeches (Hirudo or Shuizhi), Ground
Beetle (or Tu Bie Chong), Natural or Artificial
Cow-bezoar (calculus Bovis artifactus or Rengong
Niuhuang), Gambirplant stem with hooks (Ramulus
uncariae cum uncis or Gou Teng). According to a ninth
aspect, there is provided a compound, or selected
combination of compounds, identifiable by the method
of the eighth aspect. According to a tenth aspect,
there is provided a compound, or selected combination
of compounds, identifiable by the method of the eighth
aspect, said compound, or selected combination of
compounds, selected from the group consisting of
gamma-muurolene; cyperene; alpha-elemene;
gamma-cadinene; delta-cadinene; alpha-gurjunene;
alphaguaiene; alpha-copaene; beta-cuabebene;
caryophyllene; delta-guaiene; alpha-cedrene;
1,9,9-trimethyl-4,7-dimethano-2,3,5,6,7,8-hexahydroazu
lene; 1,1 ,5,5-tetramethyl-4-methano- 2,3,4,6,7,1
0-hexahydronaphthalene; cuparene; beta-elemene;
gamma-elemene; alphamuurolene; beta-guaiene;
2,6-ditert-butyl-4-methyl phenol;
2,8-dimethyl-5-acetyl-bicylo[5,3,0] decadiene-1,8;
methyl palmitate; ethyl palmitate; methyl
heptadecadienoate; methyl octadecadienoate; ethyl
octadecadienoate; a-ditertbutyl phthalate; dicapryl
phthalate;diisocapryl phthalate; acetic acid;
heptanoic acid; octanoic acid; nonanoic acid; palmitic
acid; isoallyl-benzene; phenylethanone;
octadecadienoic acid; 3-ene-nonanone-2;
cyclododecanone; trans-nonenal-2; tridecene;
1-methyl-4-dioximethylthinobicycle[ 2,2,2]octane;
tetradecane; pentadecane; hexadecane; heptadecane;
octadecane; nonadecane; eicosane; heneicosane;
docosane; alpha, alpha-dimethyl-benzenemethanol; 1-
methoxthyl-benzene; 2,2,2-tri-ethoxyl-ethanol;
1-methyl-4-isoallyl-cyclohexane[1 ,2]; ginsenoside
Rb1; ginsenoside Rd; ginsenoside Re; ginsenoside Rg;
ginsenoside Rg2; ginsenoside Rh1; gypenoside XV II;
notoginsenoside R1; notoginsenoside R2;
notoginsenoside R3; notoginsenoside R4;
notoginsenoside R6; dencichine; beta-N-oxalo-Lalpha,
beta-diaminopropionic acid; quercetin;
beta-sitosterol; stigmasterol; daucostgerol; sanchinan
A; dextrose aldehyde acide; picrates; choline;
betaine; folic acid (2', 4'- Dihydroxy-5,
6-dimethoxyis of lavane); kumatakenin; tanshinone I;
cryptotanshinone; hydroxytanshinone;
methyltanshinonate; methylene tanshiquinone;
przewatanshinquinone A, przewatanshinquinone B;
miltirone; dihydrotanshinone I; tanshinol A; tanshinol
B; tanshinol C; 3-a-hydroxy tanshinone II;
nortanshinone; 1,2,15,16-tetrahydrotanshiquinone;
tanshinone Il A; tanshinone Il B; cryptotanshinone;
isotanshinone I; isotanshinone II;
isocryptotanshinone; miltirone; isotanshinone;
isocryptotanshinone; tanshiquinone A; tanshiquinone B;



tanshiquinone C; saloilenone;
danshenspiroketallactone; tanshilactone; salviol;
tanshialdehyde; danshensuan A; danshensuan B;
danshensuan C; protocatechuic acid; protocatechuic
aldehyde; baicalin; b-sitosterol; ursolic acid;
daucosterol; isoferulic acid; dihydroisotanshinone I;
paeoniflorin; paeonol; paeonin; albiflorin;
triterpenoids; sistosterol; oxypaeoniflorin;
benzoylpaeoniflorin; benzoic acid; b-sitosterol;
gallotannin; pedunculagin; 1- O-galloylpedunculagin;
eugeniin; tannin acid; resin; naphtha; cnidiumlactone;
chuanxingol; 4- hyroxy-3-butylidene-phthalide;
4,5-dihydro-3-butylidene-phthalide; 3-butyl-phthalide;
7- hydroxy-3-butylidenephthalide;
3-butyl-4,5-dihydrophthalide;
(Z)-4,5-dihydro-6,7-transdihydroxy-
3-butylidene-phthalide;
(Z)-4,5-dihydro-6,7-cis-dihydroxy-3-butylidene-phthali
de; senkyunolide K; senkyunolide L; senkyunolide M;
(Z)-6,7-epoxy-ligustilide; 3,6,7-trihydroxy-
4,5,6,7-tetrahydro-3-butyl-phthalide; neocnidilide;
3-n-butyl-3-hydroxyl-4,5,6,7-tetrahydro-6,7-
dihydroxyphthalide; (Z,Z')-diligustilide;
(Z)-6,8',7,3'-diligustilide; wallichilide;
(Z')-3,8-dihydro- 6,6',7,3' a-diligustilide;
chuanxingzine; tetramethyl-pyrazine;
L-isoleucine-L-valine anhydride; adenine;
L-valine-L-valine anhydride; trimethylamine;
perlolyrine; ferulic acid; sedanonic acid; vanillic
acid; caffeic acid; protocatechuic acid; linolenic
acid; chrysophanol; methyl phenylacetate; sedanoic
acid lactone; methyl pentadecanoate; ethyl p
entadecanoate; ethyl heptadecanoate; ethyl
isohepta-decanoate; ethyl octadecanoate; ethyl
isoctadecanoate; methyl linolenate; lactone; asafetida
acid; vanillin; bis-5,5'-formylfurperye ether; 5-
hydroxymethyl-6-endo-3'-methoxy-4'-hydroxyphenyl-8-oxa
-abicyclo(3,2,1)-oct-3-en-2-one; spathulenol;
b-sitosterol; vitamin A; arasaponin A; paeonol;
paeonoside; apiopaeonoside; paeconol; paeonolide
(paeconol, arabian sugar and paeoniflorin);
paeoniflorin; ozypaeoniflorin; benzoylpaeoniflorin;
benzoyl-oxypaeoniflorin; gallic acid; 1,2,3,4,6-
pentagalloylglucose; hirudin, heparin;
rhynchophylline; isorhynchophylline; corynoxeine;
isocorynoxeine; corynantheine; dihydrocorynantheine;
hirsutine; hirsuteine; heter-Gouteng alkali;
katsutoxin; secaline; lycine; cow sulfonic acid;
cetylic acid; octadecanoic acid; cholesterin;
lecithin; b-Asarone (cis-form); asaryl-aether;
Caryophyllene; a-Humulene; Sekishone;
1-allyl-2,4,5-trimethyl-oxy-benzene; b-Asarone;
asarone; cis-methylisoengenol; trans-methylisoeugenol;
shyobunone; isoshyobuncne; epishyobunone; linalool;
calamenene; b-gurjunene; d-cadinene; calamendiol;
isocalamendiol; preisocalamendiol; acoronene; acorone;
acoragermacrone; acolamone; isoacolamone;
caryophyllene; cis-metylisoeugenol; onjisaponin A1
onjisaponin B, onjisaponin C, onjisaponin D,
onjisaponin E, onjisaponin F, onjisaponin G;
tenuifolin; 2-beta-2,7-dihydroxy-2,3-carboxyoleanolic
acid 3-beta-O-glucoside; tenuigenin A; tenuigenin B;
Saponin; onjixanthone; 1,6-dihydroxy-3,7-dimethoxy
xanthone; 1- hydroxy-3, 6,7-trimethoxy xanthone;
5-anhydro-D-sorbitol; N-acetyl-D-glucosamine; 3,4,5-
trimethoxy-cinnamic acid; polygalitol; tenuidine;
bilirubin; biliverdin; cholic acid; chenodeoxycholic
acid; lithocholic acid; stero-cholic acid; conjugated
bile acid; cholestrol; mucigen; carotin; SMC-S; SMC-F;
cow cholalic powder; cholalin; pig deoxygenated
cholalin; cow sulfonic acid; cholesterin; Dalbergin;
Nordalbergin; Isodalbergin; o-Methyldalbergin;
Dalbergenone and Dalbergichromene, analogues of said
selected compounds and any 



pharmaceutically acceptable salts thereof. GLOSSARY OF
TERMS This section is intended to provide guidance on
the interpretation of the words and phrases set forth
below (and where appropriate grammatical variants
thereof). As used herein, the term "about" as used in
relation to a numerical value means, for example, +50%
or +30% of the numerical value, preferably +20%, more
preferably +10%, more preferably still +5%, and most
preferably +1%. Where necessary, the word "about" may
be omitted from the definition of the invention. The
term "comprising" means "including" or "consisting".
Thus, for example, a composition "comprising" X may
consist exclusively of X or may include one or more
additional components. The term "treatment" includes
any and all uses which remedy a disease state or
symptoms, prevent the establishment of disease, or
otherwise prevent, hinder, retard, or reverse the
progression of disease or other undesirable symptoms
in any way whatsoever. Hence, "treatment" includes
prophylactic and therapeutic treatment. By "a cerebral
stroke patient" we include a patient who has suffered
an ischemic or haemorrhagic cerebral stroke. A
cerebral stroke is a sudden and permanent death of
brain cells that occurs when the flow of blood is
blocked and oxygen cannot be delivered to thebrain
lschaemic stroke most commonly occurs when the flow of
blood is prevented by clotting (known as 'thrombosis'
of the artery) or by a detached clot that lodges in an
artery (referred to as an 'embolic stroke1).
Haemorrhagic stroke results from rupture of an artery
wall, and from blood leaking into the surrounding
brain. Haemorrhagic stroke, like ischemic stroke,
causes the death of tissue by depriving the brain of
blood and oxygen, and results in a number of
neurological disabilities (motor, speech) as well as
functional disabilities. The term "stroke" refers to
the sudden death of tissue cells due to a lack of
oxygen when the blood flow is impaired by blockage or
rupture of an artery. Stroke is a vascular accident
that can occur in the brain or in the cardiac system.
The latter condition is medically known as "myocardial
infarction" and more commonly known as a "heart
attack". Because of the similarity of both stroke
mechanisms, it may be useful to use NeuroAid(r) to
help patients with a heart stroke recovering better
from their disability. DETAILED DESCRIPTION The
present invention provides a new combination treatment
for patients having one or more of the following
conditions: cerebral stroke, heart stroke,
neurodegenerative diseases, brain trauma, nervous
system trauma or conditions related to
neuroplasticity. The present invention provides
methods and compositions for treating patients having
a condition selected from the group consisting of
cerebral stroke, heart stroke, neurodegenerative
diseases, brain trauma, nervous system trauma and
conditions related to neuroplasticity. The patients
are administered with: (i) a composition which
comprises at least 4, 5, 6, 7, 8, 9, 10, 11, 12, 13 or
14 of the 



following ingredients: Radix Astragali root
(Membranous Milkvetch root or Huang Qi), Radix et
Rhizoma Salviae Miltiorrhizae root (Red Sage root or
Dan Shen), Radix Paeoniae Rubra root (Red Peony root
or Chi Shao), rhizome of Ligusticum Chuanxiong (Chuan
Xiong), Radix et Rhizoma Notoginseng (Sanqi), Cortex
moutan (Peony or Mudanpi), Wood of Odoriferous
Rosewood (Jiang Xiahg), dried body of Scorpion (Quan
Xie), Radix Polygalae root (Yuan Zhi), Grassleaf
sweetflag rhizome (Shi Changpu), Leeches (Hirudo or
Shuizhi), Ground Beetle (or Tu Bie Chong), Natural or
Artificial Cow-bezoar (calculus Bovis artifactus or
Rengong Niuhuang), Gambirplant stem with hooks
(Ramulus uncariae cum uncis or Gou Teng); and (ii) an
agent used in Western medicine for the treatment of
stroke. This invention is based on the discovery that
NeuroAid(r) is not only efficacious in treating stroke
patients but that it may be safely used in combination
with treatments commonly usedin Western medicine for
treating stroke patients without adverse side effects
such as haemostasis disorders or high blood pressure
as described above. As chronic forms of
neurodegeneration such as Alzheimer's and Parkinson's
disease (associated with cognitive dysfunction) share
common mechanisms of neuronal death with acute forms
of neurodegeneration which accompanies stroke, head
trauma, cardiac arrest and subarachnoid hemorrhage,
NeuroAid(r) may be useful to improve or treat these
brain disorders as it is believed to have potential
activity on neuroprotection or on plasticity.
Neuroplasticity (also referred to as brain plasticity
or cortical plasticity) refers to changes that occur
in the organization of the brain and its circuits of
neurons, in particular changes that occur to the
location of specific information processing functions.
This process supports the learning of new functions as
the result of experience during development as mature
animals and the creation of new information with
healthy neurons by-passing damaged neurons affected by
trauma or a medical condition. Hence, in addition to
treating cerebral stroke patients it is envisaged that
NeuroAid(r) or a NeuroAid(r)-like composition (e.g. a
composition according to (i) above), optionally in
combination with available agents used in Western
medicine, may be useful for the treatment of such
neurodegenerative diseases. Typically, the Western
medicine used in combination with NeuroAid(r) or a
NeuroAid(r)-like composition is one that targets a
different mechanism from NeuroAid(r) or a
NeuroAid(r)-like composition. For example, the Western
medicine may be antiplatelets and anticoagulants
typically used in secondary stroke prevention, and
neuroprotectants typically used in improving recovery
potential in the acute phase of stroke via mechanisms
described below. NeuroAid(r) and similar compositions
The ingredients set forth in (i) above may be present
in the composition in a relatively crude form (e.g.
unprocessed or crushed herbs) or in a more refined
form (e.g. purified extracts). In one embodiment,
NeuroAid(r) is used. NeuroAid(r) is a TCM product in
capsule form 



