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snears. This invention relates generally to cell classification and, more

particularly, to the use of neural networks and/or neurocomputers for
increasing the speed and accuracy of cell classification. The invention relates
to a specimen classifier and a method for classifying cytological specimens.

The cervical smear (Pap test) is the only mass screening cytological
examination which requires visual inspection of virtually every cell on the slide.
The test suffers from a high false negative rate due to the tedium and fatigue
associated with its current manual mode of performance. Cell classification is
typically performed on a "piece-work” basis by “cytotechnicians" employed by
pathology laboratories and in same circumstances by salaried technicians. Due
to the clearly life threatening nature of the false negative problem with its
resultant possibility of undiagnosed cervical cancer, the American Cancer
Society is considering doubling the frequency of recommended Pap smears.
This, howevér, will certainly overload an lalready overburdened cervical
screeniﬁg industry as increasingly fewer individuals are willing to enter the
tedious and stressful field of manual ceéviq:al smear classification. An
American Cancer Society recommendation tdl increase Pap smear frequency
may only serve to increase ;:he false negative rate by decreasing the amount of
time spent on manual examination of each slide. A thorough manual
examination should take no less than fifteen minutes per slide although a
cytotechnician, especially one under a heavy workload, may spend less than half
this amount of time. The College of American Pathology is well aware of this
problem and would rapidly embrace an automated solution to cervical smear -
screening.

Due to the clear comme_rcial'poténtial'for automated cervical smear
analysis several attempts to this end have been made in the prior art. These
attempts have proven to be unsuccessful since they have relied exclusively on
classical pattern recognition technology (géometric, syntactic, template,
statistical) or artificial intelligence (AI) based pattern recognition, i.e. rule-
based expert systems. There is, however, no clear algorithm or complete and




This, however, will certainly overload an al ready overburdened cervi cal
streenl ng industry as increasingly fewer individuals are willing to enter
the tedious and stressful field of manual cervical snear classification.
An* Ameri can Cancer Society recomendation to increase Pap snear frequency
may only serve to increase the fal se negative rate by decreasing the anount
of .time spent on nmanual exam nation of each slide. A thorough manual

exam nation should take no less than fifteen nminutes per slide although a
cytotechni ci an, especially one under a heavy workl oad, may spend | ess than
hal f this anount of tine. The Coll ege of Anerican Pathology is well aware
of this problemand would rapidly enbrace an autonated solution to cervical
snear screening. Due to the clear commercial potential for autonated
cervical snear analysis several attenpts to this end have been nade in the
prior art. These attenpts have proven to be unsuccessful since they have
relied exclusively oBxplibiasei efadulep &y twdich thelungiidytadechhieiah o bathylodigacesatis | C,
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identified further below.
' Background references of interest are as follows:

Rumethart, David E. and McClelland, James L., "Parallel Distributed
Processing,” MIT Press, 1986, Volume 1;

Tien, D. et al, "Automated Cervical Smear Classification", Proceedings
of the IEEE/Ninth Annual Conference of the Engineering in Medicine and
Biology Society, 1987, p.1457-1458; .

Hecht-Nielsen, Robert, "Neurocomputing: Picking the Human Brain",
IEEE Spectrum, March 1988, p.36-41; and .

Lippmann, Richard P., "An Introduction to Computing with Neural
Nets", IEEE ASSP Magazine, April 1987, p.4-22. .

The present invention aims to provide an automated system and method
for the classification of cytological specimens into categories, for example,
categories of diagnostic significance. .

According to the invention; there is provided a method of classifying
cytological specimens, comprising primarily classifying a specimen using a first
classifier to determine locations of interest and secondarily classifying such
locations of interest using a neural network.

Briefly, the invention as particularly disclosed herein includes an initial
classifier (s_ometimes referred to as a primary classifier) preliminarily to
classify a cytological specimen and a subsequent classifier (sometimes referred
to as a secondary classifier) to classify those portions of the cytological
specimen selected by the initial classifier for subsequent classification, wherein
the subsequent classifier includes a neural computer or neural network.

"l



snmear classification, is, therefore, an excellent application for neural

networ’k based pattern recognition. An exanple of the limtations of
the prior art can be found in the 1987 reference entitled "Automated
Cetvical Screen Classification" by Tien et al, identified further bel ow
Background references of interest are as foll ows: Runel hart, David E
and Mdelland, Janes L., "Parallel Distributed Processing,”" MT Press,
1986, Vol une -1, Tien, D. et al, "Automated Cervical Snear

Cl assification", Proceedings of the [IEEE/Nnth Annual Conference of the
Engi neering in Medicine and Biology Society, 1987, p. 1457-1458;
Hecht - Ni el sen, Robert, "Neuroconputing: Picking the Human Brain", |EEE

Spectrum March 1988, p. 36-41; and Li pprann, Richard P., "An
Introduction to Conputing with Neural Nets", -3-EEE ASSP Magazi ne, Apri
1987, p. 4-22. The present invention ains to provide an autonated

system and nethod for the In one embodiment the primary classifier may include a commercially
available automated microscope in the form of a standard cytology microscope
with a video camera or CCD array with the microscope stage controlled for
automatic scanning of a slide. Images from the camera are digitized and
outputted to the secondary classifier in the form of a computer system. The
computer system includes a neural network as defined below and is disclosed,
too, in several of the references referred to herein, which is utilized in the
performance of cell image identification and classification into groups of
diagnostic interest. In an alternative embodiment the primary classifier may
include a neural network. Other alternative embodiments are also discussed
below.

It is a desirable feature of the disclosed embodiment of the invention
that it perform its classification of a group of specimens within the period of
time typically consumed for this task by careful manual screening (i.e.
approximately 15 minuteé/specimen). '

It is an aim to perform classification on cytological specimens which
contain the numbers and! types of objects other than single layers of cells of
interest that are typically found in cervical smears (e.g. clumps of cells,
overlapping célls, debris, leucocytes, bacteria, mucus). ’

It is a further aim to perform the above-described classification on
cervical smears for the detection of pre-malignant and malignant cells.

It is a further aim to perform classification with smaller false negative
error rates than typically found in conventional manual cervical smear
screening.