comprising 9 herbal components and 5 animal
components. NeuroAid(r) comprises Radix Astragali root
(Membranous Milkvetch root or Huang Qi), Radix et
Rhizoma Salviae Miltiorrhizae root (Red Sage root or
Dan Shen), Radix Paeoniae Rubra root (Red Peony root
or Chi Shao), rhizome of Ligusticum Chuanxiong (Chuan
Xiong), Radix et Rhizoma Notoginseng (Sanqi), Cortex
moutan (Peony or Mudanpi), Wood of Odoriferous
Rosewood (Jiang Xiang), dried body of Scorpion (Quan
Xie), Radix Polygalae root (Yuan Zhi), Grassleaf
sweetflag rhizome (Shi Changpu), Leeches (Hirudo or
Shuizhi), Ground Beetle (or Tu Bie Chong), Natural or
Artificial Cow-bezoar (calculus Bovis artifactus or
Rengong Niuhuang), Gambirplant stem with hooks
(Ramulus uncariae cum uncis or Gou Teng).NeuroAid(r),
which may be registered under different names in
different countries (e.g. in South Africa it is
marketed as Strocaid(r) or Danqi Piantan Jiaonang(r))
is manufactured by and available commercially in the
People's Republic of China from Tianjin Shitian
Pharmaceutical Group Co., Ltd (located in the Jianxin
Industrial area, Wangwenzhuang town, Xiqing district,
Tianjin City, China; Postal Code 300381;). It is also
available from Moleac Pte Ltd (formerly Molecular
Acupuncture Pte Ltd), the main licensee outside of the
People's Republic of China (11 Biopolis Way, Helios
#09-08 Singapore 138667; Tel: 65 64789430; Fax:
6564789435). For the avoidance of doubt, NeuroAid(r)
not only includes NeuroAid(r) in the form in which it
is currently marketed but also includes future
formulations of NeuroAid(r) which may, for example, be
marketed by Tianjin Shitian Pharmaceutical Group Co.,
Ltd or Moleac Pte Ltd. Such future formulations may,
for example, vary in dosage amounts or the
concentration of its active ingredients etc.
Combination therapy with NeuroAid(r) In the present
invention, NeuroAid(r) can be used in combination with
one or more agents used in Western medicine for the
treatment of stroke. By "an agent used in Western
medicine", we include any form of mainstream medicine
or Western medicine, including dietary supplements.
For the avoidance of doubt, by "an agent used in
Western medicine", we do not include medicaments used
in TCM medicaments or the like. Examples of suitable
agents include antiplatelets, anticoagulants and
neuroprotectants. One, two, three or more of such
further agents may, for instance, be used in
combination with NeuroAid(r). Thus, the following are
envisaged as suitable examples for use as combination
partner (N): an antiplatelet; an anticoagulant; a
neuroprotectant; an antiplatelet in combination with
an anticoagulant; an antiplatelet in combination with
a neuroprotectant; an anticoagulant in combination
with a neuroprotectant; and, an antiplatelet in
combination with an anticoagulant and a
neuroprotectant. Antiplatelet agents Antiplatelet
agents are medications that block the formation of
blood clots by preventing the clumping of platelets.
Examples of antiplatelet agents include without
limitations: Aspirin, the thienopyridine derivatives
such as ticlopodine (Ticlid) and clopidogrel (Plavix),
the Phosphodiesterase III inhibitors such as
Cilostazol (Pletal), Adenosine re-uptake inhibitors 



such as Dipyridamole (Persantine or Aggrenox (in
combination with aspirin)), and the glycoprotein
llb/llla inhibitors such as Abciximab (ReoPro),
Eptifibatide (Integrilin) and Tirofiban (Aggrastat)
and orally active RGD mimetic prodrugs such as
Orbofiban, Sibrafiban, SR121566, or Roxifiban.These
agents differ in the way in which they prevent
platelets from clumping: for example, Aspirin
(Cyclo-oxygenase inhibitor) blocks thromboxan A-2 by
inhibiting the enzyme cyclooxygenase- 1 (COX-1), the
thienopyridine derivatives (ADP inhibitors) block the
adenosine diphosphate (ADP) receptor on the surface of
platelets membrane, and glycoprotein IIB/lla
inhibitors prevent platelet aggregation by inhibiting
a different receptor at the surface of platelets (the
attachment of glycoprotein llb/llla to its receptor is
the final step in all pathways that cause platelets
aggregation). One or more antiplatelet agents can be
employed in the present invention, for instance, a
combination of, for example, 2 or 3 or more
antiplatelet agents may be employed. Anticoagulant
therapies Antiplatelet agents are part of
anticoagulation therapies. There are two other groups
of anticoagulant agents which may also be employed in
the present invention:  Inhibitors of clotting factor
synthesis such as without limitation, vitamin K
antagonists like coumarins or indanedione derivatives
(Warfarin or Coumadin).  Inhibitors of thrombin that
include several products such as, but not limited to
Heparin (Standard Unfractionated Heparin (UFH), Low
Molecular Weight Heparin (LMWH) such as Enoxaparin,
Tinzaparin) or to recombinant forms of hirudin such as
desirudin and lepirudin (Refludan). Neuroprotectants
Using various mechanisms, neuroprotectants are
compounds that preserve neuronal tissue at risk of
dying during stroke and in the aftermath of stroke.
Some neuroprotectant agents are sometimes used to
treat human stroke patients and include antioxidants
(e.g. selenium, 30 vitamin E, vitamin C, glutathione,
cysteine, flavinoids, quinolines, enzymes with;
reducing activity, etc), N-methyl-D-aspartate Receptor
Antagonists (Dextrorphan, Selfotel, Magnesium),
Narcotic Receptor antagonist (Nalmefene (Cervene),
Ca-channel blockers, Nachannel modulators
(Lubeluzole), Alpha-aminobutyric acid agonist
(Clomethiazole), glutamate receptor modulators,
serotonin receptor agonists (repinotan),
phospholipids, free-radical scavenger (Tirilazad, and
NXY-059), astrocyte activation inhobitor (ONO 2506),
monoclonal antibodies such as anti-ICAM-1 (Enlimomab),
Human antileukocytic antibody, Hu23F2G, membrane
stabilization agent CDP-choline (Citicholine),
Fibroblast growth factor (Fiblast), unsaturated- and
polyunsaturated fatty acids, estrogens and selective
estrogen receptor modulators (SEAMS), progestins,
thyroid hormone and thyroid hormone- mimicking
compounds, cyclosporin A and derivatives, thalidomide
and derivatives, methylxanthines, Mono-Amine-Oxydase
inhibitors (IMAO), serotonin-, noradrenaline and
dopamine uptakeblockers, dopamine I agonists, L-DOPA,
nicotine and derivatives, and NO synthase modulators. 



Modes of Administration The combination partners (i)
and (ii) may be present in a single formulation or may
be present as separate formulations. In one embodiment
there may be a synergistic effect. As mentioned above,
combination partner (ii) may comprise more than one
agent, for example, two antiplatelet agents, or an
antiplatelet agent and a neuroprotectant may be used.
The combination partners (i) and (ii) may be
administered to the patient at the same time (e.g.
simultaneously) or at different times (e.g.
sequentially) and over different periods of time,
which may be separate from one another or overlapping.
The combination partners (i) and (ii) may be
administered in any order. The combination partner
(ii) utilized and the appropriate administration route
and dose level will be known to those in the art or
could be readily determined by one skilled in the art.
Typically, as is well known in the medical art, dosage
regimens may depend on various factors including the
patient's size, body surface area, age, the particular
compound to be administered, sex, time and route of
administration, general health, and other drugs being
administered concurrently. While individual needs
vary, determination of optimal ranges of effective
amounts of each component is within the skill of the
art. The dosage would be similar to that administered
when the agent is used without NeuroAid(r). Dosage
amounts for ticlopidine and for dipyridamole are
described in the Physicians' Desk Reference, as are
dosage amounts for other antiplatelet and
neuroprotectant agents. Dosage amounts of aspirin for
the indicated effects are known to those skilled in
the medical arts, and generally range from about 20mg
to about 325 mg per day. For example, a formulation
may contain about 20mg, 30mg, 80 mg, 160 mg, 250 mg,
300 mg, 325 mg or 350 mg of aspirin. NeuroAid(r) may
be administered orally as such, typically with four
0.4g capsules being taken 3 times a day. For patients
with swallowing difficulties, capsules may be opened
and powder diluted in water that can be drunk as such
or injected via a gastric tube. Hence, a daily dose of
about 4.8g is envisaged. In one embodiment, the
patient's daily dose of NeuroAid(r) (or other
composition according to (i) above) is about 2g to 8g;
3g to 7g; 4g to 6g; 4.25g to 5.75g; 4.5g to 5.25g;
4.5g to 5g; 4.6g to 4.1Og; or 4.7g to 4.9g. A "daily
dose" can be a single tablet or capsule etc. or
multiple tablets or capsules etc. to be taken on a
given day. Suitably, the composition according to (i)
is taken orally.In one embodiment, each course of
NeuroAid(r) treatment lasts about 4 weeks. Typically 3
courses are administered, most commonly back to back.
No therapeutic window is required but additional
courses can be added even after a few days of
treatment cessation. Hence, in one embodiment, each
NeuroAid(r) treatment lasts about 12 weeks. In another
embodiment, the treatment course of NeuroAid(r) (or
other composition according to (i) above) is about 4
to 24 weeks; 7 to 16 weeks; 9 to 15 weeks; 10 to 14
weeks; or 1 1 to 13 weeks. In instances of ischemic
stroke, treatment with anti-platelet drugs usually
commences as soon as possible after onset of stroke
symptoms while in instances of haemorrhagic stroke,
anticoagulation treatments such as Coumadin or
Heparin, are highly contra-indicated and 



discontinued immediately if they were part of
patient's usual treatment. Protamine and vitamin K may
be given to reduce bleeding in patients with
anticoagulant-induced bleeding. In addition to
combination partners (i) and (ii), other compounds may
be administered, for example, proton pump inhibitors
such as Nexium, Protonix and Aciphex. Daily doses of
proton pump inhibitors are typically administered to
reduce the risk of ulcer development and bleeding in
patients under long-term low-dose aspirin or
antiplatelet therapy. BRIEF DESCRIPTION OF DRAWINGS *
Figure 1 Phase Il clinical trial results on use of
NeuroAid (r) versus BNJ (a) Neurological deficit
improvement (DTER scores) before and after treatment
with NeuroAid(r) or BNJ (b) Functional outcomes before
and after treatment with NeuroAid (r) or BNJ. * Figure
2 Phase III clinical trial results on use of NeuroAid
(r) versus BNJ (a) Neurological deficit improvement
(DTER scores) before and after treatment with
NeuroAid(r) or BNJ (b) Functional outcomes before and
after treatment with NeuroAid (r) or BNJ. Figure 3
Clinical study results on the interaction between
NeuroAid(r) and aspirin in healthy volunteers and its
effect on blood pressure, (a) systolic blood pressure
(b) diastolic blood pressure. * For Figures 1 and 2:
Level of severity of stroke (DTER scores) = LOW, MILD,
COMMON, SEVERE Functional outcomes: 0 pts = able to
take care of oneself and speak freely; 2 pts = able to
live independently and to do some simple work with
some incomplete functions; 4 pts = able to walk and
take care of oneself but must be helped partially; 6
pts = able to stand and take a step but must be taken
care of at all times; 8 pts = confined to bed.EXAMPLES
In the following examples, tables and drawings, the
term "NeuroAid(r)" refers to a composition that is the
same as NeuroAid(r). EXAMPLE 1 Phase Il trial:
NeuroAid versus Buchang Naoxintong Jioanang (BNJ) A
randomized, double-blinded, stratified, control design
was adopted for the clinical trial on the efficacy of
NeuroAid(r) in treating patients suffering from
apoplexy compared to BNJ which is known for its
effectiveness in treating patients suffering from
apoplexy (see Example 3). A total of 200 subjects were
involved; 100 cases were treated with NeuroAid(r)
while 100 cases were treated with BNJ (control). BNJ
is produced and provided by Xianyang Buchang
Pharmaceutical Co., Ltd. Four capsules of each drug
were administered 3 times daily, with each course of
treatment lasting 4 weeks. The evaluation criteria for
neurological and functional recovery from apoplexy
(DTER scoring diagnostic standard) and TCM symptom
therapeutic effects (TCM diagnostic symptom scoring
standard) were assessed in accordance with the
Clinical Guiding Principles for the Treatment of
Apoplexy with New Chinese Herbs promulgated by the
Ministry of Health of the PRC in 1993. Severity of
symptoms in the DTER scoring standard was classified
according to 4 levels 



(SEVERE, COMMON, MILD and LOW) while functional
outcomes were classified in points from Oto 8. The
data (Figure 1) demonstrated NeuroAid(r)'s clinical
efficacy and superiority in improving patients'
neurological deficit and functional
(autonomy/dependency post-stroke) outcomes versus that
of the control treatment BNJ. EXAMPLE 2 Phase III
trial: NeuroAid versus BNJ A randomized,
double-blinded, stratified, control design was
adopted. A total of 405 subjects were involved, where
300 cases were treated NeuroAid (r) while 105 cases
were treated with the control drug BNJ produced and
provided by Xianyang Buchang Pharmaceutical Co., Ltd.
Four capsules of each drug were administered 3 times
daily, with each course of treatment lasting 4 weeks.
The evaluation criteria for neurological and
functional recovery from apoplexy (DTER scoring
diagnostic standard) and TCM symptom therapeutic
effects (TCM diagnostic symptom scoring standard) were
assessed as in the Phase Il trial.The data (Figure 2)
demonstrated that NeuroAid(r) was superior to BNJ in
improving the patients' neurological deficit
particularly in helping patients recover from their
hemi-paralysis. With regard to functional outcomes,
even if NeuroAid(r) failed to demonstrate any
superiority to BNJ, both treatments had comparable
effect and about 50% of the stroke patients included
in the study returned to a functionality dependent
state after 4 weeks of treatment (comprehensive
function score similar to Rankin score used in the
West equal to 0 or 2). No adverse effects of treatment
with NeuroAid(r) were observed in the Phase Il or
Phase III trials. The finding of a broad therapeutic
window (>14 days after stroke onset) in both trials
also gives a huge advantage over fibrinolytic agents,
which have to be given within the first 3 to 6 hours.
EXAMPLE 3 Comparative study on efficacy of BNJ versus
Citicoline and aspirin A randomized, double-blinded,
stratified, control design was adopted for the
comparative study on the efficacy of BNJ and
Citicoline in treating patients with apoplexy.
Citicoline is the only putative neuro-protectant that
has shown results in Western randomized,
double-blinded trials given within 24 hours after
symptom onset. Davalos et al. (Oral Citicoline in
Acute Ischemic Stroke. An Individual Patient Data
Pooling Analysis of Clinical Trials (2002) Stroke
33:2850) documents the ability of Citicoline to
improve complete recovery at 3 months. A first
comparative study performed in the PRC involved 150
subjects treated with Citicoline (0.5g IV) for 15 days
in combination with a TCM (Xueshuantong) and 160
subjects treated with Citicoline (0.5g IV) for 15 days
in combination with Xueshuantong and BNJ. The latter
group treated with BNJ showed improvements in scores
on a neuro-functional defects scale, plasma viscosity
level and cholesterol level. A second comparative
study compared 30 subjects treated with aspirin
(150mg), Citicoline (0.75g IV) and salvia
miltiorrhizae injection (6OmL), with 30 subjects
treated with aspirin (150mg), 



Citicoline (0.75g IV), salvia miltiorrhizae injection
(6OmL) and BNJ for 1 month. The BNJ-treated group
showed significantly better results in neurological
and functional outcomes. Citicoline (CDP-choline) is a
key intermediary in the biosynthesis of
phosphatidylcholine, an important component of the
neural cell membrane that stabilizes cells membranes
and inhibits the formation of cytotoxic free fatty
acids. It has been shown to produce beneficial effects
in both animal models and clinical stroke trials. A
significant difference between the groups, favoring
citicoline treatment, was seen in terms of functional
outcome as measured by the Barthel Index and Rankin
scale, neurologic evaluation as measured by the
National Institutes of Health (NIH) stroke scale, and
cognitive function as measured by the Mini Mental
StatusExamination. 1As efficacy trials on Citicoline
have been demonstrated to be superior to the placebo,
it can be inferred from the above two comparative
studies that treatment with BNJ would likewise be
superior to a placebo. EXAMPLE 4 Safety Study: Phase
IV open-label study on effect of NeuroAid(r) on
hemostasis Blood samples of 30 healthy individuals
were collected before they received NeuroAid(r) and 2
and 8 hours after NeuroAid(r) initiation (4 capsules).
Five coagulation tests were performed on the blood
samples. Table 1. The results confirmed that
NeuroAid(r) has no effect on hemostasis blood factors
and thus does not increase bleeding risks.EXAMPLE 5
Safety Study: Phase IV open-label study on potential
interaction between NeuroAid(r) and acetylsalicylic
acid (aspirin) in healthy volunteers and its effect on
hemostasis and blood pressure An open randomized
one-day study was conducted on 1 1 healthy volunteers
receiving NeuroAid (r) treatment (12 capsules per day)
and aspirin (ASA 300mg per day) from day 1 to day 5,
and 11 healthy volunteers receiving aspirin alone
(300mg per day) from day 1 to day 5. Blood samples of
the subjects were collected before they received
treatment and 2 and 8 hours after treatment
initiation. The blood samples were analyzed with the 5
coagulation tests, namely quick prothrombine time,
activated partial prothrombine time, fibrinogen
dosage, platelet aggregation and D-dimer, to identify
the coagulation mechanisms triggered by potential
interaction between NeuroAid (r) and aspirin. Blood
pressure of the 22 subjects was also measured before
treatment, and 2, 4, 6 and 8 hours after treatment
initiation. Results of this trial show that
NeuroAid(r) can be safely associated with aspirin and
does not have any interaction with aspirin regarding
blood coagulation (Table 2) and blood pressure (Figure
3). Table 2. Quick Prothrombine Time (Seconds) Aspirin
alone Mean T = O 12.9 T + 2 hours 12.6 