An advantage of the cytological classification method and apparatus
according to the disclosed embodiment of the present invention is that
classification of cytological specimens into medically significant diagnostic
categories will be mare reliable, i.e. with lower false negative error rates.

) Further advantages of the cytological classification method and
apparatus according to the present invention are that a modification is not
required in the procedure by which cél_lular specimens are obtained from the
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cIaSS|f|cat|on of cytol ogi cal specinens i nto categories, for exanple,

cat egori es of .di agnostic significance. SUMVARY
OF THE | NVENTI ON It is an object of the present invention to
aneliorate one or nore disadvantages of the prior art. Accordlng to

one aspect of the present invention there is provided an automated
cytol ogi cal specinmen classifier for classifying cells contained in a snear
on a slide to identify cells that are likely to be malignant or

pre- nallgnant conpri si ng:

-3- (a) mcroscope neans for obtaining a V|em10f at |east part of a
cytol ogi cal specinen including cells and other material |ocated genéerally
randomy on a slide in an arrangenent which can |nclude ot her than a
single layer of cells, (b) canera neans for _s

patient; and that reliable classification can be obtained within processing tihe
constraints that permit economically viable operation.

The present invention will be better understood by those of ordinary
skill in the art after having read the following detailed description of the
preferred embodiment.

It is noted here that the published articles cited herein are specifically
incorporated herein by reference.

While the invention is described herein mainly with respect to
classification of cytological specimens in the form of a cervical smear, e.g. as
typically is dane in connection with a Pap test, it will be appreciated that this
is but one example of the application of the principles of the invention which
are intended for application for classification of many other cytological
specimens.

In the drawings:

Figure 1 is a block diagram for a neural network based automated
cytological specimen screening device (herein also called a classifier) in
accordance with the present invention;

Figure 2 is a representation of a three-layer neural network of the type
utilized in the preferred embodiment;

' Figure 3 is a block diagram of an alternative embodiment of automated
screening device in accordance with the present invention;

Figure 4 is a block diagram of another alternative embodiment -of
automated screening device in accordance with the present invention;
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creating an image of such view, (c) image digitizing nmeans for producing a-
digital . representation of such inmage, (d) a primary classifier means for
detecting objects in a digital representation of a cytological specinen
besed on a detectable feature, said primary classifier neans conprising a
classifier neans for detecting cells that are likely to e malignant or
pre-malignant as well as other cells and material that initially appear to
haVve characteristics of a malignant cell- or a pre-malignant cell based on ..
integrated -optical density, and (e) a secondary classifier for

di stingui shing pre-nalignant and malignant cells fromother cells and

mat eri al anmong t he obj eckiruget Bcied blockhdiagramaof yet| asttictipternsaid enbodiment
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unction of training thereof:
Accordi ng to anot her "aspe of the present invention there is provided a

nmet hod of classifying c§4Br6gf ckl ashiasknéirgramonpransthey altdrpriive proodiment *
cl assifier apparatus ofpantmaitky sdreesirqyieeice spésdcotrdanté ath st@enpredeng
random y arranged angdvegéidniChakle other than in a single |ayer to - :

determ ne | ocations of i st ,,.an econdarily ¢lassifying such - :

| ocations. of interest usﬁp{- r§ %eiusr 3?"%@&\%%?%8n?)gt‘%%“?b%ra?%?ﬂ?gwe'mme‘m '
According to still affot Rtonapediscapening ¢pvdseniniancondange whth dhespresent
provi ded an invention. ,

Figure 1 illustrates a neural network based automated '
cytological speciﬁén'screening device in accgrdahce with the.
present invention and referred to by the general reference
numeral 10. The classifier o 10, includes an
automated hicroscope 11, a video camera or CCD device 12, an
image digitizer 13, and classifier stages 14, 15, and 16.

The automated microscope 11 effects relative movement of
the microscope objective and the specimen, and video camera or
CCD 12 cbtains an iﬁaga or picture of a specific portion of
the c&tological specimen. The image is digitized by the image
digitizer 13 and the information therefrom is coupled to the
classifier 14. In the preferred embodiment, .classifier 14 is
a comherggally available statistical classifier which
identifies cell nuclei of interest by measurement of their
integrated 6ptica1.density (nuclear stain density). . This is
the sum of the pixel grey values for the object, corrected for
optical errors. Compared to normal cells, malignant cells
tend to possess a larger, more densely staining nucleus.

Objects which pass classifier 14 consist of pre-malignant
and malignant cells but alsc include other objects with high
integrated opti&al"density such as cell clumps, debris,
ieﬁcocytés and mucus. The task of the secbndary classifier 15
is to distinguish pre-malignant and malignant cells from these
other objects. IR .

A neural network is utilized to implement secondary’
classifier 15. Detailed descripﬁidns-léf the design and
operation of neural networks suitable for implementation of



aut omat ed cytol ogi cal specinen classifier, conprising: (a) mcroscope
means ‘for obtaining a view of at |east part of a cytol ogical specinmen
including cells and other nmterial |ocated generally randomy in an
arrangenment which can include other than a single layer of cells, (b)
canmera nmeans.for creating an i mage of such view, (c) inmage digitizing
means for producing a digital representation of such inmage, (d) primary
classifier nmeans for detecting objects in a digital representation of a
cytol ogi cal specinen based on a detectable feat@re, said primary
classifier means conprising a classifier for detecting cells that are
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the cytological specimen, the secondary classifier is used to
check specific areas of the specimen that are, for -example,
determined to require further screening or classification.
Such further examination by the secondary classifier may be
effected by reliance on the already obtained digitized image
data for the selected areas of the specimen or by the taking
of additional data by the components 11-13 or by other
commercially available optical or other equipmeﬁt that would
provide acceptable data for use and anaylsis by the secondary
classifier 15. :

A neural network is a highly parallel distributed systenm
with the topology of a directed graph. The nodes in neural
networks are usually referred to as "processing elements" or
"neurons™ while the' 1links are generally known as
"interconnects." Each processing element accepts 'multiple

« inputs and generétes a single output signal which branches
into multiple copies that are in turn distributed to the other
processing elements as input signals. Information is stored
in the stréngth of the connections known as weights. In an
asynchronous fashion, each processing element computes the sum
of products of the weight of each input line multiplied by the
signal level (usually 0 or 1) on that input line. If the sum
of products exceeds a preset activation threshold, the output

= of the processing element is set to 1, if less, it is set to
0. Learning is achieved through adjustment of the values of
the weights.

For the present invention, the preferred embodiment is
~achieved by utilization of a three-layer neural network of the
type described in the Lippman reference as a "multi-layer
perceptron"” and discussed in detail in Chapter 8 of the
Rumelhart reference. Other types of neural netowrk systems

also may be used.



means, said secondary classifier neans conprising a neural conputer
appar atus neans for effecting such distinguishing as a function of

trai ning thereof. DESCRI PTI ON OF THE PREFERRED .
EMBODI MENT( S) The present invention will be better understood.by
those of ordinary skill in the art after having read the follow ng
detail ed description of the preferred enbodi nent. ‘ It is noted here
t hat. the published articles cited herein are spe?ifically i ncor por at ed
herei'n” by reference. Wil e the invention [s described herein mainly

Wi t h. respect to classifi Cﬁ‘t !Qﬁe Ilay%¥&?4&gicﬂtw§%gog59§té .rtlaft Qr? i];gg:(xm PJ e@,
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Fi gure 1 is a bl OPk Cﬂi@l@i’?mdcngr P%é}j%uix‘?l hQ?I-YB_'%g %&ed {ﬂ&gﬁgﬁt e'q>erc trans™
cyt ol ogi cal _speC|nen?§§rﬁen|ng evi ce ﬁ@ rein als% C?F ed a classifreryin -
accordance with the p e fess), simple t ayer assoclatlve networks are limited
in the types of problems they can solve. A two-layer network
with only "input" and "output®™ processing elements can only
represent mappings in which similar input patterns 1lead to
similar output patterns. Whenever the real word problem is
not of this type, a three-layer network is required. It has
been shown that with a large enough hidden layer, a three-
layer neural network can always find a representation that
will map:-:any input pattern to any desired output pattern. A
generic three-layer neural network of the type utilized in the
preferred embodiment is shown in Figure 2.

Several important features of neural network
architectures distinguish them from prior art approaches to
the implementation of classifier 15.

i ' 1. There is little or no executive function. There are
only very simple units each performing its sum of products
calculation. Each processing element’s task is thus limited
to receiving the inputs from its neighbors and, as a function
of these inputs, computing an output value which it sends to
its neighbors. Each processing element performs . this
calculation periodically, in parallel with, but not
synchronized to, the activities of any of its neighbors.

2. All knowledge is in the connections. Only very
short term storage can occur in the states of the processing
elements. All long term storage is represented by the values
of the connection strengths or "weights” between the
processing elements. It is the rules that establish these
weights and modify them for 1learning that primarily
distinguish one neural network model from another. All
knowledge is thus implicitly represented in the strengths of
the connection weights rather than explicitly represented in
the states of the processing elements.



I nventi on; Figure 2 is a representation of a three-|layer neural

networ'k of the type utilized in the preferred enbodi nent; Figure 3 is
a bl ock diagram of an alternative enbodi nrent of automated screening device
I i accordance with the present invention; Figure 4 is a bl ock diagram

of another alternative enbodi nent of automated screening device in
accordance with the present invention;

5° Figure 5 is a. block dlagran1of yet anothper alternative enbodi ment
of automated screening device in accordance with the present invention;

Figure 6 is a block diagramof another alternative enbodi ment
3. In contrast to algorithmic computers and expert

systens, the goal of neural net learning is not the
formulation of an algorithm or a set of explicit rules.

During learning, a neural network self-organizes to establish
the global set of weights which will result in its cutput for
a given input most closely corresponding to what it is told is
the correct output for that input. It is this adaptive
acquisition of connection strengths that allows a neural

network to behave as if it knew the rules. Conventional

computers excell in applications where the knowledge can be
readily represented in an explicit algorithm or an explicit
and complete set of rules. Where this is not the case,

conventional computers encounter great difficulty. While
conventional computers can execute an algorithm much more
rapidly than any human, they are challenged to match human
performance in non-algorithmic tasks such as pattern
recognition, nearest neighbor ciassification,_and arriving at
the optimum solution when faced with multiple simultaneous

constraints. If N exemplar patterns are to be searched in
order to classify an unknown input §attern, an algorithmic
system can accomplish this task in approximately order N time.
In a neural network, all of the céndidate signatures are
simultaneously represented by the global set of connection
weights of the entire system. A neural network thus
automatically arrives at the nearest neighbor to the ambiguous
input in order 1 time as opposed to order N time.

For the present invention, the preferred embodimgnt is
achieved by utilization of a three-layer backpropagation
network as described in the Rumelhart reference for the neural
network of classifier stage 15. Backpropagation is described
in detail in the Rumelhart reference. Briefly described, it
operates as follows. During net training, errors (i.e., the
difference between the appropriate output for an exemplar
input and the current net_ output for that output) are
propagated backwards from the output layer to the middle layer
and then to the input layer. These errors are utilized at



of automated screening device in accordance with the present invention;
and * « Figure 7 is a block diagramof a further alternative enbodi nent
of automated screening device in accordance with the present invention.
Figure 1 illustrates a neural network based automated cytol ogical
specinmen screeni ng device in accordance wth the present invention. and
referred to by the general reference nuneral 10. The classifier

10 includes an autonmated mcroscope 11, a video canera or CCD device
12, an image digitizer 13, and classifier stages 14, 15, and 16. The
automated m croscope 11 effects relative novenent of the m croscope
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A neural network 1s utilize 0 npl enén econd’ary
outputted to printer or video display 17 along with diagnosis
and patient identification information so that the
classification can be reviewed by a pathologist. :

In the preferred embodiment, _the parallel structure of
the neural network is emulated by execution with pipelined
serial processing as performed by one of the commercially
available neurocomputer accelerator boards. The operation of
these neurocomputers is discussed in the Spectrum reference
cited. The neural network preferably is a "Delta" processor,
which 1is a commercially available neurocomputer of Science
Applications. International Corp. (SAIC) (see the Hecht-Nielsen
reference above) that has demonstrated a sustained processing
rate of 10 interconnects/second in the feed-forward (i.e.,
non-training) mode. For a typical cervical smear containing
100,000 cells, 1-2% of the cells or approximately 1,500 images