T + 8 hours 12.4 Aspirin + NeuroAid Mean T = O 12.7 T
+ 2 hours 12.6 T + 8 hours 12.4 Activated Partial
Prothrombine Time (Seconds) Aspirin alone Mean T = O
38.8 T + 2 hours 39.0 T + 8 hours 38.2 Aspirin +
NeuroAid (r) Mean T = O 37.1 T + 2 hours 38.2 T + 8
hours 37.2 Fibrinogen (G/L) Aspirin alone Mean T = O
3.2EXAMPLE 6 Safety Study: Pilot open-label study on
potential interaction between NeuroAid(r) and Western
drugs in ischemic stroke patients and its effect on
hemostasis and blood pressure A pilot open-label study
was conducted on 10 ischemic stroke patients within
the first week of the onset of stroke (early phase).
The test patients were selected based on the following
criteria: a) aged above 18 years old; b) have had a
cerebral infarction with compatible imaging on
Computed Tomography (CT) scan or Magnetic Resonance
Imaging (MRI); and c) the time window between stroke
onset and the open-label study was less than one week,
Conversely, patients that were excluded from the study
include: a) female patients who were pregnant,
lactating or nursing;b) patients showing signs of
intra-cerebral hemorrhage on brain Computed Tomography
(CT) scan or Magnetic Resonance Imaging (MRI); c)
patients having a history of easy bruising or blood
coagulation disorders; d) patients receiving other
Traditional Chinese Medicine than NeuroAid (r); e)
patients who received thrombolysis; f) patients who
have used NeuroAid (r) within a 3-month period prior
to screening and enrolment in the open-label study.
Each patient received 4 capsules of NeuroAid (r) 3
times a day for one month in addition to the other
Western medicine the patient was receiving. The
Western medicine includes platelet aggregation
inhibitors, nitrates, oral anti-hypertensive drugs,
lipid regulating drugs, oral anti diabetic, or
anti-convulsant drugs. 



Safety assessment tests were performed on blood
samples collected from the test patients at three
intervals: a) before NeuroAid (r) intake (to form the
baseline); b) 1 week after NeuroAid (r) initiation;
and c) 4 weeks after NeuroAid (r) initiation. The
blood samples were analyzed using the following
hematology and biochemical laboratory analytical
tests: a) Prothrombine Time (PT); b) Activated Partial
Prothrombine Time (APPT); c) fibrinogene dosage; d)
platelet aggregation; e) D-dimer test; f) blood cell
count; g) creatinine; h) SGOT SGPT; i) glycemia; and j
) CRP-C-reactive protein. The results of the
open-label study (Table 3) demonstrated that NeuroAid
(r) does not have any effect on renal and hepatic
functions, glycemia, and C-Reactive-protein when used
in combination with Western medicine for managing risk
factors of secondary stroke. For example, in the five
coagulation tests (Prothrombine Time (PT), Activated
Partial Prothrombine Time (APPT), fibrinogene dosage,
platelet aggregation, D-dimer test) performed on
Patients 4 and 5 (both receiving NeuroAid (r) and four
different types of Western medicine) (Table 3, columns
5 and 6), the test readings taken 1 week and 4 weeks
after NeuroAid (r) initiation do not differ
significantly from the baseline readings taken before
the start of NeuroAid (r) intake.The statistical
analysis of the readings for the open-label study
(Table 4) also show that the readings from all 10
patients do not differ significantly from the mean
values. For example, in the Prothrombine Time (PT)
test, the Standard Deviation (SD) values after 1 week
and 4 weeks of NeuroAid(r) initiation are 1.09 and
0.77, respectively, which do not deviate significantly
from the baseline value of 0.88. Similarly, in the
fibrinogen dosage test, the Standard Deviation (SD)
values after 1 week and 4 weeks of NeuroAid(r)
initiation are 1.22 and 1.11, respectively, which do
not deviate significantly from the baseline value of
1.13. Hence, the results of the open-label study
further demonstrated that NeuroAid(r) can be safely
used in combination with Western medicine such as
platelet aggregation inhibitors, nitrates, oral
anti-hypertensive drugs, lipid regulating drugs, oral
anti-diabetic, or anti-convulsant drugs.APPARATUSAND
METHOD FOR ANALYSING A VIDEO BROADCAST The invention
relates to an apparatus and method for analysing a
video broadcast. In particular, the invention relates
to an apparatus and method for determining a
likelihood that a candidate commercial boundary in a
segmented video broadcast is a commercial boundary.
The invention also relates to an apparatus and method
for classifying a commercial broadcast in a
pre-defined category. The invention also relates to an
apparatus and method for identifying a boundary of a
commercial broadcast in a video broadcast and
classifying the commercial broadcast. 



TV advertising is ubiquitous, perseverant, and
economically vital. Millions of people's living and
working habits are affected by TV commercials. Today,
TV commercials are, generally, produced for 30 or 60
seconds, costing millions of US dollars to produce and
air. One 30-second commercial in prime time can easily
cost up to 120,000 US dollars [Reference 1 - see
appended list of references]. Millions of people are
reached by commercials which modify their living and
work habits, if not immediately, at least later.
Advertising may be considered an organised method of
communicating information about a product or service
which a company or individual wants to promote to
people. An advertisement is a paid announcement that
is conveyed through words, pictures, music, and action
in a medium (e.g., newspaper, magazine, broadcast
channels, etc.). Although the costs of creating,
producing, and airing a TV commercial are staggering,
television is one of the most cost-effective media.
Its advantages are impact, credibility, selectivity,
and flexibility [I]. In the world of satellite and
cable television, TV commercials have become
indispensable for most clients. Many cable channels
fill in 10 to 12 minutes of a 30-minute serial with
commercials. In just one day, a TV viewer may be
exposed to hundreds of commercials. Over a year, it
can be tens of thousands. With the advance of digital
video recording and playback systems, many works (for
example references [2] - [4]) have focused on
automatically locating a commercial disposed within a
video stream towards "commercial skip" typesof
applications. When a copy of the programme is created
for viewing at a later time, many users are not
interested in the content of commercials or promotions
that are interposed within the television program.
Automated commercial detection techniques can replace
a user's manual skipping operation. Such work deals
with a series of consecutive commercials as a whole
block. Several methods have been disclosed for
automatically locating the boundaries of video
programs and the boundaries of TV commercials in
computerised personal multimedia retrieval systems.
Common recording methods of television programmes
include the use of a Video Cassette Recorder (VCR),
computer magnetic hard disk using an MPEG video
compression standard, and digital versatile disk
(DVD). However, there is no systematic and generic
method that can reliably detect each individual
commercial's boundaries. Although we can make the
assumption that a black frame and a short silent
section of 0.1to 2.0 seconds appears before and after
each TV commercial, any commercial in which
post-editing effects are not present cannot secure
precise boundaries by detecting black frames and quiet
sections. United States Patent No. 6100941 discloses a
method and apparatus for locating a commercial within
a video data stream. The average cut frame distance,
cut rate, changes in the average cut frame distance,
the absence of a logo, a commercial signature
detection, brand name detection, a series of black
frames proceeding a high cut rate, 



similar frames located within a specified period of
time before a frame being analysed and character
detection are combined to provide a commercial
isolation apparatus and/or method with an increased
detection reliability rate. However, a method for
detecting an individual TV commercial's boundaries is
not disclosed in this invention. Reference [2], noted
above, discusses a method of extracting a number of
audio, visual, and temporal features (such as audio
class histogram, commercial pallet histogram, text
location indicator, scene change rate, and blank frame
rate) within a window around each scene boundary and
utilises an SVM classifier to classify each candidate
segment into commercial segments or programme
segments.Reference [18], discloses a technique for a
commercial video's semantic analysis. However, this
work is limited to the mapping between low-level
visual features and subjective semiotic categories
(i.e., practical, playful, utopic, and critical). It
utilises heuristic rules used in the practice of
commercial production to associate a set of perceptual
features with four major types, namely, practical
commercials, playful commercials, utopic commercials,
and critical commercials. Most previous work in the
appended reference list on TV commercial video
analysis focuses on automatically locating a
commercial disposed within a video data stream towards
"commercial skip" type of applications. Many
audio-visual features about blank frames, scene
breaks, action, etc. have been exploited to
characterise commercial video segments in general.
Heuristic rules or machine learning algorithms (for
example, reference [2] above) are employed to generate
a commercial discriminator. Shots and sequences are a
useful level of granularity, as a few useful features
(e.g., scene change rate or shot frequency in [2],
etc.) rely on shots directly, and many statistically
meaningful features (e.g., blank frame rate and audio
class histogram in [2], average and variance of edge
change ratio and frame differences) have to undergo
the accumulation over a temporal window. In general,
features-based commercial detection approach only
allows an approximate location of the commercial
blocks. The invention is defined in the independent
claims. Some optional features of the invention are
defined in the dependent claims. Apparatuses
incorporating features defined in the appended
independent claims can be used to identify a TV
commercial's boundary and TV commercial classification
by advertised products or services. A flexible and
reliable solution may resort to the representation of
intra-commercial characteristics that are of interest
to indicate the beginning and ending of a commercial,
and to indicate the transition from one commercial to
the other.Thus, apparatuses implementing the features
of the independent claims may provide any or all of
the following advantages: Apparatuses implementing the
techniques described may provide a generic and
reliable system and method for locating each
individual TV commercial within a video data 



stream by utilising machine learning to assess a
likelihood a candidate commercial boundary is a
commercial boundary (for example, as a boundary or
not) on the basis of a set of mid-level features,
which are developed to capture useful audio-visual
characteristics within a commercial and at the
boundary between two consecutive commercials. Some
apparatuses implementing the invention utilise a
binary classifier to assess simply whether or not the
candidate commercial boundary is a commercial
boundary. It may be possible to provide a method for
automatically determining key image frames visually
marked with relevant information about a product or
service such as corporate symbols, brand names,
appearance, mild encouragement captions and contact
information within each individual TV commercial,
which can be fed into OCR or object recognition
modules for extracting semantic information. Video
shots containing such key image frames, together with
some modest encouragement coming from the
announcer/voice-over, are often employed to highlight
the offer at the end of a commercial. This may be a
reliable indicator that the video shot in question is
in the vicinity (in the video broadcast stream) of a
commercial boundary. It is also possible to provide a
method for modelling audio scene changes, which are
used to represent the characteristics of audio signal
changes occurring with the transition of different TV
commercials. Optionally, an alignment algorithm is
carried out to seek the most probable position of
audio scene change within a neighbourhood of a video
shot transition point. Boundary classifier modules may
comprise a set of mid-level features to capture audio
visual characteristics significant for parsing
commercials' video content (e.g. key frames,
structure), Black frame inclusive/exclusive
multi-modal feature vectors, and asupervised learning
algorithm (e.g. support vector machines (SVMs),
decision tree, nave Bayesian classifier, etc.).
Apparatuses implementing the techniques described may
provide a system and method for automatically
classifying an individual TV commercial into a
predefined category. This may be done according to
advertised product and/or service by making use of,
for example, ASR (Automatic Speech Recognition), OCR
(Optical Character Recognition), object recognition
and IR (Information Retrieval) techniques. Commercial
categoriser modules may comprise ASR and OCR modules
for extracting raw textual information followed by
spell checking and correction, keyword selection and
keyword-based query expansion using external resources
(such as google, encyclopaedia and dictionary),
SVMs-based classifier trained from external resources
such as public document corpus categorised according
to different topics, and IR text pre-processing module
(such as porter stemming, stopper words removal, and
vocabulary pruning); visual-based object recognition
(e.g. car, computer, etc.) may be useful in the case
of weak textual information. 



The present invention will now be described, by way of
example only, and with reference to the accompanying
drawings in which: Figure 1is a block diagram
illustrating an application paradigm of TV commercial
segmentation, categorisation and identification.
Figure 1 is the Figure 1used in the published paper
not that of the specification; Figure 2 is a block
diagram illustrating an architecture for a boundary
classifier and a commercial classifier; Figure 3 is a
process flow diagram illustrating a first set of
techniques for determining a likelihood that a
candidate commercial boundary is a commercial
boundary; Figure 4 is an architecture and flow diagram
illustrating a second technique for determining a
likelihood that a candidate commercial boundary is a
commercial boundary; Figure 5 illustrates a series of
Image Frames Marked with Product Information (FMPI);
Figure 6 is process diagram illustrating low-level
visual FMPI feature extraction; Figure 7 is a line
graph shows results of system performance for FMPI
classification by using different features; Figure 8
shows a series of images incorrectly classified as an
FMPI frame; Figure 9 is a block diagram illustrating
an Audio Scene Change Indicator (ASCI), alignment of
audio offset and training process flow; Figure 10 is a
bar graph illustrating statistics of time offsets
between an audio scene change and its associated video
scene change in news programs and commercials; Figure
11 illustrates a Kullback-Leibler distance-based
alignment process for audiovideo scene changes; Figure
12 is a graph illustrating a series of
Kullback-Leibler distances calculated from 200 samples
of ASC and 200 samples of Non-ASC; Figure 13 is a
table illustrating the simulation results of ASCI;
Figure 14 is a graph illustrating statistics of the
number of shots and the duration of TV commercials in
the simulation video database; Figure 15 is a line
graph illustrating the simulation results of an
individual TV commercial's boundaries detection;
Figure 16 is a block diagram illustrating the
architecture of a commercial classifier; Figure 17 is
a process flow diagram illustrating a first process
for classifying a commercial; Figure 18 is an
architecture/process flow diagram for a second
commercial classification method; Figure 19 is a
process flow diagram illustrating the method for
keyword determination and proxy assignation of Figure
18 in more detail; Figure 20 is a process flow diagram
illustrating the method for word feature selection of
Figure 18 in more detail; 



Figure 2 1 illustrates an example of actual speech
script, ASR generated speech script, and an acquired
article from World Wide Web for the purpose of query
expansion/proxy assignation; Figure 22 shows a group
of key image frames containing significant semantic
information in TV commercial videos;Figure 23 is a pie
chart illustrating system performance results for TV
commercial classification; Figure 24 is a bar graph
illustrating the number of commercials in which the
OCR and ASR of Figure 18 recognise brand names
successfully; Figure 25 is a bar graph illustrating
the Fl values of classifications based on three types
of input; and Figure 26 is table illustrating results
of classification processes. Referring to the
illustrative paradigm in Figure 1, four points are
summarised to explain the motivations and potential
applications of TV commercial video segmentation,
categorisation and identification. Firstly, as
advertisers spend a great deal of money, it is
possible for them to verify their commercials are
broadcasted as contracted. A preliminary stage is to
determine the boundaries of individual commercials.
Accurate boundaries are useful for effective
clip-level video matching and subsequent statistics of
real duration in TV broadcast. Secondly, research
shows that most people do not mind TV advertising in
general, although they dislike certain commercials;
they do not like to be yelled at or treated rudely;
they want to be respected [I]. With the advance of
digital TV set-top boxes in terms of powerful
processors, large hard disks and internet access, it
may be possible to furnish consumers with a TV
commercial management system, which detects commercial
segments, determine the boundaries of individual
commercials, identify & track new commercials, and
summarise the commercials within a period by removing
repeated instances. Given a decent interface, such a
system may change a TV viewer's passive position. A
user can apply positive actions (e.g., search, browse,
etc.) to the commercial video archive. As advertising
in the mass media is basically incidental to
consumers' use of the media, described techniques may
indirectly improve the reachability of TV commercials.
Thirdly, all advertisements deal with one of three
concepts: ideas, products, and services [I]. TV
commercial classification with respect to the
advertised products or services (e.g., automobile,
finance, etc.) helps to fulfill the commercial
filtering towards personalised consumer services. For
example, an MMS or emailmessage (containing key frames
or adapted video) on the commercials of interest to a
registered user can be sent to her/his mobile device
or email account. Fourthly, the technology of TV
commercials has changed significantly; they are almost
always edited on a computer; the appearance all starts
with the MTV generation and MTV-type commercials are
more visual, more quickly paced, use more camera
movement, and often combine multiple looks, such as
black and white with colour, or 



stills with quick cuts [I]. Accordingly, a TV
commercial archive system including browse,
classification, and search may inspire the creation of
a good commercial. Marketing companies may even
utilise it to observe competitors' behaviours. Two
challenging tasks are addressed by techniques
described below: individual commercials' boundary
detection (ComBD) and commercial classification in
terms of advertised products/services (ComCL). The
first is the problem of video parsing; the latter is
that of semantic video indexing. In TV streams, a
commercial block consists of a series of individual
commercials (spots). Each spot may be dealt with as a
semantic scene. The process of detecting such scene
transitions within a block is referred to as
commercial video parsing. In a classified
advertisement (often found in most newspapers), one
can easily find information useful to determine if the
advertised item is to be bought. Accordingly, semantic
commercial video indexing is meant to accomplish such
classified TV advertisement through video content
analysis techniques. Since an advertising campaign
concerns many topics such as babies, cars,
entertainment, fashion, food, money, sports, and so
on, one may choose some representative categories of
products or services to explore the solution. Some
described apparatuses deal with this via multimodal
analysis. Once individuals' boundaries are determined,
various video clip matching methods can be used to
identify commercials (ComID). One issue lies in a
compact and robust signature for representing
commercial video content. The other issue is to
accelerate the clip search in a large database.
Compared with ComBD and ComCL, ComID can be easily
addressed by existing or modified methods.A first
apparatus for identifying commercial boundaries and
classifying commercials in a pre-defined category is
discussed with respect to Figure 2. The apparatus 60
comprises TV commercial detector 62 configured to
locate boundaries of video programmes and commercial
broadcasts in the video broadcast and to derive a
segmented video broadcast, video shot (or frame)
transition detector 64 configured to identify
candidate commercial boundaries in the segmented video
broadcast, boundary classifier 66 for assessing a
likelihood a candidate commercial boundary is a
commercial boundary, and commercial classifier 68.
Optionally, boundary classifier 66 is a binary
boundary classifier. As shown in Figure 2, boundary
classifier 66 comprises FMPI recognition module 70 for
determining whether a particular frame comprises an
FMPI frame. Boundary classifier 66 also comprises an
SVM training module 74 configured the train the
classifier model 74 with video frames of the segmented
video broadcast which comprise product information
(e.g. FMPI frames). Additionally, boundary classifier
74 assesses whether a candidate commercial boundary
can be considered to be a commercial boundary. The
boundary classifier performs this assessment for an
FMPI frame with FMPI recognition module 70. As will be
discussed further below, the boundary classifier may,
optionally, comprise ASC (audio scene 



change) recognition module 76, silent frame
recognition module 78, black frame recognition module
80 and HMM training module 82 used to train an HMM
(Hidden Markov model) utilised in the ASC recognition
module 76. In an example embodiment, (at least) visual
features are extracted within a symmetric window of
each candidate commercial boundary location from a
video data stream as shown in Figure 3. Multi-modal
audio-visual features are extracted in apparatuses
implementing ASC and/or silence recognition. It will
be appreciated that although Figure 3 illustrates a
multi-modal technique, it has been found that
excellent results are obtainable (again, described
below) with an implementation of FMPI techniques only.
Boundary classification is carried out to determine
whether a candidate commercial boundary is indeed a
commercial boundary of each individual TV commercial.
The input video data stream can be any combination of
video/audio source. It could be, for example, a
television signal or an Internet file broadcast.The
disclosed techniques have particular application for
digital video broadcasts. Implementation of the
techniques described are extendable to analogue video
signals. The analogue video signals are converted to
digital format prior to application of the techniques.
The disclosed techniques may be implemented on, for
example, a computer apparatus, and be implemented
either in hardware, software or in a combination
thereof. Referring now to Figure 3, the process flows
for a first set of techniques for assessing the
likelihood a candidate commercial boundary is a
commercial boundary will now be described. Referring
first to Figure 3a, process 100 starts at step 102. At
step 104, the input video broadcast signal is
partitioned into commercial and programme sections, as
is known. At step 106, a candidate commercial boundary
is detected by use of, for example, a video shot
detector 64. At step 108, image marked with product
information (FMPI) recognition is carried out. From
this, and as will be apparent from below, FMPI
recognition used in isolation may provide perfectly
acceptable results for assessing the candidate
commercial boundary is a commercial boundary at step
110. Optionally, the boundary classifier determines a
likelihood the candidate commercial boundary is a
commercial boundary in dependence of a determination
the candidate video frame comprises an audio scene
change; that is ASCI recognition may be implemented at
step 114 and/or silence and black frames recognition
may be implemented at step 116. FMPI recognition is
discussed in more detail with reference to Figure 3b
and ASCI recognition is discussed in more detail with
reference to Figure 3c. The process of Figure 3a ends
at step 112. Therefore, as illustrated in Figure 3a,
there is provided an apparatus which determines a
likelihood a candidate commercial boundary is a
commercial boundary. The apparatus comprises a
boundary classifier which determines whether a
candidate video frame associated with a candidate
commercial boundary of a segmented video broadcast 



comprises product information and determines a
likelihood the candidate commercialboundary is a
commercial boundary in dependence of the determination
the candidate video frame comprises product
information. Optionally, the boundary classifier is
determines a likelihood the candidate commercial
boundary is a commercial boundary in dependence of a
determination the candidate video frame comprises an
audio scene change. As a further option, the boundary
classifier is configured to make the classification
according to a determination the candidate video frame
(or frames thereof) comprises audio silence or video
black frames. Referring to Figure 3b now, a candidate
boundary is detected at step 106 of Figure 3a. At step
120, the MPEG motion vectors of the video signal are
queried in order to identify key frames at step 122.
The identification of key frames will be described in
more detail below. At steps 124, 126, the video frame
comprising the candidate commercial boundary is parsed
in order to determine local image features at step 124
and global image features at step 126. This is
discussed with reference to Figure 6, below. In the
present example, the local features derived comprise
128 features (or dimensions) and the global features
derived comprise 13 features (or dimensions). At step
128, the local features and global features are merged
to form a 141 -dimensional feature vector. The
141-dimensional feature vector is examined by a
statistical model, in the present example a supervised
vector model (SVM) such as the C-SVC (C-support vector
classification) model. The SVM model will be trained
as will be described below in detail. The SVM model
determines at step 132 whether or not the candidate
boundary video frame comprises an FMPI frame; that is,
it determines whether the candidate video frame which
is associated with the candidate commercial boundary
of the segmented video broadcast comprises product
information. If the query returns a positive result
(i.e. the candidate boundary video frame is an FMPI
frame), an FMPI confidence/likelihood score for the or
each frame in a candidate window (the candidate window
comprising a set of video frames associated with the
candidate commercial boundary) at step 134. The
confidence/likelihood score may be a probability
value, asdiscussed below. The candidate boundary
likelihood assessment is then made at step 110 of
Figure 3a; that is, the apparatus determines a
likelihood the candidate commercial boundary is a
commercial boundary in dependence of the determination
the candidate video frame comprises product
information. As mentioned above, the assessment of the
likelihood the candidate commercial boundary is a
commercial boundary at step 110 may be augmented by
ASCI (audio scene change indicator) recognition in
step 114 of Figure 3a. A process for assessing the
audio scene change is illustrated in more detail in
Figure 3c. The candidate boundary is detected at step
106 of Figure 3a. At step 140, a symmetric audio
window is defined at step 140. This will be described
further below. At step 142, the symmetric 



window is segmented into frames, and a sliding window
is derived. Again, this will be described further
below. At step 146, audio features are extracted for
each sliding window in the segmented window. At step
148, the K-L (Kullback-Leibler) distance metric is
applied to the extracted audio features and alignment
of the audio window takes place at step 150, looping
back to step 148, again as described in detail below.
At steps 152 and 154, ASC and non-ASC HMM-trained
models analyse the extracted audio features and
probability scores for ASC and non-ASC are derived at
steps 156 and 158 respectively. The probability scores
will be described further below and are applied to the
candidate boundary likelihood assessment at step 110
of Figure 3a. A second system architecture and flow
diagram is illustrated in Figure 4. An input video
stream is first partitioned into commercial segments
and programme segments. Shot change detection is
applied to detect cuts, dissolves, and fade in/fade
out, which are considered as candidate commercial
boundaries. Hidden Markov Models (HMMs) and Support
Vector Machines (SVMs) are employed to construct
mid-level features labelled "Audio Scene Change
Indicator" (ASCI) and "Image Frame Marked with Product
Information" (FMPI) to alleviate the problem of
dimensionality and incorporate domain knowledge
towards an effective solution. Thresholding is used to
detect Silence and Black Frames that constitute an
integrated feature set together with ASCI and FMPI.
Finally, a supervised learning algorithm is utilised
to fuse ASCI,FMPI, Silence, and Black Frames to
distinguish true boundaries of an individual TV
commercial. Derivation of these model and features are
described below. An SVM is utilised to accomplish the
binary classification problem of an FMPI frame. This
may be a simple binary ("Yes'V'No" classification).
Compared with artificial neural networks, SVMs are
faster, more interpretable, and deterministic.
Advantages of SVMs over other methods consist of a)
providing better prediction on unseen test data, b)
providing a unique optimal solution for a training
problem, c) containing fewer parameters compared to
other methods, and d) working well for data with a
large number of features. It has been found that the
C-Support Vector Classification (C-SVC) works
particularly well with the described techniques. The
radial basis function (RBF) kernel is used to map
training vectors into a high-dimensional feature space
for classification. We turn now to a discussion of
video shot detection as mentioned above, The term
scene transition detection (STD) is used to
differentiate commonly known scene change detection
that aims to detect shot boundaries by visual
primitives. Generally, a scene or a story unit is
composed of a series of "interrelated shots that are
unified by location or dramatic incident" [9]. STD
aims to detect scenes on the basis of computable
audio-visual characteristics and production rules.
Many prior works deal with STD concentrating on
sitcoms, movies [5] - [9], or broadcast news video
[10] [H]. Instead of a single shot, a scene is often
treated as an elementary and meaningful unit 



for effective browsing, navigation, and search in
video programs where rough scene boundaries suffice
for organising video content. Rather than exactly
locating scene boundaries, most works deal with STD
via the aggregation of consecutive shots. Clearly, a
scene lies in the marriage of video structure and
semantics. By investigating the temporal consistency
of audio-visual contents, only an approximation for
the actual scene should be expected. That is, exact
scene boundaries cannot be secured. In particular,
commercial videos are featured by dramatic changes in
lighting, chromatic composition, and tempo (determined
by shot length, motion, zoom, sound, etc.)amongst
shots, and by creative stories. It makes existing STD
methods less effective for ComBD, as video shots lack
uniform agglomeration within a commercial. One
exemplary approach described herein reduces the
problem of commercial STD to that of a classification
of True Scene Changes versus False Scene Changes at
candidate positions consisting of video shot change
points. It is reasonably assumed that a TV commercial
scene transition always comes with a shot change
(i.e., cuts, fade-in/-out, and dissolves). Features
(e.g. multi-modal features) are extracted within a
symmetric window at each candidate point. Different or
multi-scale window sizes may be optionally applied to
different kinds of features. A supervised learning is
subsequently applied to fuse multi-modal features.
Particularly, the two concepts of ASCI and FMPI
characterise computational video contents (structural
or semantic) of interest to signify the boundaries of
an individual commercial. As noted above, it is
infeasible to decipher a commercial video's temporal
arrangement via a predefined set of shot classes. The
role of mid-level features is to condense high
dimensional low-level features by using adequate
classifiers to generate as many useful concepts as
possible that are supported by commercial video
production rules or knowledge. The framework is
illustrated in Figure 4. Accurate cuts and
fade-in/-out is significant in the described
techniques. In one system performance, videos are in
MPEG-I format, and the compressed domain approach in
[12] is employed to determine cuts. In terms of
parameter tuning, a higher recall of cuts is
preferable. Fade-in/-out is determined by detecting
monochrome frames and detecting gradual transitions
simply via the twin comparison method (TCM), as the
fade-in/-out between two successive spots is in a
short duration (often less than 8 frames) and TCM can
work well for short gradual transition [17]. In system
performance assessments, detected cuts and
fade-in/-out have covered about 98% true individuals'
boundaries. FMPI and ASCI are two mid-level features
on the basis of video and audio content within an
individual TV commercial. Silence and Black Frames are
based on the post editing of a sequence of TV
commercials. FMPI - whether or not in combination with
ASC - provides a post-editing independent system and
method. The combination ofFMPI, ASCI, and as a further
option with Silence and Black Frame provides a more
reliable system and method if Silence and Black Frame
are used in post-editing process. (Silence and Black
Frames are created in post-editing processes.)
Further, as different 