- will require processing by classifier 15. As an example of
the data rates which result, assume that following data

- compression an image 50 x 50 pixels is processed by classifier

15. ‘'The input layer for the neural network, therefore,
consists of 2,500 processing elements or "neurons." The

middle layer consists of approximately 25% of the input layer,

or 625 neurons. (The number of output neurons is equal to the

number of diagnostic categories of interest. This small

nunber does not significantly affect this calculation.) The

number of interconnects is thus (2500) (625) or approximately



classifier 15. Detailed descriptions of the design and operation

of "neural networks suitable for inplenentation of

6 secondary classifier 15 can be found in the references cited herein. A.
br4 ef description of this information is provided bel ow. Based on the.
data obtained by the primary classifier for the cytol ogical specinmen, the -
secondary classifier is used to check specific areas of the specinen that
are, for exanple, determned to require further screening or _
classification. Such further exanination by the $8condary classifier may be
effected by reliance on the already obtained di gitized7i mage data for the
sel ected areas of the.spgcidEN OAt by pkbeedsdkg Hatef ofddi't f R oAbty st
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neur al 50,000 cells/minute (refer to the Tien et al citation). Wwith
classifier 14 operating at a rate of 50,000 cells/minute, the
four minutes consumed by classifier 15 is added to the two
minutes used by classifier 14 for a total of six minutes to.
analyze the 100,000 cell images on the slide. As discussed
above, an accurate manual cervical smear aﬁélysis takes
approximately 15 minutes/slide. Prior art automated attempts
using a non-neural network embodiment of classifier 15 fequire
.over one hour/slide. This example is not meant in any way to
limit the actual configuration of the preseﬂt invention, but
rather to demonstrate that it is capable of achieving the
object of processing cervical smears and other cytological
samples within the time period required for commercially
feasible operation. _ '

In the preferred embodiment, primary classifier 14 is
restricted to evaluation of the cellular nucleus while the
secondary classifier 15 evaluates both the necleus and its
surrounding cytoplasm. The ratio between the nucleus and
cytoplasm fé an important indicator for pre-malignant and
malignant cell classification.- In an alternate embodiment,
both classifier 14 and classifier 15 are limited to evaluation
for the cellular nuclei.

Output information from the secondary classifier 15 is
directed to an output monitor and printer 17, which may
indicate a variety of infqrmatidn including, importantly,
whether any cells appear to be malignant or pre-malignant,
appear to require further examination, etc.

Fiqure 3 illustrates an-aiternate embodiment in which an
additional neural net classifier stage 16 is added to pre-
process the slide for large areas of artifactual material,
i.e., material other than single layer cells of interest.
This includes clumps of cells, debris, mucus, leucocytes, etc.



networks are usually referred to as "processing el enments” or "neurons”
whi:l e+ ,the i nks are generally known as "interconnects." Each
processi ng el enent accepts nultiple inputs and generates a single output
signal which branches into nultiple copies that are in turn distributed to
the other processing elenments as input signals. Information is stored in
the-strength of the connections known as wei ghts. In an asynchronous
f ashi on, each processing el enent conputes the sum of products of the weight
of each input line nmultiplied by the signal |evell(usually 0 or 1) on that
input line. |If the sumof products exceeds a preset activation threshold,
the output of the prBeektdiongl el inferrationsehtaiped in thigpre-prreen dg; storgd
Lear ni ng i s achi evedféhr msghbudjhestemrindef cdfhthe atlassifidatihn \wisgjehs. The
F?_fl t het pr ESEPt l tn\r/]eﬂﬁf&&atkbﬁ Fr8h CE Y2861 AIER08E tltsi $s aglingyed tQY_limith the
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Chapter ‘8 of the RumifIRFa alfJrakezh ."itkfma*e.tm gefinsd b
systens al so may be gesexflinates outputted by classifier 16.  This will result in

less information being sent for processing by classifier 15.
A diagnosis is, therefore, made on the basis of classification
of only those cells which lie ocutside of these areas. If an
insufficient sample of cells lies outside of these areas for a
valid diagnosis, this information will be outputted on 17 as
an "insufficient cell sample."

Figure 4 illustrates an alternate embodiment in which the
images within the areas identified by classifier 16 are not
ignored but are instead processed by a separate classifier 18
which operates in parallel with classifier 15. The training
of the neural net which composes classifier 18 is dedicated to
the distinction of pre-malignant and malignant cells from said
artifactual material.

Figure 5 illustrates an alternate embodiment wherein an
additional non-neural net classification of nuclear’
morphological components, exclusive of integrated optical
density, is placed between classifier 14 and classifier 15.
This classification is performed by classifier 19.

Figure 6 illustrates an alternate embodiment in which a
commercially available SAIC neurocomputer is optimized for
feed-forward processing 20. Through deletion of learning-mode
capacity, all neurocomputer functions are dedicated to feed-
forward operation. learning is completed on a separate
unmodified neurocomputer which contains both the learning .and
feed-forward functions.

Following the completion of 1learning, the final
interconnection weights are transferred to the optimized feed-
forward neurocomputer 20. Dedication of neurocomputer 20 to
the feed-forward mode results in a sustained feed—forwar?
operation rate of 10 interconnects/second vs. 10
interconnects/second for the ' non-optimized board as



7 A three-layer neural network consists of an input |ayer, an out put
layer,» and an internediate hidden layer. The internediate |ayer S
required to allow for i nternal representation of patterns within the
network. ~ As shown by M nsky and Papert in their 1969 book entitled
"Perceptrons” (MT Press), sinple two-layer associative networks are .
limted in the types of problens they can solve. A two-layer network with
oy "input" and "output” processing elenments can only represent nappings
in which simlar input patterns lead to simlar aiputput patterns. \Wenever
the real word problem is not of this type, a three-layer network is

required. It has been shown that w a | e en h hidden |ayer,. a
three- |ayer neural r?@%?#la(}gﬁ SRR e % r ng“géﬁpatéje@rq-fﬂéfa% | Peusfdy
any input pattern to N&%yoreRor &8 ubdl patpenfern Yheydneetionshefclaggifiers
neural network of theaatwupé 18 ihiEegdres 1t,he3 pragf endesl eppoiimdning memkalimeitn
Fi gﬁ_r;e_ Zi , d,Se;/erah,as?luiqmoriﬁﬁt td es&yf&? tRé fuﬁegil{rfil o N9 Kical
architectures distinguis em from.pri or art. appro s.to :

i mpl enent ati on of cl %sgls?#ererlai' cgflf. °f'l'{1netreé'glgé ‘[%I(itc | &% nﬁg dxecarrve”

function. There are "Stgnand: yoorvilgrk afdles SREhWRESY 8P Ry theketar@ opxceed
products cal cul ati on.theEatitegratesis sopiical cdenstity tlasishpid tdfusclissiified tia,
recei ving the inputs ol ideveP@iddBHOr DedNdbtedted. f URG! bihpdk wéid¥SCbe the
| nput s, corrpyt ' ng a%e%%%@fotn V?é ue%dgx@el Ci'r:].aitceﬁ.ﬁ.gdﬁh Ic% ! téhilneeln @bor essaril

Each processing elenen br Porme et ity % Eul’ati 6n peri odi cal 2 iy
parallel  wth, b@dicﬂ%‘g’eﬁﬁ(ﬂ?ma}eﬂa}’cﬂn#‘ﬁ@ acrvindicatiye g4, Brerine
nei ghbors. 2. nmAlligndnnywl Wage foundi intthe Baprrerro?ca po¥g-pmengpaysal
short term storage cgat@ests in the states of the processing elements. All

long termstorage is repr§§eqyx?de)43¥p$§%fv@$éj%§ta rates that result from tpis
embodiment in Fig. 6, assume outside slide dimensions of 15gm
X 45mm or a total slide area of 675 x 10 micrometers .
Neural net 20 processes a sliding window over this area for
analysis. This window has dimensions of 20 micrometers x 20
micrometers or an area of 400 micrometers . There are,
therefore, 1.5 x 10 of these windows on the 15mm x 45mm
slide. For the primary classification function performed by
neural net 20, a resolution of 1 micrometer/pixel is
sufficient to detect those cbjects which must be sent to
secondary ﬁéural network classifier 15 for further analysis.
The input pattern for the image window analyzed by classifier
20 is therefore 20 x 20 pixels or 400 neurons to the input
layer of neural net 20. The middle layer consists of
approximately 25% of the input layer or 100 neurons. (As
discussed above in the data rate calculation for classifier
15, the number of output layer neurons is small and does not
significantly affect our results.) The number of
interconnections in classifier 20 is thus approximatelg
(400) (100) or 40 x 10 . At a processing rate of 10

interconnects/second, each image from the sliding window will
take 400 microseconds for néural net 20 to classify. In 3
15mm x 45mm slide, there are 1.5 x 10 of the 400 micrometer

windows which require classification by neural net 20. Total



of the connection strengths or "weights” between the processing
elenents. It is the rules that establish these wights = and nodify
them for |earning t hat primarily distinguish one neural network
model from another. Al know edge is thus inplicitly represented in the
strengths of the connection weights rather than explicitly represented in
the states of the processing el enents. - 3. I n

contrast to algorithmc conmputers -and expert systems, the  goal of
neural net  learning is not the fornulation of an .algorithmor a set of

explicit rules. Duri Bgad£33iBhfifbn At NEd!" 2br HELYRT knetehb- £ JRALZERHYLO (1.5 «x
establish the gl obal 15&t 4%1‘0 V\),(‘Ell%hﬁ v o§h3vmol Is.rersltél % 'IQ“I Ls ou#gu%aif(r)r a
gi ven input nost cl oSel (correspon in oSTHPRES i 9T 8™ PHIUFeRs ¢ r £2%
output for that inpBtnutesisj addedito the ApPrixinatqly sfeuroninitegsonrraired
strengths that all owfom megpadanyet neutal tmet belasedfias i1¥5,i takrtewalt et 14
rules.  Conventi onahigp@daybeide 2¥6€1ts.I N AR bkdig1eNss R Bedfte 1k edag
can be to 1limit the actual configuration of the present invention,
but rather to demonstrate that it is capable of achieving the
object of processing cervical smears and other cytological
.sampies within the time period required for comemrcially
feasible operation.

Speed of processing data can be enhanced, too, by using
parallel processing. For example, plural commercially
available neurocomputers from SAIC can be coupled to effect
parallel processing of data, thus increasing overall
operational speed of the classifier using the same. °

Figure 7  illustrates an alternate embodiment in which
neural net primary classifier 20 is utilized in conjunction
with, rather than as a substitute for morphological
classification and area classification. By dedication of
classifier 20 to the detection of those few cell types which
are of interest, but which cannot be detected by other means,
the resolution required of classifier 20 is minimized.

Although the present invention has been described in
terms of the presently preferred embodiment, it is to be
understood - that such disclosure is not to be interpreted as
limiting. Various alterations and modifications will no doubt
become apparent to those skilled in the art after having read
the above disclosure. Accordingly, it is intended that the
appended claims be interpreted as covering all alterations and
modifications as fall within the true spirit and scope of the
invention.



readily represented in an explicit algorithmor an explicit and conplete
set"of rules. Wiere this is not the case, conventional = conput ers-——

encounter great difficulty. Wi | e conventional conput ers can exe

ar algorithm nuch nore rapidly than any human, they are & P'aced
mat ch human perf or mance in non-algorithmc -tasks such

recogni tion,” nearest neighbor classification, and arrivi ng

sol ution when faced with nultiple sinultaneous constraints. If N

exenplar patterns are to be searched in order &% classify an unknown

| nput pattern, an al gor| thm c system can acconplish this task in

approxi mately order N tin#ay dsclpdpediisietwork, all of the candidate
signatures are simultaneously rmresemanatdbycmeogiwal spetinmgh corlpselifiny,
wei ght s of the e%hf,gisméstem neural network thus

automatically arrives at %) gga&lﬁsﬁagg‘i g@@?&sc& ot he anbi guous input in
or

order 1 tinme as opposed t ‘the present invention,
the preferred enbodi ment ¥k a@hYiigodcpRerarrharssg FB‘I‘P’(ﬁdDQe" 19%rce- | ayer
backpropagati on network as) desorinage digitheeRunel hart reference for the
neural network of classifaer shagsikéry stBecdyicapagrissimies mesastdetdonn ot

detail in the Rumel hg geéeé SRnCE cyto?&%i%g}l.ys&%%ﬁ&gw ch_bicedi®'2! thrdthora

follows. During net al ni.n erence et ween
appropriate output fdntagr P%#calln eRsik¥d e current net out put for
that output) are propagated backeoa:rrdsrf radpssifiegubpsad lonyemeuyal metwodl| ftor
| ayer and then to tdaGeb®fBH bay§re-nmalildnast anar fabiighatit i [de2dsl adong the
objects identified by the primary classifier.