countries make use of them differently, it is a
significant advantage of the disclosed techniques for
FMPI and, optionally, ASCI not to depend on these
features. FMPI is used to describe those images
containing visual information explicitly illustrating
an advertised product or service. The visual
information is expressed in the combination of three
ways: text, computer graphics, and frames from a live
footage of real things and people. Figure 5
illustrates some examples of FMPI frames. The textual
section may consist of the brand name, the store name,
the address, the telephone number, and the cost, etc.
Alongside the textual section, a drawing or photo of a
product might be placed with computer graphics
techniques. As graphics create a more or less
abstract, symbolic, or "unreal" universe in which
incredible things can happen (from a viewer's
perspective), live footage of real things or people is
usually combined with computer graphics to solve the
problem of impersonality. Each frame of film can be
layered with any number of superimposed images. Let us
investigate those examples. Figure 5 (a)-(e) are the
simplest yet most prevalent ones. For Figure 5
(f)-(j), the product is projected into the foreground,
usually in crisp, clear magnification. For Figure 5
(k)-(o), the FMPI frames are yielded by the
superimposed text bars, graphics, and live footage.
From the image recognition point of view, Figure 5
(a)-(e) produce a fairly uniform pattern; for Figure 5
(f)-(j), the pattern variability mainly derives from
the layout and the appearance of a product; Figure 5
(k)-(o) present more diverse patterns due to
unexpected real things. The spatial relationship
between the FMPI frames and an individual commercial's
boundaries is revealed by the production rules as
below. For the convenience of description, we define
the shot containing at least one FMPI frame as an FMPI
frame. Firstly, in most TV commercial videos, one or
two FMPI frames are utilised to highlight the offer at
the end of a commercial. A good example is a
commercial for services, expensive consumer durables,
and big companies. These commercials usually
workthrough context or setting plus the technical
sophistication of the photograph or camera work to
concentrate on the presentation of luxury and status,
or to explore subconscious feelings and subtle
associations between product and situation. For these
cases, it is sometimes hard to see what precisely is
on offer in commercials since the product or service
is buried in the combination of commentary and video
shots. Accordingly, an FMPI frame is a useful 'prop'.
Some modest encouragement coming from the
announcer/voice-over, together with one or more
consecutive FMPI frames, makes the finishing point.
Secondly, an FMPI frame might be irregularly
interposed in the course of some TV commercials (say,
30-seconder or 60-seconder), as our memories are
served by of course endless repetition besides brand
names, slogans and catchphrases, and snatches of song.
Occasionally an FMPI frame may be present at the
beginning of a commercial. Therefore, an FMPI frame
can be considered as an indicator, which helps to
determine a 



much smaller set of commercial boundary candidates
from large amounts of shot transitions. It is possible
to rely on the FMPI frames only to identify commercial
boundaries, but performance may feature a higher
recall but a lower precision. As illustrated in Figure
4, and particularly by Figure 15 below, by combining
FMPI and ASCI techniques, this problem can be
alleviated and yet more accurate results may be
obtained. Figure 6 shows an FMPI frame represented by
properties of colour, texture, and edge features. As
the layout is a significant factor in distinguishing
an FMPI frame, it is beneficial to incorporate spatial
information about visual features. One common approach
is to divide images into subregions and impose
positional constraints on the image comparison (image
partitioning). This approach is used to train the SVM
and also to determine whether the candidate video
frame comprises FMPL. In terms of colour, dominant
colours are used to construct an approximate
representation of colour distribution. These dominant
colours can be easily identified from colour
histograms. Since Gabor filters exhibit optimal
localisation properties in the spatial domain as well
as in the frequency domain, they are used to capture
rich texture information in the FMPI frame. Edge is a
useful complement of textures especially when an FMPI
framefeatures stand-alone edges as a contour of an
object, as texture relies on a collection of similar
edges. As shown in Figure 6, the boundary classifier
derives the training data by parsing video frames
comprising product information and extracting a video
frame feature for one or more portions of the video
frame and/or for a complete video frame. A given image
is first sub-divided into 4x4 sub-images, and local
features of eight dimensions for each of these
sub-images are computed. The LUV colour space is used
to manipulate colour. A uniform quantisation of the
LUV space to 300 bins is employed, each channel being
assigned 100 bins. Three maximum bin values are
selected as features from L, U, and V channels,
respectively, as indicated by solid bars in Figure 6.
Edges derived from an image using Canny algorithm
provide an accumulation of edge pixels for each
subimage, which finally acts as 16-dimensional edge
density features. A set of twodimensional Gabor
filters is employed to extract texture features. The
Gabor filter is characterised by a preferred
orientation and a preferred spatial frequency. The
filter bank comprises 4 Gabor filters that are the
results of using one centre frequency (i.e., one
scale) and four different equidistant orientations.
The application of such a filter bank to an input
image results in a 4-dimensional feature vector
(consisting of the magnitudes of the transform
coefficients) for each point of that image. The mean
of the feature vectors is calculated for each
sub-image. A 128-dimensional feature vector is then
formed to represent local features. The cues of colour
and edge are taken into account for global features.
Three maximum bin values are selected from each colour
channel, which results in a 9-dimensional 



colour feature vector for a whole image. Edges are
grouped into four categories: horizontal, 45 diagonal,
vertical, and 135 diagonal. Edge pixels are
accumulated for each category thus yield 4-dimensional
edge density features. Finally, a 141- dimensional
low-level visual feature vector comprising
128-dimensional local features and 13-dimensional
global features is constructed.Alternatively, let be
an nxm image. LUVcolour space is used. The colours in
T are uniformly quantised into 3 Zbins, each channel
being assigned Zbins. To extract local features, T is
partitioned into r c sub-images equally. Within each
sub-image, the first p maximum bin values are selected
as dominant colour features. Note that the bin values
are meant to represent the spatial coherency of
colour, irrespective of concrete colour values. Based
on Canny edges, edge pixels are summed up within each
subimage, thereby yielding edge density features with
r c dimensions. A set of twodimensional Gabor filters
are employed for texture. Within each sub-image, the
mean msk of the magnitudes of transform coefficients
is used. For S scales and K orientations, texture
features of r c S K dimensions are finally constructed
using msk . In terms of global features, colour and
edge are taken into account. Similarly the first q
maximum bin values are selected from each channel.
Edges are broadly grouped into h categories of
orientation by using the angle quantiser as: By
combining local features and global ones, we obtain
the feature of {3-p-r-c+r-c+S -K-r-c+3-q+h) dimensions
. It has been found that the following parameter
settings yield acceptable results: r =c =4 , p =1, q
=3, S =1, K =4, and h =4. The utilised Gabor filters
use one centre frequency (one scale) and four
equidistant orientations. Finally, 141-dimensional
feature vector is constructed (128 local features and
13 global ones). Figure 7 shows a set of
recall/precision curves yielded by using different
visual features and different C-SVC parameters, which
have shown the effectiveness of the proposed method in
distinguishing the FMPI frames from an extensive set
of commercial images. An accuracy of Fi= 89.6% is
achieved by using 4632 images comprising 1046 FMPI
frames and 2987 Non-FMPI frames selected from the TV
commercial video database consisting of 499 clips of
individual TV commercial videos covering 390 different
commercials. This accuracy is calculated by averaging
the results of ten runs, namely, ten different random
half-and-half training/testing partitions.LIBSVM [16]
is utilized to accomplish C-SVC learning. Radial basis
function (RBF), exp(-y Xi ~ >0 , is used. We are
required to tune four parameters, i.e., g , penalty C
, class weight w,- , and tolerance e . w- is for
weighted SVMs to deal with unbalanced data, which set
the cost C of class i to w,- x C . e sets the
tolerance of termination criterion. Class weights are
set as W1= 5 for FMPI class and 0 = 1 for Non-FMPI
class, e is set to 0.0001. g is tuned between 0.1 and
10 while C is tuned between 0.1 and 1. An optimal pair
of (y ,C) = (0.6,0.7) is set. In order to evaluate the
effects of low-level visual features on the
performance, a set of 



recall/precision curves are yielded by using different
visual features and different pairs of (g ,O as shown
in Figure 7. For each kind of feature combination
discussed below, classification is performed with
different SVMs kernel parameters (or combinations
thereof): colour, texture, edge. Note that different
parameters generate different performance figures for
recall and precision. Different recall/precision
values for each kind of features combination are
linked to generate the curves like Figure 7 to reveal
some tendency. In use of LIBSVM as the implementation
of the SVM, a set of manually-labelled training
feature vectors for FMPI frames and Non-FMPI frames
are fed into a LIBSVM to train the SVM classifier in a
supervised manner. For an incoming image, the
apparatus extracts the feature vector from the image
and feeds the feature vector into the trained SVM
classifier. The SVM classifier then determines whether
the image associated with the feature vector is an
FMPI frame or not. Given a set of test images, the SVM
correctly classifies some images as FMPI frames and
incorrectly classifies some images as FMPI frames. The
classification results vary with different SVM kernel
parameters. Examples of performance are illustrated in
the recall/precision curves of Figure 7.Two
performance curves of "Colour" and "Texture" have
demonstrated the individual capability of colour and
texture features to distinguish FMPI from Non-FMPI.
Texture features play a more important role
comparatively. The combination of colour and texture
features results in a significant improvement of
performance. Edge alone, whilst useful, is less
effective than Texture alone. However, the performance
can be further improved more or less by fusing Colour,
Texture, and Edge together. Edge is a useful
complement of textures especially when an FMPI frame
exhibits stand-alone edges as a contour of an object,
since a collection of similar edges forms texture. In
terms of colour a reduced dominant colour descriptor
is actually utilised. As shown in figure 6, one
maximum bin for each channel within sub-images and
three maximum bins for each channel within the whole
images are considered. The percentages of selected
bins are taken into account to represent spatial
coherency of colour. Colour value is less useful for
representing an FMPI frame. Aiming to determine an
FMPI shot, the FMPI recognition may be applied to
those key frames selected from a shot to identify a
candidate video frame from a motion measurement of a
video frame associated with the candidate commercial
boundary. Motion is utilised to identify key frames.
The average intensity of motion vectors in the video
frame from B- and P- frames in MPEG videos is used to
measure the motion in a shot and select key frames at
the local minima of motion. Directing recognition at
key frames has two advantages: 1) reducing
computation, and 2) avoiding distracting frames due to
animation effects. Although perfectly acceptable
results may be achieved by FMPI recognition alone,
such 



an implementation may be improved further. Figure 8
illustrates a group of images incorrectly classified
as an FMPI frame from FMPI recognition alone. As
indicated in Figure 8 (a) (b) (c) (e), strong texture
of a large area is one main reason for false alarms.
Figure 8 (d) observes clear edges overlapping a large
blank area, which exhibits a similar pattern as an
FMPI frame. A typical example is given in Figure 8(f)
where an object is delineated at the centre of a blank
frame. Such a kind of picture often appears in an FMPI
frame to highlight the foreground product. To avoid
such false alarms, analgorithm is required to
understand what to tell in an image frame. Clearly it
is difficult due to the semantic gap between low-level
visual features and high-level concepts. As noted
above with respect to Figures 3a and 3c, it is
possible to introduce into the assessment a likelihood
(of probability) score that the candidate commercial
boundary comprises an audio scene change. This is now
discussed in detail. The most common type of TV
commercial is a combination of continuous music, sound
effects, voice-over narration, and storytelling video.
It is easy to imagine different TV commercials exhibit
dissimilar audio characteristics. A proper modelling
of audio scene changes (ASC) can facilitate the
identification of commercial boundaries. An audio
scene is often modelled as a collection of sound
sources and the scene is further assumed to be
dominated by a few of these sources [5]. ASC is said
to occur when the majority of the dominant sources in
sound change. It is more or less complicated and
sensitive to determine the ASC transition pattern in
terms of acoustic classes [13] because of model-based
methods' weakness: large amounts of samples required
and the subjectivity of classes labelling. An
alternative is to examine the distance metric between
two windows based on audio features. Metric-based
methods are straightforward. A quantitative indicator
is produced. Yet human knowledge is not incorporated
by labelling training data or others. The boundary
classifier may make the determination the candidate
video frame comprises an audio scene change from a
distance measurement of audio properties of first and
second audio frames of an audio segment of the video
broadcast associated with the candidate commercial
boundary .Figure 9 shows an audio segment located
within a symmetric window at each video shot
transition point. The window may be of a pre-defined
length. A HMM is utilized to train two models for
representing Audio Scene Change (ASC) and Non-audio
Scene Change (Non-ASC) on the basis of lowlevel audio
features extracted from the audio segment. Given a
candidate commercial boundary, two probability values
output from trained HMM models are combined withFMPI
related feature values, Silence and Black Frame
related feature values to represent a commercial
boundary as illustrated in Figure 4. In previous work,
an audio scene is usually modelled as a collection of
sound sources and the scene is further assumed to be
dominated by a few of these sources. ASC is said to
occur when the majority of the dominant sources in the
sound change. In terms of acoustic sources, previous
work has classified the audio track into pure speech,
pure 



music, song, silence, speech with music background,
environmental sound with music background, etc. ASC is
accordingly associated with the transition among major
sound categories or different kinds of sounds in the
same major category (e.g. speaker change). Although
good results have been achieved on audio
classification, it is complicated and sensitive to
determine the ASCs transition pattern in terms of
acoustic classes in audio streams. It is due to the
model-based method's weakness: large amounts of
samples required and the subjectivity of their audio
classes labelling. An alternative is to use a
metric-based approach that examines the audio
features' distance measure between neighbouring
windows. The metric-based method is straightforward. A
quantitative indicator is produced. Yet human
knowledge cannot be incorporated by labelling training
data. Given an audio segment of a predefined length
(say 4 seconds) around a candidate boundary, the
proposed ASCI is meant to provide a probabilistic
representation of ASC. As shown in Figure 9, HMM is
utilized to train two models for "explaining" the
audio dynamic patterns, namely, ASC and Non-ASC. An
unknown audio segment is classified by either of the
models which returns the highest posterior probability
the segment is ASC or non-ASC. This model-based method
is different from that based on acoustic classes.
Firstly, the labelling of ASC/Non-ASC is simpler and
can more or less capture the sense of hearing when one
is viewing TV commercial videos. Secondly, according
to the framework in Figure 1, two probability values
yielded by the ASCI, as intermediate features, can be
easily fused with others; in other words, the
subjectivity at this stage would not seriously affect
the final target. Moreover, a metricbased method is
introduced to accomplish the alignment of audio
feature windows.Our simulation results have shown that
the combination of model-based and metricbased
algorithms yields better performance. A mixture
Gaussian HMM (left-to-right) is utilised to train
ASC/Non-ASC recognisers. A diagonal covariance matrix
is used to estimate the mixture Gaussian distribution.
Suppose we have two HMM models for representing ASC
and Non-ASC, two likelihood values of an observation
sequence are generated by the forward-backward
algorithm. An HTK toolkit [14] is utilised. The ASCI
considers 43-diniensional audio features comprising
Mel-frequency cepstral coefficients (MFCCs) and its
first and second derivates (36 features), mean and
variance of short time energy log measure (STE) (2
features), mean and variance of short-time
zero-crossing rate (ZCR) (2 features), short-time
fundamental frequency (or Pitch) ( 1 feature), mean of
the spectrum flux (SF) ( 1 feature), and harmonic
degree (HD) ( 1 feature). An audio signal is segmented
into a series of successive 20 ms analysis frames by
shifting the sliding window of 20 ms with an interval
of 10 ms. Features are computed for each analysis
frame. Within each frame STE, ZCR, SF, and Harmonic
peaks are computed once every 50 samples at an input
sampling rate of 22, 050 samples 



per sec where the duration of sliding window is set to
100 samples. Means and variances of STE and ZCR are
calculated for 7 values from 7 overlapping frames
while the mean of SF is calculated for 6 values from 7
neighbour frames. HD is the ratio of the number of
frames having harmonic peaks to the frame number 7.
Pitch and MFCCs are computed directly from each frame.
The non-ASC may also consider the same parameters.
Major reasons for using these features are as follows.
MFCCs furnish a more efficient representation of
speech spectra, which is widely used in speech
recognition. STE provides a basis for discriminating
between voiced speech components and unvoiced speech
components, speech and music, audible sounds and
silence. In terms of ZCR, music produces much lower
variances and amplitudes than speech does. ZCR is also
useful for distinguishing environmental sounds. Pitch
determines the harmonic property of audio signals.
Voiced speech components are harmonic while unvoiced
speechcomponents are non-harmonic. Sounds from most
musical instruments are harmonic while most
environmental sounds are non-harmonic. In general, the
SF values of speech are higher than those of music but
less than those of environmental sounds. As
illustrated in Figure 9, the alignment of audio
feature window is incorporated. The alignment problem
is addressed principally for two reasons. Firstly, at
most TV commercial boundaries there is an offset of
0.25 sec ~ 1.0 sec between an audio scene change and
its associated video scene change. Secondly, due to
video production, a mixed soundtrack made up of music,
commentary, and sound effects does not necessarily
synchronise a video track; therefore a symmetric
window at shot transitions cannot secure the
extraction of effective features well matching the
sense about ASC nearby. This is supported by the
statistics of time offsets in news programme and
commercials as shown in Figure 10. Based on
experimental observations, around 95% offsets lie in
the range of 0.25 sec ~ 1.0 sec wherein the offsets of
0.25 sec occupy around 85%. In the news video
production, an anchor person or live reporter can
hardly remain synchronised when camera shots are
switched to weave news stories. In order to capture
audience attention, the production of commercial video
tends to use more editing effects. The time offsets
are mainly attributed to post-editing effects. For
example, for fade -in/-out, the visual change is
located at the middle of the shot transition whereas
the audio change point is often delayed till the end
of the shot transition. Figure 11 shows the
Kullback-Leibler distance metric in use to evaluate
the changes between successive audio analysis windows
and to align the audio window. Window size is
important to good modelling. The difference curves
indicate the different locations of peak change for
different window sizes. A multiscale difference
computing is used since it is unknown what sounds are
being analysed. Essentially, the boundary classifier
determines the candidate video frame comprises an
audio scene change by 



partitioning the audio segment into a plurality of
sets of audio frames, each set of audio frames having
frames of equal length, the length of one set of audio
frames being different from a length of another set of
audio frames to determine a set of difference
sequences of audio properties from the sets of audio
frames, and determining acorrelation between
difference sequences of the set of difference
sequences. Different window sizes are first used to
yield a set of difference sequences; each difference
sequence is then normalized to [0, 1] through dividing
difference values by the maximum of each sequence; the
most likely audio scene change is determined by
locating the highest accumulated difference values
derived from the set of difference sequences. A set of
uniform difference peaks associated with the true
audio scene change has been located with around 240 ms
delay; the offset is identified from a correlation
between difference sequences. After identifying the
offset, the boundary classifier aligns the audio scene
change with the candidate commercial boundary.
According to offset statistics in Figure 10, the shift
of adjusted change point is currently confined to the
range of [-500ms, 500ms]. Audio features are further
extracted and arranged within adjusted 4-sec feature
windows to be fed into two HMM-based classifiers
associated with ASC and Non-ASC, respectively. That
is, boundary classifier extracts audio features from
the audio segment, trains first and second statistical
models for audio scene change and for non-audio scene
change from the audio features extracted from the
audio segment and classifies a candidate audio segment
associated with the candidate commercial boundary from
the first and second statistical models. An alignment
procedure seeks to locate the most likely ASC point
within the neighbourhood of a shot change as
illustrated in Figure 5. Let Wi and Wj be two audio
analysis windows, and their difference denoted by CL
1,Wj ) . By utilising Kullback- Leibler (K-L) distance
metric [15], the difference can be written as d(w i ,W
j ) = p (X)- p j (x)]lnp i (x)/p j (x)dx X where P (x)
and Pj (x) denote the probability distribution
functions (pdf) estimated by the features extracted
from Wi and Wj . One-scale is considered firstly. Let
Wi , = 1,2, ...,N be a series of analysis windows with
an overlap of INT ms. We then form the sequence = d(W
i ,Wi+1 ) . An ASC from W1 to W1+1 is declared if D is
the maximum within a symmetric window of WS ms. Window
size is important for good modeling. The difference
curves in Figure 11 indicate differentchange peaks in
the case of different window sizes. Since one does not
know a priori what sound one is analysing, multi-scale
computing is used. The K-L metric first makes use of
multiple window sizes i scaie }scaie=i s to yield a
cluster of difference value series which is denoted by
; each series of Distancescaie is then normalised to
[0,1] through dividing difference values Discale by
the maximum of each series Max(Dis tan cesca[e ) ; the
most likely ASC point w is 



finally determined by locating the highest accumulated
values. The probability p{col ) of the candidate
window position wl being an ASC point is calculated
as: w = atgMax(p( wl )), l =l,...,M l where M denotes
the total number of candidate window positions, w
denotes the window corresponding to an ASC point.
Based on offset statistics, the shift of adjusted
change point is confined to the range of [-500ms,
500ms], i.e., WS = 1000. Audio features are extracted
and arranged within the adjusted 4-second feature
windows. 11 Scales are employed, i.e., S =Il , where
the window sizes Wini=i i = 500 + 100 (i - 1) ms. At
all scales, the overlap interval is set to / r =100
ms. A single Gaussian pdf is used. 20 ms sliding
window with an interval of 10 ms is applied. The
Kullback-Leibler distance metric is a formal measure
of the differences between two density functions. The
normal density function is currently employed to
estimate the probability distribution of
43-dimensional audio features for each sliding
analysis window. For the minimum window of 500 ms in
total 499 samples of 20 ms unit with a10 ms overlap
result. Figure 11 shows at the sliding window level an
overlap of 100 ms has been uniformly employed for
multi-scale computing. Figure 12 shows the
Kullback-Leibler distances of a small set of ASC and
Non-ASC samples which are illustrated to indicate the
effectiveness of low-level audio features. The
duration of each audio sample is 2 seconds. Two
probability distributions are computed for two
symmetric windows of one second. The same sampling
strategy is applied, i.e., 20 ms unit with a 10 ms
overlap. The audio samples are selected to cover
diverse audio classes such as speech, different kinds
of music, speech with music background, speech with
noise background, etc. Two clusters of
Kullback-Leibler distances can be delineated clearly.
This indicates selected low-level audio features'
capability in discriminating ASC samples from Non-ASC
samples. Although the Kullback-Leibler distance metric
can explicitly provide a quantitative measure of audio
signal change, the temporal context is not utilized
unlike an HMMbased modelling. HMM is a powerful model
to characterize the temporally nonstationary but
learnable and regular patterns for the speech signal
especially when utilised in conjunction with the
Kullback-Liebler distance metric. As shown in Figure
13, a performance comparison is illustrated between a
Kullback-Leibler based approach (with or without
actual alignment of the offset with the K-L metric)
and an HMM-based approach (with or without the K-L
based alignment). The audio data set comprises 2394
Non-ASC samples and 1932 ASC samples. A Half-and-Half
training/testing partition is applied. A left-to-right
HMM consisting of 8 hidden states is employed. A
diagonal covariance matrix is used to estimate the
mixture Gaussian distribution 



comprising 12 components. The forward-backward
algorithm generates two likelihood values of an
observation sequence. If the audio scene change is not
aligned with the candidate commercial boundary, the
probability/likelihood scores for each of these can be
fused later to provide what may be acceptable results.
However, by performing the early fusion, the
co-occurrence of some features an effectively indicate
the boundary and performance may be improved.With an
alignment process, Fl or overall accuracy is increased
by 3.9% - 4.6%. Against the Kullback-Leibler based
approach alone, the HMM-based method improves the Fl
or overall accuracy by 2.9% - 4.2%. Comparatively, the
alignment plays a more important role in performance
improvement. An emphasis should be put on the overall
accuracy of ASC and Non-ASC, since two generated
probabilities for ASC and Non-ASC jointly contribute
to the boundary classification. According to
simulation results, a promising accuracy of 87.9% has
been achieved by HMM with an alignment process.
Silence is detected by examining the audio energy
level. The short-time energy function is measured
every 10 ms and smoothed using an 8-frame FIR filter.
The smoothing implicitly imposes a minimum length
constraint on the silence period. A threshold is
applied, and the segment that has its energy below the
threshold is decided as Silence. A black frame is
detected by evaluating the mean and the variance of
intensity values for a frame. A threshold method is
applied. A series of consecutive black frames (say 8)
is considered to indicate the presence of Black
Frames. The use of Silence & Black Frames is limited
by editing techniques at TV commercial boundaries and
their frequent occurrences within an individual
commercial. However, Silence and Black Frames can be
combined with FMPI and ASCI to form a complete feature
set useful for detecting TV commercial boundaries. As
shown in Figure 4, when fusion of FMPI, ASCI, Silence,
and Black Frames is implemented, this is accomplished
by a supervised learning algorithm. In the example of
Figure 4, a binary classification is carried out. An
SVM-based classifier is used in an assessment of
system performance. The boundary classifier classifies
the candidate commercial boundary as a commercial
boundary from a fusion of likelihood scores for frame
marked with product information (FMPI), audio scene
change (ASC) and, optionally, audio silence and video
black frame. ASCI yields two probability values
/?(ASC) and p(Non - ASC) , Silence and Black Frames
yields two values /?(Silence) and p(Black Frames) to
indicate thepresence of Silence and Black Frames,
respectively. In terms of FMPI, 2 n video shots within
the symmetric neighbourhood of a candidate boundary
(Left n shots, Right n shots) produce 2 n values {p.
(FMPI)}.= 1 2n to indicate the presence of FMPI shots.
In this instance,' the candidate video frame comprises
a frame of a plurality of video frames of a candidate
commercial window associated with the candidate
commercial boundary, and the boundary classifier
determines a commercial boundary probability score for
video frames of the candidate commercial window
determines the likelihood the 



candidate commercial boundary is a commercial boundary
from a plurality of the commercial boundary
probability scores. An overall likelihood score is
derived from one or more of the probability scores.
Hence the complete feature is 2 n +4 dimensional. In
the performance assessment, we set n =2 . Machine
learning is used to complete the fusion of the
probability scores because it is not a trivial task to
construct manually the heuristic rules to fuse the
probabilities. With these probabilities as the feature
vector, a SVM is used to learn the patterns associated
with (true) commercial boundaries or false commercial
boundaries in terms of those probabilities, from a
series of manually labelled true or false boundary
examples. The fusion can be linear or non-linear. In
some apparatuses, the boundary detection problem is
transformed into a binary classification problem. A
commercial video database is built for assessment,
which consists of 499 clips of individual TV
commercial videos covering 390 different commercials.
The TV commercial video clips come from heterogeneous
video data set of 169 hours of news video taken from 6
different sources, namely, LBC, CCTV4, NTDTV, CNN,
NBC, and MSNBC. These commercials have extensively
covered three concepts: namely, Ideas (e.g. education
opportunities, vehicle safety), Products (e.g.
vehicles, food items, decoration, cigarettes, perfume,
soft drink, health and beauty aids), and Services
(e.g. banking, insurance, training, travel and
tourism). Figure 14 shows the statistics in terms of
the number of video shots and the duration within a
single TV commercial clip. Three major modes about the
duration areobserved to be roughly located at 15
seconds, 30 seconds, and 60 seconds. The 30 seconds
mode is often used and claims to cut costs as well as
gaining reach. The 60 seconds mode is considered as a
media idea featuring the substance, tone, and humour
of a creative idea. The 15 seconds mode is the saviour
of the single-minded idea. The number of video shots
features a larger variance. This may be related to
various types (e.g. Problem-Solution Format,
Demonstration Format, Product Alone Format,
Spokesperson Format, Testimonial Format, etc.) of TV
commercials. Figure 15 shows performance results of an
individual TV commercial's boundaries detection. Using
different features and different SVM parameters yields
a set of recallprecision curves. A promising accuracy
of Fl = 89.22% have been achieved through
half-and-half training/testing on the basis of the
fusion of FMPI and ASCI only. This performance has
provided a basis of a reliable system and method for
detecting boundaries, since FMPI and ASCI are
completely intra-commercial content-based and
independent of post-editing techniques. A further
improvement of performance from Fl = 89.22% to Fl =
93.7% is obtained by fusing FMPI, ASCI, SILENCE, and
BLACK FRAMES. Comparatively, using traditional BLACK
FRMAES yields a poor result of Fl = 81.0% (Recall =
87.0%, Precision = 75.8%). The performance of
"FMPI+ASCI+SILENCE-I-BLACK FRAMES" may vary with 



different video data streams due to non-uniform
post-editing techniques. However, in present
simulation experiments, a heterogeneous video data set
has been employed aiming at a fair performance
evaluation. The apparatus of Figure 2, comprising
separable boundary and commercial classifiers can be
considered as an apparatus for identifying a boundary
of a commercial broadcast in a video broadcast and
classifying the commercial broadcast in a pre-defined
category. The apparatus comprises a video shot
transition detector configured to identify a candidate
commercial boundary in the video broadcast, a boundary
classifier configured to verify the candidate
commercial boundary as a commercial boundary and a
commercial classifier configured to classify the
commercial in a pre-defined category.A commercial
classifier apparatus for classifying a commercial
video broadcast in a pre defined category will now be
described. The commercial classifier may be used in
conjunction with the apparatus for determining a
likelihood that a candidate commercial boundary of a
commercial broadcast in a segmented video broadcast is
a commercial boundary described above. Use of the two
apparatuses together (as illustrated in, say, Figure
2) may be particularly advantageous; if a candidate
commercial boundary can be determined to be a
commercial boundary with any level of certainty, this
facilitates identification of a commercial broadcast
for its classification. The architecture of classifier
68 is shown in more detail in Figure 16. The
commercial classifier 68 comprises, optionally, a
video processor 200 for extracting video and/or audio
data from a frame of the video broadcast commercial
and converting the video and/or audio data to text
data, a classifier model 202, and a proxy document
identifier 204 for identifying a proxy document as a
proxy of the commercial video broadcast. The proxy
document identifier may identify the proxy document as
a document related to a keyword identified by First
keyword derivation module 206. first text pre
processing module 208, test word vector mapper 210 and
training module 212. Training module 212 is for the
compilation of training data from a corpus of training
documents and may comprise second keyword derivation
module 214, second text preprocessing module 216 and
training data vector mapper 218. The classifier module
is trained by data from the training data, and
classifies the commercial video broadcast from an
examination of proxy data from the proxy document. The
classifier module may be a support vector machine
module. The proxy document identifier 204 is
configured to interface with a document index/database
220 which may be a remote external resource, as shown
in Figure 16, from commercial classifier 68. A process
flow of a first commercial classifier 68 is described
as follows with respect to Figure 17. The
classification process starts at step 230 and, at step
232, video processor 200 parses a commercial video
broadcast for video and/or audio data. At step
234,proxy document identifier 204 identifies a proxy
document from the video/audio data. As described
below, this may be done by converting the video/audio
data to text data 