2. The automated cytological classifier of claim 1
further comprising a neural network pre-screening classifier
for recognition and classification of general areas within a
specimen that contain material other than a cellular
monolayer.

3. The automated classifier of claim 2 wherein the
output from the pre-screening classifier is wutilized to
exclude the said identified areas from analysis by the

- secondary classifier.

4. The automated classifier of claim 2 wherein the
output from ‘the pre-screening classifier is utilized to modify
the secondary classification on images found within the areas
of the specimen identified by said pre-screening classifier.

5. The automated classifier of claim 1 wherein the
primary statistical classifier is restricted to evaluation of
the cellular nucleus while the secondary classifier evaluates
both the cellular nucleus and its surrounding cytoplasm.

6. The automated classifier of claim 1 wherein both the
primary statistical classifier and the secondary classifier
are restricted to evaluation of the cellular nucleus.

7. The automated classifier of claim 1 further
comprising means for making an additional non-neural net
classification of nuclear morphological components in addition
to integrated optical density, said means being coupled
between the primary and secondary classifier.
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9 each | ayer by the training algorithm to readjust t he

i ht'er connection wei ghts so that a future presentation of the exenplar
pattern wll: result in the appropriate output category. Follow ng the
net training, . during the feed-forward node, unknown input patfterns are
classified by-the neural network into the exenplar category which nost
closely resenbles it. The output of neural net classifier 15

i ndi cates the presence or absence of pre-nmlignant or nalignant cells.

The | ocation of the cells on the input slide is botained from X-Y plane
position coordinates outputted continually by the autonated

moroscope, - This  Posigl onalan | QLELIBLA Oyeod S PUlRlnbe PLALLEIeGL,

video display 17 al ong wi di agnosi s an Frtat i
information ~ so tRAPPTASIRIC|3sdPY, G&F?Bﬁieﬁn“%allewg'{ﬁé' # biPm Perf°mi“9
pat hol ogi st. . | nprimany eftassddicationi gna, ¢ytolpgicdl elspeciment,ure diigh

the neural network i sesélutioad byueexﬂcutﬁmomth furpel parerdraeng al secondary
processing as perfor@‘i%@’:ﬁg@i afcﬁ rcké‘i'%oﬁﬁgi@*&'a&dr&% OSR&TP
|on 0 F

accel erator boards era Se neuroco | scusse
the Spectrum ref erenE@sﬂ"c"é&“ W‘ﬁéﬁﬁté(?r%ttﬁo?isﬁ)r"é rEfRTgseRting: E%‘Fatt&“’ns
processor, which is afctnterest dfxop thenifbrasiretancthedetberer of Science
Applications.Internationa. Cor®. metfddC) of SeRasdreyHnght corbgesal specimens,

comprising primarily classifying a specimen using a first
classifier to determine locations of interest and secondarily
classifying such locations of interest using a neural network.

10. The method of claim 9, wherein said primarily
classifying comprises using a video camera or charge coupled
device (CCD)-to obtain images of the specimen, a digitizer to
digitize such images and an integrated optical density
detector.

11. The method of claim 9, wherein said primary
classifying comprises using a neural network.
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reference above) that has denonstrated a sustained proce55|ng rate of

10[*er f] 4 nterconnects/second in the féed-forward (i.e., non-training) node.
For a typical cervical snmear containing 100,000 cells, 1-2%of the cells
or- approxi mately 1,500 inmages will require processing by classifier 15.

As an exanple of the data rates which result, assunme that follow ng data
conpression an image 50 x 50 pixels is processed by classifier 15. The
i nput | ayer for the neural network, therefore, consists :of 2,500

processing elements or “neurons.” The mddle |ayer consists of
approxi mately 25% of the input layer, or 625 neurons. (The nunmber of. output
neurons is equal to the nunber of QEIHE, D RE f i nterest.

This small nunber does Mot autematied csarebyingf Spetem And method| £ax oitylodiical
nunber of interconnegpécimer! BUas{iF3040i0A2E0 waAlcRPPhedtdBnRkVork is utilized

10 7 1.5 X [ 0
i nt erconnect s/ secondJig ﬁéﬂﬁrxgggé& ot 8& (é??s}g&??%ﬁog gﬁn‘?tqto ﬂe 15':}58 1nc1uded
sent to it is an automated mi roscope and associated image proce

circuitry.

Sheet Has Been Replaced
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by classifier 14 wll take |less than four m nutes. Currently avail abl e
enfe®wents of classifier 14 operate at a rate of 50,000 cells/mnute
(refer to the Tien et al citation). Wth classifier 14 operating at a
rate of 50,000 cells/mnute, the four m nutes. consuned by classifier 15 is
added to the two m nutes used by classifier 14 for a total of six mnutes

to analyze~ the 100,000 cell inages on the slide. As di scussed above, an
acturate manual cervical snmear anal ysis takes approximately 15
m nut es/ sl i de. Prior art automated attenpts: using a non-neural network