and identifying the proxy document from the text data
with ASR and OCR modules of the video processor. At
step 236, the classifier model 202 is trained with
training data from training module 212. At step 238,
the classifier model 202 classifies a commercial
broadcast from an examination of proxy data from the
proxy document identified by proxy document identifier
204. The architecture and process flow for a second
commercial classifier is described with respect to
Figure 18. Where appropriate, like reference numerals
denote like parts when compared with Figure 16. The
Commercial Video Processing Module (COVM) 200 aims to
expand the deficient and less-informative transcripts
from ASR 252 and OCR 254 with relevant proxy articles
searched from the world-wide web (WWW) at step 268
like Google and encyclopaedia webs. For each incoming
TV commercial video TYC M . 250, the module first
converts the video/audio data to text by extracting
the raw semantic information via ASR 252 and OCR 254
on the key frame images. Key frames can be extracted
at the local minima of motion as described above for
FMPI recognition. The accuracy of OCR depends on the
resolution of characters in an image. It is
empirically observed that text of a larger size
contains more significant information than small text.
As shown in the right upper image in Figure 22, it is
comparatively easy for an OCR module to recognise the
text of large size "Free DSL Modem, Free Activation",
which contains more category related semantic
information than the small and difficult-torecognise
text "after rebates with 12 months commitment".
Therefore, the failure of an OCR module in recognising
small texts may not necessarily degrade the final
performance significantly. It is also the reason why
the n nouns and noun phrases with largest font size
from OCR are selected to form keywords. Subsequently,
spell checking and correction 258 are applied to the
transcripts of the ASR and OCR modules by a
text-correction module. Any misspelled vocabulary
terms are corrected and the terms not found in
dictionaries are removed. Both English dictionary
andencyclopaedias are used as the ground truth for
spell checking, as a normal English dictionary may not
include non-vocabulary terms like brand names. Based
on the corrected transcript S , the proxy article d is
obtained. With the word feature space derived from the
TRFM module, the testing document vector is generated
from .. Potential keywords and keyword selection are
then made at steps 262, 264. Keyword expansion 268 is
made with respect to, for example, the internet 268
and a proxy document assignation step 270 then takes
place. Steps 264, 266, and 270 are described in more
detail with respect to Figure 19. (Note that the same
or similar process may be applied when identifying
training keywords by the training data and word
feature processing module 212 of Figure 18.) The
proposed approach firstly preprocesses the output
transcripts of ASR and OCR in TV commercial video
TVCOm with spell checking at step 258 to generate
corrected 



transcript S1-at step 300. A list L of nouns and noun
phrases from S are extracted by a natural language
processor at step 302. A set of keywords K (kwn ,...,
kwu ) are selected by applying the steps below: a)
Check S1 for an occurrence of a brand name or a
dictionary of brand names at step 302. b) If the
result returns that the brand name(s) is are found in
S -at step 306 the brand is selected as a keyword kw
and searched on the online encyclopedia Wikipedia
(http://en.wikipedia.org/wiki). The keyword derivation
module therefore identifies a keyword by querying the
text data for an occurrence of a brand name identifier
word; and in dependence of detecting an occurrence of
the identifier word, identifying the identifier word
as a keyword c) If the result returns "No" at step
306, from L , another word, such as 1.. .n nouns
and/or noun phrases with largest font size from OCR
and the last m from ASR are heuristically selected at
step 266 as keywords.The document identifier
identifies the proxy document as a document related to
the keyword by querying an external document index or
database with the keyword as a query term and
assigning a most relevant result document of the query
as the proxy document. This is done by searching at
step 312 via a document index or database through, for
example, a Web Search Engine. The keyword derivation
module identifies another word in the text data, for
example a noun word, as a keyword. The Google search
engine may be utilised at step 312 for its superior
performance in assuring the searched articles'
relevancy. Among returned articles, the one with the
highest relevancy rating is selected at step 270 as
the proxy document ' , by proxy document identifier
204 which we denote as the proxy article of TV
commercial o p ii . By exploiting ' , TV commercial
classification is reduced to the problem of text
categorisation. That is to approximate a classifier
function x i/ J to assign a Boolean value to each pair
''' c<' e , where 1S the domain of proxy article ' and
is the set of predefined commercial category c1' . A
value T assigned to ' ' c indicates the proxy article
' under c>l , while a value F assigned to i>C' means
d' not under c' . The values are calculated and
assigned to each pair according to a multi-class
supervised learning procedure. Given some categories
of documents (i.e. different topics), the classifiers
are trained based on manually labelled documents. For
a testing document, the classifiers can determine
whether the document belongs to a category or not.
Typically, the value T=I indicates true, the value F=O
indicates false. Some learning algorithms may generate
an output probability ranging from 0 to 1, instead of
the absolute values of 1 or 0; thresholding may be
applied for a final determination of the category. The
first IR Preprocessing Module (IRPM) 208 function at
steps 272, 274 is a known vocabulary term
normalisation process used in the setting-up of IR
systems. It applies 



two major steps: the Porter Stemming Algorithm (PSA)
276 and the Stop Word Removal Algorithm (SWRA) 278 to
rationalise proxy data. PSA is a process of removing
the common morphological and inflexional endings from
words in English sothat different word forms are all
mapped to the same token (which is assumed to have
essentially equal meaning for all forms). SWRA is to
eliminate words of little or no semantic significance,
such as "the", "you", "can", etc. As shown in Figure
18, both testing and training documents go through
this module before any other process runs on them.
Once rationalised text has been obtained, the training
scripts are digitised and the test word vector mapper
210 forms the test vector at step 282 from proxy data
for examination by the classifier model 202 at step
284. The classifier model 202 is trained with training
data from the training module 212. The training module
212 is composed of a Training Data & Word Feature
Processing Module (TRFM) which accomplishes two tasks.
Firstly, a topic-wise document corpus 286 is
constructed from available public IR corpora or
related articles manually collected from the WWW 287
as the training dataset of a text categoriser. In this
way, the training corpus can possess a large amount of
training documents and wide coverage of topics. Such a
training corpus can avoid the potential over-fitting
problem, which may be caused if the textual
information of a limited set of TV commercials only is
taken as training data. In a proposed system, the
categorised Reuters-21578 and 20 Newsgroup corpora are
combined to construct the training dataset. The
defined topics of these corpora may not exactly match
the categories of TV commercials. One solution is to
select the topics from these corpora that are related
to a commercial category and combine them to jointly
construct the training dataset for representing the
commercial category. For example, the documents on the
topics of "earn", "money", and "trade" in
Reuters-21578 are merged together to yield the
training dataset for the finance category. Next the
document frequency technique illustrated in greater
detail in Figure 20 is employed to perform word
feature selection on the training dataset. Document
frequency is a technique for vocabulary reduction. Its
promising performance and as the computational
complexity is approximately linear in the number of
trainingdocuments, means it lends itself to the
present implementation. The word feature selection
process 292 measures the number of documents in which
a term Woccurs, resulting in the document frequency
DF[W ) . If DF[W ) exceeds a predetermined threshold
at step 350, W is selected as a feature at step 354;
otherwise, wt is discarded and removed from the
feature space at step 352. An example of a suitable
threshold is 2 when 9107 word features are selected.
The basic assumption is that rare terms are either
non-informative for category prediction, or not
influential in global performance. For each document,
the number of occurrences of termW1 is taken as the
feature value tf{w ) at step 356. Finally each
document vector is normalised to unit length at steps 



294, 296 so as to eliminate the influence of different
document lengths. The Classifier Module (CLAM)
performs text categorisation of query articles based
on the training corpus and determine the
classification of commercial video. There are two
principal reasons why SVM is utilised to accomplish
the text categorisation task. Firstly, SVM is able to
handle high dimensional input space. Text
categorisation usually involves feature space with
extremely high (around 10,000) dimensions. Moreover,
the over-fitting protection in SVM enables it to
handle such a large feature space. Secondly, SVM is
able to tackle sparse document corpus. Due to the
short length of document and large feature space, each
document vector contains only a few non-zero entries.
As both theoretically and empirically proved, SVM is
suitable for problems with dense concepts and sparse
instances. Figure 2 1 shows the output script of ASR
(at step 256 of Fig. 18) on a TV commercial of
Singulair, which is a brand name of a medicine
relieving asthma and allergic symptoms. The script is
erroneous and deficient due to background music. By
comparing ASR generated script and the actual speech
script, it can be found that the innate noise of audio
data encumbers the ASR techniques from delivering a
semantically meaningful and coherent passage
describing the advertised commodity. Any other
relevant articles that fall into the same category can
serve as the proxy of the TV commercial to serve in
the semantic classification task. From the ASR
generated scripts, certain noun or noun phrase can be
extracted, like <allergy> for example, askeywords. By
searching these keywords in World Wide Web (step 260),
an example of the relevant article is acquired which
can be assigned as the proxy document. By replacing
the ASR output scripts with such articles in text
categorisation, it is expected to lead to a more
satisfactory commercial classification result. Figure
22 shows another source of potential keywords provided
by key image frames of commercial videos. The examples
shown present text significantly related to advertised
commodity's category, such as <Credit Card> for
finance, or even its brand names, such as <Microsoft>.
A system uses as an example 499 English TV commercials
and extracted 191 distinct ones from TRECVID05 video
database. Based on their advertised products or
services, the 191 distinct TV commercials are
distributed in eight categories, as illustrated in
Figure 23. This system involves four categories:
Automobile, Finance, Healthcare and IT. Though they do
not exclusively cover all TV commercials, they count
up to 141 and 74% of total commercials. Therefore,
they should be able to demonstrate the effectiveness
of the proposed approach. For each category, 1,000
training documents are selected from corpora Reuter
and 20 Newsgroup. Altogether the training documents
amount to 4,000. In word feature selection phase, the
document frequency threshold is set to 2, and 9107
word features are selected. Prior to training SVM,
these 4,000 documents were evaluated by a three-fold
cross validation to examine their integrity and 



qualification as training data. The cross validation
accuracy reached up to 96.9%, where Radial basis
function (RBF) kernel was used and SVM parameter cost
and gamma were determined to be 8,000 and 0.0005. In
keyword selection phase, the statistics show that in
average, ASR and OCR can provide 2.8 and 2.3 potential
keywords for each automobile commercial, 4.5 and 2 for
finance, 6.4 and 2.5 for healthcare, and 5.7 and 2.3
for IT, respectively. We empirically set both keyword
selection parameter n and m to be 2. The recognition
of brand names from ASR and OCR plays an important
role, as brand names may be the best keyword
candidates. Figure 24 presents the number of
commercials, in which OCR and ASR recognised their
brand names successfully. It shows OCR can recognise
brand names ina considerable amount of commercials,
especially in, for example, automobile ones. Overall,
OCR can recognise brand names of 56% of all
commercials. OCR recognises brand names from two major
sources: the trade name text and the website address
on frame image, as shown in upper left image of Figure
22. The classification based on manually recorded
speech transcripts of commercials is firstly
performed. As Figure 26(a) shows, except IT, all other
categories achieve satisfactory classification result
and the overall classification accuracy reaches 85.8%.
The reason of low accuracy in IT category lies in the
mismatch of category definition between the training
data and testing commercials. In the training data, IT
category mainly covers computer hardware and software.
However, in testing commercials, it includes other IT
products, like printers and photocopy machines. ASR
transcripts are also applied to perform text
categorisation. As Figure 26(b) shows, the ASR
transcripts deliver bad results in all categories.
Figure 26(c) shows the classification results with
proxy articles. Compared with ASR transcripts, the
classification results have been improved drastically
and the overall classification accuracy increases from
43.3% to 80.9%. Figure 25 displays the Fl values of
classifications based on all three types of inputs.
For most categories, the proxy articles deliver
slightly lower accuracies than the manually recorded
speech transcripts. The accuracy differences imply
that the errors in keyword selection and proxy article
acquisition do occur, and however, they do not
necessarily provoke serious degrades on the final
performance. It will be appreciated that the invention
has been described by way of example only and various
modifications may be made in detail without departing
from the spirit and scope of the invention. Features
of one aspect of the invention may be provided in
combination with features of another aspect of the
invention.References [I] J.V. Vilanilam and A.K.
Varghese, Advertising basics! A resource guide for
beginners. Response Books, New Delhi, 2004. [2] M.
Mizutani, etc., "Commercial detection in heterogeneous
video streams using fused multi-modal and temporal
features," Proc. ICASSP'05. [3] L. Agnihotri, etc.,
"Evolvable visual commercial detector," Proc. CVPR'
03. 



[4] R. Lienhart, C. Kuhmunch, and W. Effelsberg, "On
the detection and recognition of television
commercials," Proc. ICMCS'97, pp. 509-516. [5] H.
Sundaram and S.-F. Chang, "Computable scenes and
structures in films," IEEE Tran. TMM, 4(4):482-49 1,
2002. [6] J . R . Render and B .L. Yeo, "Video scene
segmentation via continuous video coherence," Proc.
CVPR'98, CA, USA, pp.367-373. [7] M. Yeung and B.L.
Yeo, "Time-constrained clustering for segmentation of
video into story units," Proc. ICPR'96, Vienna,
Austria, pp.375-380. [8] A. Hanjalic, etc., "Automated
high-level movie segmentation for advanced
videoretrieval systems," IEEE Tran. CSVT,
9(4):580-588, 1999. - - [9] R. Lienhart, S. Pfeiffer,
and W. Effelsberg, "Scene determination based on video
and audio features," Proc. ICMCS'99, pp.685-690. [10]
A. G. Hauptmann and M. J . Witbrock, "Story
segmentation and detection of commercials in broadcast
news video," Proc. Conf. ADL' 98. [II] L. Chaisorn,
etc., "A two-level multi-modal approach for story
segmentation of large news video corpus," Proc.
TRECVID'03, MD, USA. [12] K. Matsumoto, etc., "Shot
boundary determination and low-level feature
extraction experiments for TRECVID 2005," Proc.
TRECVIDO5, USA. [13] T. Zhang and C-C. Jay Kuo, "Audio
content analysis for online audiovisual data
segmentation and classification," IEEE Tran. Speech
and Audio Processing, 9(4):441- 457, 2001. [14] HTK
toolkit. [Online] Available:
http://htk.eng.cam.ac.uk/. [15] N. Babaguchi, etc.,
"Event based indexing of broadcasted sports video by
intermodal collaboration," IEEE Tran. TMM, 4(l):68-75,
2002. [16] LIBSVM. [Online] Available:
http://www.csie.ntu.edu.tw/~cjlin/libsvm/ [17] J.
Yuan, etc., "Tsinghua Univeristy at TRECVID 2005,"
Proc. TRECVIDO5.[18] C. Colombo, A. Del Bimbo, and P.
PaIa, in a paper entitled "Retrieval of commercials by
video semantics," published in Proc. CVPR'1998, Santa
Barbara, CA, USA, 1998Claims 1. Apparatus for
determining a likelihood that a candidate commercial
boundary of a commercial broadcast in a segmented
video broadcast is a commercial boundary, the
apparatus comprising a boundary classifier configured
to: determine whether a candidate video frame
associated with a candidate commercial boundary of a
segmented video broadcast comprises product
information; and determine a likelihood the candidate
commercial boundary is a commercial boundary in
dependence of the determination the candidate video
frame comprises product information. 2. Apparatus
according to claim 1, wherein the apparatus further
comprises a 



commercial detector configured to locate boundaries of
video programmes and commercial broadcasts in the
video broadcast and to derive the segmented video
broadcast. 3. Apparatus according to claim 1 or claim
2, wherein the apparatus comprises a video shot
transition detector configured to identify candidate
commercial boundaries in the segmented video
broadcast. 4. Apparatus according to any preceding
claim, wherein the boundary classifier is a binary
boundary classifier. 5. Apparatus for determining a
likelihood that a candidate commercial boundary of a
commercial broadcast in a segmented video broadcast is
a commercial boundary, the apparatus comprising: a
commercial detector configured to locate boundaries of
video programmes and commercial broadcasts in the
video broadcast and to derive the segmented video
broadcast; a video shot transition detector configured
to identify candidate commercial boundaries in the
segmented video broadcasta binary boundary classifier
configured to: determine whether a candidate video
frame associated with a candidate commercial boundary
of a segmented video broadcast comprises product
information; and determine whether the candidate
commercial boundary is a commercial boundary in
dependence of the determination the candidate video
frame comprises product information. 6. Apparatus
according to any preceding claim, wherein the boundary
classifier is configured to be trained by training
data derived from video frames of the segmented video
broadcast which comprise product information. 7. The
apparatus of any preceding claim, wherein the
candidate video frame comprises a frame of a plurality
of video frames of a candidate commercial window, the
candidate commercial window being associated with the
candidate commercial boundary, and the boundary
classifier is configured to determine a commercial
boundary probability score for video frames of the
candidate commercial window and to determine the
likelihood the candidate commercial boundary is a
commercial boundary from a plurality of the commercial
boundary probability scores. 8. The apparatus of claim
7, wherein the candidate commercial window is a first
symmetrical window of n video frames in the segmented
video broadcast either side of the candidate
commercial boundary. 9. The apparatus of any preceding
claim, wherein the apparatus is configured to identify
a candidate video frame from a motion measurement of a
video frame associated with the candidate commercial
boundary. 