enbodi nent of classifier 15 require gpver one hour/slide. This exanple is
not meant in any way to linit the adffial configuration of the present
invention, but rather to denonstrate that it is capable of achieving the
obj ect of processing cervical smears and ot her cytol ogical sanples wthin
the tine period required for conmercially feasible operation. In the
preferred enbodi nent, primary classifier 14 is restricted to evaluation
of the cellular nucleus while the secondary er 15 eval uates
both the necleus and its surrounding cytopla-n1 rati o between the
nucl eus and cytoplasm is an inportant |nd|ca:ggo pre-mal i gnant and
mal i gnant cell classification. In an alternang: 'anent, bot h
classifier 14 and classifier 15 are limted to 4 for the cellular
nucl ei . Qut put information fromthe secondar ier 15 is directed
to an output nonitor and printer 17, which may iindi catd a vari ety of
information including, inportantly, whether any S appear to be
mal i gnant or pre-malignant @appear to require furfther exanination, etc.
Figure 3 illustrates an alternage enbodinent in whijch an additional neural
shide for large areas
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i.e., mterial other than single |ayer cells of interest. This includes
clufps of cells, debris, nmucus, |eucocytes, etc. Posi ti onal

i nformati on obtained in this pre-screen is stored for use by the renainder
of the classification system The information fromclassifier stage 16 is
utilized to limt-the processing required by classifier 15. Cassifier
stage 14 can.ignore all material within the areas defined by the positional
coordi nates outputted by classifier 16. This will result in |ess _

i nformati on being sent for proceSS|ngéﬁﬁ%classifier 15. A diagnosis is,

t herefore, made on the basis of class¥ifation of only those cells which

lie outside of these areas. |If an insufficient sanple of cells lies
outside of these areas for ,&a~alid diagnosis,. this information will be
outputted on 17 as an "ins sanple Flgure 4 illustrates

an alternate enbodi ment in W v\\ i i by
classifier 16 are not ignoped\\ T o ) A
classifier 18 _
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which operates in parallel with classifier 15. The training of the neural
net” whi ch conposes classifier 18 is dedicated to the distinction of
pre-malignant and nmalignant cells fromsaid artifactual material

Figure 5 illustrates an alternate enbodi nent wherein an additiona

non- neural - net classification ~of - 'nuclear norphol ogi cal conponents,
~exclusive of integrated optical density, is placed between classifier 14
and classifi-ér 15. This classificatign is performed by classifier 19.
Figure 6 illustrates an alternate edpgdi ment in which a commercially
avai | abl e SAI C neuroconputer is optimzed for feed-forward processing 20.
Through del eti on of | earning-nbde capacity, all neuroconputer functions are
dedi cated to feed- forward operation. Lear ni N~ s conpleted on a

f eed-forward functions. Foll owi ng the c-ﬁn&eti«n of |earning,

the final interconnection &#eights are transfe :D@otﬁ) the optim zed feed-
forward neuroconputer 20. DEdigation of neur OcEIBEE [20 to the

feed-forward node results in a swgtai ned feed-f

8 - 7 operation of 10
i nt erconnect s/ second VS. 10 i nterconnect s/ slec or t he
non-opti m zed board as
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12 commercially supplied. The optimzed feed-forward neural network
20 is utflized to performthe functions of classifiers 14 and 16 in Figures
1, 3, 4, and 5. By utilizing neural net classifier 20 to perform the
furction of statistical classifier 14, cells of interest which are not
necessarily malignant cervical cells, and which do not therefore exceed the
integrated optical density threshold of classifier 14, would nevertheless
be detected. - An exanple would be, the detection of endonetrial cells

whi ch, - whil e not necessarily |nd|oﬁ{Vve of cervical malignancy, are
|nd|cat|ve of uterine malignancy when found in the Pap snear of a

post - nenopausal patient. As an exanple of the data rates that result

from this enbodinent in Fig. 6, assune outsi di mensi ons of 15mm x
45mm or a total slide area of 675 x 10 [efr]. droneters Neural net 20
processes a sliding wi ndow over thi's area for|gm@ Thi s wi ndow has

di mensions of 20 micromet®s x 20 nicronetersgé% >4m- area of 400
mcrometers .. There are, WNyerefore, 1.5 x|2 FﬁEr of these w ndows
on the 15mMmm x 45mm sl i de. r the primary “?é§S|+|%at|on function
perfornmed by neural net 20, a resolutiop__of m croneter/pixel is

network classifier 15 for further analysis. The nput pattefn for the

sufficient to detect those objects whi-ch nust begsent to secpndary neural
[
i mage wi ndow anal yzed by classifier 20 is t dre 20 x .20 pi xel s or 400
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| ayer of neural net 20. The mddle |ayer consists of approximtely
25% of »the input |layer or 100 neurons. (As discussed above in the data
rate calculation for classifier 15, the nunber of output |ayer neurons is

smal | and does not significantly af f ect our results.) The nunber
of- interconnections in classifier 20 is thus approximtely (400)(100)
or 40 x XO[err] . At a processing rate of 10 interconnects/second,
each image fromthe sliding window®7¥?l take 400 m croseconds for neural
net 20 to classify. In a 6

2 15mm x 45mm slide, there are 1.5 x 10 of the 400 m croneter w ndows which
require classification by neural net 20. Total
13 classification tine for neural net 20 is therefor (1.5 X 6
-6 10 [err] ).(400 x 10 [err] ) = 600 seconds or ididties. If this
ten mnutes is added to the appriximately four mn mﬁlred for

secondary neural net gclassifier 15, a total m nut es/ sl i de
results. This exanple i ot neant in any way -
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to limt the actual configuration of the present invention, but rather to
denonstrate that it is capable of achieving the object of processing
cervical snears and other cytological sanples within the tinme period

required for conmenrcially feasible operation. . Speed of processing data
can be enhanced, .too, by using parallel processing. For exanpl e,

pIuraI connerC|aIIy avai |l abl e neur nputers from SAI C can be coupled to
effect paralltel processing of d t hus increasing over al
operational speed of the classifier using the same. Figure 7
illustrates an alternate embodiment in which neural net prinmary
classifier 20 is utilized. in conjunction wth, rather than as a

substitute for nor phol ogi cal classification and area classification.
By dedication of classifier 20 to the detection of those few cell types
whi ch are of interest, but which cannot be dete ot her neans, the
resol’ution required of classifier 20 is mnim zgd. Al t hough the
present invention has been described in ternms of.téhe pipesently preferred

enbodinent it |s to be understood t hat such d|. ¢ |s not to be
‘catlons will-

havi ng read the
he appended cl ai s
~ehtions as fall within

above disclosure. Accordingly, it is intended}that
be interpreted as covering all alterations and
the true spirit and scope(ﬁethe i nvention.
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- 14- CLAI M5 1. An
autdnat gd cytol ogi cal specinen classifier for classifying cells contained
in a snmear on a slide to identify cells that are likely to be nmalignant or