10. The apparatus of claim 9, wherein the apparatus is
configured to perform the motion measurement from a
calculation of average intensity of motion vectors in
the video frame.11. The apparatus of any preceding
claim, wherein the boundary classifier is configured
to derive the training data by parsing video frames
comprising product information and extracting a video
frame feature for one or more portions of the video
frame and/or for a complete video frame. 12. The
apparatus of claim 11, wherein the apparatus is
configured to extract a video frame feature for at
least one of colour, texture and edge. 13. The
apparatus of claim 13, wherein the apparatus is
configured to extract video frame features for colour,
texture and edge. 14. Apparatus according to any
preceding claim, wherein the boundary classifier is
further configured to determine a likelihood the
candidate commercial boundary is a commercial boundary
in dependence of a determination the candidate video
frame comprises an audio scene change. 15. Apparatus
according to claim 14, wherein the boundary classifier
is configured to make the determination the candidate
video frame comprises an audio scene change from a
distance measurement of audio properties of first and
second audio frames of an audio segment of the video
broadcast, the audio segment being associated with the
candidate commercial boundary. 16. Apparatus according
to claim 15, wherein the boundary classifier is
configured to determine the candidate video frame
comprises an audio scene change by: partitioning the
audio segment into a plurality of sets of audio
frames, each set of audio frames having frames of
equal length, the length of one set of audio frames
being different from a length of another set of audio
frames to determine a set of difference sequences of
audio properties from the sets of audio frames, and
determining a correlation between difference sequences
of the set of difference sequences.17. Apparatus
according to claim 16, wherein the boundary classifier
is configured to identify an offset between an audio
scene change and a candidate commercial boundary from
the correlation between difference sequences. 18.
Apparatus according to any of claims 12 to 15, wherein
the boundary classifier is further configured to align
the audio scene change with the candidate commercial
boundary. 19. Apparatus according to any of claims 14
to 18, wherein the boundary classifier is configured
to: extract audio features from the audio segment;
train first and second statistical models for audio
scene change and for non-audio scene change from the
audio features extracted from the audio segment; and
classify a candidate audio segment associated with the
candidate commercial 



boundary from the first and second statistical models.
20. Apparatus according to claim 19, wherein the
boundary classifier is configured to classify a
candidate audio segment by determining a probability
value from at least one of the first and the second
statistical models. 21. Apparatus according to any
preceding claim, wherein the boundary classifier is
configured to classify the candidate commercial
boundary as a commercial boundary from a fusion of
likelihood scores for frame marked with product
information (FMPI), audio scene change (ASC) and,
optionally, audio silence and video black frame. 22.
Apparatus for classifying a commercial video broadcast
in a pre-defined category, the apparatus comprising: a
proxy document identifier configured to identify a
proxy document as a proxy of the commercial video
broadcast; a training module configured to compile
training data from a corpus of training documents;
anda classifier module configured to be trained by
data from the training data, the classifier module
being further configured to classify the commercial
video broadcast from an examination of proxy data from
the proxy document. 23. Apparatus according to claim
22, wherein the apparatus further comprises: a video
processor configured to extract video and/or audio
data from a frame of the video broadcast commercial
and to convert the video and/or audio data to text
data; a first keyword derivation module configured to
identify a keyword from the text data; and wherein the
document identifier is configured to identify the
proxy document as a document related to the keyword.
24. Apparatus according to claim 22 or claim 23,
wherein the training module is configured to compile
training data from external resources. 25. Apparatus
according to any of claims 22 to 24, wherein the
classifier module is a support vector machine. 26.
Apparatus according to claim 23, wherein the video
processor comprises an audio speech recognition module
and an optical character recognition module. 27.
Apparatus according to any of claims 22 to 26, further
comprising a text correction module for spell-checking
and correcting the text data. 28. Apparatus for
classifying a commercial video broadcast in a
pre-defined category, the apparatus comprising: a
video processor configured to extract video and/or
audio data from a frame of the video broadcast
commercial and to convert the video and/or audio data
to text data using an audio speech recognition module
and an optical character recognition module, the video
processor further comprising a text correction module
for spell-checking and correcting the text data;a
proxy document identifier comprising a first keyword
derivation module 



configured to identify a keyword from the text data,
the proxy document identifier being configured to
identify a proxy document, as a proxy of the
commercial video broadcast, by identifying the proxy
document as a document related to the keyword; a
training module configured to compile training data
from an external resource of a corpus of training
documents ; and a support vector machine classifier
module configured to be trained by data from the
training data, the classifier module being further
configured to classify the commercial video broadcast
from an examination of proxy data from the proxy
document. 29. Apparatus according to any of claims 23
to 28, wherein the first keyword derivation module is
configured to identify a keyword by querying the text
data for an occurrence of an identifier word; and in
dependence of detecting an occurrence of the
identifier word, identifying the identifier word as a
keyword. 30. Apparatus according to any of claims 23
to 29, wherein the first keyword derivation module is
configured to identify a keyword by querying the text
data for an occurrence of an identifier word and, in
dependence of not detecting an occurrence of the
identifier word, identifying another word in the text
data, for example a noun word, as a keyword. 31.
Apparatus according to any of claims 23 to 30, wherein
the document identifier is configured to identify the
proxy document as a document related to the keyword by
querying an external document index or database with
the keyword as a query term and assigning a most
relevant result document of the query as the proxy
document. 32. Apparatus according to any of claims 22
to 31, wherein the apparatus further comprises: a
first text preprocessing module configured to
rationalise proxy data; and a test word vector mapper
configured to map proxy data to a proxy vector for
examination by the classifier module.33. Apparatus
according to any of claims 22 to 32, wherein the
training module comprises a second keyword derivation
module configured to identify a training keyword by
querying the training data for an occurrence of a
training identifier word and, in dependence of
detecting an occurrence of the training identifier
word, identifying the training identifier word as a
training keyword. 34. Apparatus according to any of
claims 22 to 33, wherein the second keyword derivation
module is configured to identify a training keyword by
querying the training data for an occurrence of a
training identifier word and, in dependence of not
detecting an occurrence of the training identifier
word, identifying another word in the training data as
a keyword. 35. Apparatus according to any of claims 22
to 34, wherein the training module further comprises: 



a second text preprocessing module configured to
rationalise data in the training corpus; and a
training data vector mapper configured to map training
data to a training data vector, for training of the
classifier module. 36. Apparatus for identifying a
boundary of a commercial broadcast in a video
broadcast and classifying the commercial broadcast in
a pre-defined category, the apparatus comprising: a
video shot transition detector configured to identify
a candidate commercial boundary in the video
broadcast; a boundary classifier configured to verify
the candidate commercial boundary as a commercial
boundary; a commercial classifier configured to
classify the commercial in a pre-defined category.37.
A method for determining a likelihood that a candidate
commercial boundary of a commercial broadcast in a
segmented video broadcast is a commercial boundary,
the method comprising, with a boundary classifier:
determining whether a candidate video frame associated
with a candidate commercial boundary of a segmented
video broadcast comprises product information; and
determining a likelihood the candidate commercial
boundary is a commercial boundary in dependence of the
determination the candidate video frame comprises
product information. 38. A method for determining a
likelihood that a candidate commercial boundary of a
commercial broadcast in a segmented video broadcast is
a commercial boundary using the apparatus of any of
claims 1 to 21. 39. A method for classifying a
commercial video broadcast in a pre-defined category,
the method comprising: identifying, with a proxy
document identifier, a proxy document as a proxy of
the commercial video broadcast; compiling, with a
training module, training data from a corpus of
training documents; and training a classifier module
with data from the training data, and classifying,
with the classifier module, the commercial video
broadcast from an examination of the proxy data from
the proxy document. 40. A method for classifying a
commercial video broadcast in a pre-defined category
using the apparatus of any of claims 22 to 35. 41. A
method of identifying a boundary of a commercial
broadcast in a video broadcast and classifying the
commercial broadcast in a pre-defined category, the
method comprising: 



identifying a candidate commercial boundary in the
video broadcast using a video shot transition
detector;verifying the candidate commercial boundary
as a commercial boundary with a boundary classifier;
classifying commercial in a pre-defined category with
a commercial classifier. 42. A system, for use in a
video signal processor, for locating boundaries of
individual TV commercials and categorising a TV
commercial into one of predefined categories according
to advertised product or service, said system
comprising: a TV commercial detector for locating
boundaries of video programmes and commercials; a
video shot transition detector for locating potential
individual commercials' boundaries within a chunk of
commercial segment; a binary boundary classifier for
determining the true boundaries, wherein said
classifier comprises a set of mid-level features to
capture audio-visual characteristics significant for
parsing commercials' video content, Black
Frame-inclusive/exclusive multi-modal feature vectors,
and a supervised learning algorithm; a commercial
categoriser for classifying advertised product or
service into one of predefined categories, wherein
said classifier comprises ASR and OCR modules for
extracting raw textual information followed by spell
checking and correction, keyword selection and
keyword-based query expansion using external
resources, machine learning-based classifiers trained
from external resources categorised according to
different topics, and IR text pre-processing module;
visual-based object recognition. 43. The system as
claimed in claim 42, wherein the individual commercial
boundaries' detection is reduced to a binary
classification on the basis of audio-visual features
extracted within a symmetric window of each candidate
boundary. 44. The system as claimed in claim 43,
wherein said candidate boundaries comprise video shot
transition points within TV commercial segments,
wherein said video shot transition has two types,
which are cuts and gradual transitions, and wherein
the candidate boundary is located at the middle of the
transition for gradual transition type.45. The system
as claimed in claim 42, wherein said mid-level
features comprise Image Frame Marked with Product
Information (FMPI), Audio Scene Change Indicator
(ASCI), SILENCE, and BLACK FRAMES, wherein FMPI and
ASCI are based on the TV commercial video content, and
SILENCE and BLACK FRAMES are based on the post-editing
techniques between consecutive TV commercials within a
chunk of TV commercial. 46. The system as claimed in
claim 45, said FMPI is referred to as those key image
frames containing corporate symbols, brand names,
product appearance, mild encouragement captions,
contact information, and other product/service related
textual information, wherein FMPI yields a set of
visual features to be fed into a supervised learning
algorithm for training a classifier. 



47. The system of claim 46, comprising using a
4-dimensional feature wherein four neighbour video
shots of each candidate boundary are considered, for
left or right two shots within the left- or
right-window of 2 seconds, two highest FMPI confidence
values ( 1 or 0) are selected as features for the left
side or the right side, respectively, otherwise, FMPI
recognition is applied to one key frame selected from
the middle point of each video shot. 48. The system as
claimed in claim 45, said ASCI is referred to as two
classifiers modelling the audio dynamic
characteristics within a predefined temporal window
for two categories of audio signal, namely, with and
without the happening of an audio scene change,
respectively; ASCI related feature is 2-dimensional,
which comprises two probability values within a
temporal symmetric window, say 4-second window, of a
candidate commercial boundary. 49. The system as
claimed in claim 45, said SILENCE is referred to as an
audio segment, which persistently exhibits a
short-time energy function below a threshold for above
a predefined minimum time length; SILENCE related
feature is 1-dimensional.50. The system as claimed in
claim 45, said BLACK FRAMES is referred to as a series
of consecutive black frames with a length above a
predefined frame number, wherein an image frame is
declared as a black frame if the mean and the variance
are below a threshold; BLACK FRAMES related feature is
1-dimensional. 51. The system as claimed in claim 43,
wherein said audio-visual features are constructed by
using FMPI, ASCI, SILENCE, and BLACK FRAMES; the
fusion of FMPI and ASCI related features provides a
system and method independent of post editing
techniques, and the fusion of FMPI, ASCI, SILENCE, and
BLACK FRAMES provides a system and method dependent on
post-editing techniques. 52. The system as claimed in
claim 42, wherein TV commercial classification is
formulated as a text categorisation problem, wherein
ASR and OCR techniques generate initial semantic
information; external World Wide Web-based resources
deliver expanded query articles; the training based on
external topic-wise document corpus yields a text
categoriser matching the predefined category of
advertised product or service, which accordingly
classifies expanded query articles. 53. The system as
claimed in claim 42, wherein ASR and OCR generated raw
textural information goes though spell checking and
correction by external World Wide Web-based resources,
and wherein a list of nouns and noun phrases are
extracted from the corrected textual information as
query keywords, which are passed to encyclopaedia and
Google search engine to retrieve related articles,
wherein those with high relevance ranking are selected
as query articles. 54. A method of locating boundaries
of individual TV commercials comprising the steps of:
partitioning an input video stream into commercial
segments and programme 



segment; detecting video shot changes including cuts,
dissolves, and fade-out/-in to determine candidate
boundaries of individual TV commercials;computing
mid-level features FMPI, ASCI, SILENCE and BLACK
FRAMES within a symmetric window of each candidate
boundary; and utilising a supervised learning
algorithm to fuse FMPI, ASCI, SILENCE and BLACK FRAMES
to distinguish true boundaries of an individual TV
commercial. 55. A method of constructing the mid-level
feature of FMPI comprising the steps of: extracting
colour-based, texture-based, and edge-based low-level
features of an image frame to capture the local and
the global visual characteristics; and utilising a
supervised learning algorithm including an SVM
classifier to classify an image frame into FMPI or
Non-FMPI. 56. A method of constructing the mid-level
feature of ASCI comprising the steps of: extracting
low-level audio features including Mel-frequency
cepstral coefficients (MFCCs) and its first and second
derivates, mean and variance of short time energy log
measure (STE), mean the variance of short-time
zero-crossing rate (ZCR), short-time fundamental
frequency (SF), mean of the spectrum flux and harmonic
degree (HD) within the symmetric window of a candidate
boundary point; aligning the audio feature window with
multi-scale Kullback-Leibler distance computing; and
utilising Hidden Markov Model (HMM) to train two
classifiers to model the audio characteristics for two
classes of audio segments, namely, with and without
the happening of audio scene changes within the
adjusted audio feature window. 57. The method as
claimed in claim 56, wherein said alignment of the
audio feature window comprising the steps of: using
different window sizes to compute changes between
successive audio analysis window with the
Kullback-Leibler distance metric, yielding a set of
difference sequences; normalising each difference
sequence to [0,1] though dividing difference values by
the maximum of each sequence; and determining the most
likely audio scene change point by locating the
highest accumulated difference values derived from the
set of difference sequences.58. A method of
classifying a TV individual commercial comprises the
steps of: constructing a training corpus that consists
of a substantial amount of training documents with
topics ranging over various fields including car,
health care, finance, IT; aggrandising the deficient
and less informative scripts from ASR and OCR by
questing relevant articles in World Wide Web , wherein
spell checking and correction are applied to the raw
textual output from ASR and OCR; performing IR
preprocessing including the Porter's Stemming
algorithm and the 



Stop Word Removal algorithm on the testing and
training documents; employing document frequency
techniques to select the word features for the
training dataset; utilising SVM to train classifiers
for those topics by using selected word features; and
applying trained SVM-based classifiers to categorise
the expanded query articles selected by relevance
ranking. 