pre-mal i gnant, conprising: (a) mcroscope nmeans for obtaining a view
of*at- | east .part of a cytol ogical specinen including cells and other
material |ocated generally randomy a slide in an arrangenent which can
i nclude other than a single |ayer of Als, . (b) camera nmeans for
creating an image of such view, (c) image digitizing neans for
producing a digital representation of such inage, * (d) a primry

representation of a
primary classifier
hat are likely to

classifier neans for detecting objects in a digital
cytol ogi cal speeci men based on a detectable featur
means conprising a classifier nmeans for detectinp,
be malignant or pre- malignant as well as other

initially appear to haveScharacteristics of a malkE 2 leell or a
pre-malignant -cel |l based on™Wptegrated optical dengi nd
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(e) a, secondary classifier for distinguishing pre-malignant and mal [ gnant
cel fFromother—eetts—and—amterial anong . s

prinpry BERIACED'SHERTS seggndarly classi ierRm%Eﬂﬁ al
conppter apparatus means for effeqting suc @iDes¢riptions pagky as%?ﬂ&?ﬂ:t‘f of

of
trai pHridpserriprbpaged ..77-.. 1@ pagedTite..qut omat ed| dIl @sinfs)er :@aged ai. fo Pagitbrei f
sai d| ArClaimysy ckﬂa?g%uf I-8l. t9'Bagea .-corfpri ses al 4N @rawtrigé!: pag@dsE?m @aged = 1 3,
The agtmg@,p, |f—|—er g; e%l aLmj 1 where tractyt alpaged tcsppagﬂ:dren :
i ncl ﬁggcg | n(j """ &l P T Tree| But omat ed cl assi f§ gr ppf, ,g%u h 1
wher &Wf* e [means  ib BRIGABKEREGEAFSLLIAUL SN,
pre- mal T gnant amgTatigramt—cet+s-! anong ove+apE . et | s
and ot her material . 5. The autonated cl assifier of claim 1, wherein
said canmera MNEYRAS. NETWORKEBASED AUT@MATBDI C¥JOLUGIC AIOSPECIM®BN such
cytol ogi cal specinmen fromsuch view [Pl 222 1IN TRt

CLASSIFICATION SYSTEM AND METHOD

ABSTRACT
An automated screening system and method for cytological specimen

- classification in which a neural network is utilized in performance of the classification

" function. Also included is an automated microscope and associated image processing
circuitry.
Fig. 1
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R R 6.. The automated classifier of claim I‘Cf‘%@ﬂ

apparatus neans conprising an electronic neural [ sgpptlon pag

automated classifier of claimi1 wherein the pri rra 3’&@‘ | e'r L;thspagud
restricted to evaluation of the cellular nucleus /@1 by to paged .
classifier means evaluates both the cel]ular nuc @béﬁﬂcﬁ tsPﬁE‘PdM@I paged

-

-

cytopl asm 8. The autonmated cl asSifier of|fclaim1l wherein Zg h@th&.’

primary classifier neans and the secondary cl assj fDATEn@ErREGERPT

to eval uaickphiciPlet o fule€by Wikdh e Huliad cytotechnictin or paffoIGHst UIES B experterice!
of claim1l ?ﬁbrlt heer corrprl si ng nmeans fc():r orree‘t: |1r(1:gna0rl1: additional non- neurcgl

net cl assith icombimna afultitidé of featirep be hge aadlasiFatinent gestilt AAdhdr. oCertical
integrated optical density, said neans bei ng coupl ed between the prinmary

cl assi f i esmeae alussification) €is s thevefdre, yar leasellenti epplivatiors for neural TBtwdtkebased
automated classifier of claim1, said mcroscope nmeans conprising an

aut onat ed pattennaecagition.

An example of the limitations of the prior art can be found in the 1987 reference
entitled "Automated Cervical Screen Classification" by Tien et al, identified further
below.

Background references of interest are as follows:

Rumelhart, David E. and McClelland, James L., "Parallel Distributed Processing, "
MIT Press, 1986, Volume 1; |

Tien, D.. et al, "Automated Cervical Smear Classification”, Proceedings of the
IEEE/Ninth Annual Conference of the Engineering in Medicine and Biology Society,
1987, p. 1457-1458;
| Hecht-Nielsen, Robert, "Neurocomputing: Picking the Human Brain", IEEE
Spectrum, March 1988, p. 36-41; and

Lippmann, Richard P., "An Introduction to Computing with Neural Nets", IEEE
ASSP Magazine, April 1987, p. 4-22.

The present invention aims to provide an automated system and method for the
classification of cytological specimens into categories, for example, categories of

diagnostic significance.

SUMMARY OF THE INVENTION
It is an object of the present invention to ameliorate one or more disadvantages of
the prior art.
According to one aspect of the present invention there is provided an automated
cytological specimen classifier for classifying cells contained in a smear on a slide to

identify cells that are likely to be malignant or pre-malignant, comprising:
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1. The automated classifier of claim1, said canera neans conprising a

vi deo caner a. 12. The automated classifier of claim1, said canera
means conprising a charge coupled device. 13.. The aut omat ed
classifier of claiml, said primary classifier nmeans conprising neans for
. detection of objects in such digital remesentation of a cytol ogical

speci nen which have a feature that exceeds a threshold | evel. 14.
The autonated classifier of claim1, said Prlnary cl assifier neans

conpri si nép) MRIASCOPe rm@ms et iobriRipg doyiewt of atleastcpartiofiat eytologisak spasimen on

of a cytologica eC| ~which has a f ature hat exceeds a threshold

i nt egr at eff® g‘}S‘l’% elly her - materiaf 5 locgig it & ¥sPP| 8 slige dRafin 1,
sai d prlnar IaS|f| mean s fo tion of o ects in
such di gi ?H f*h?%wc %tﬁ%g sgxgréa@?g%rc? s mearls For

or phol Oghl%ﬂmf” tﬁﬁi{g%' of such view, (c) image digitizing means for producing a digital
representation of such image, (d) a primary classifier means for detecting 6bjects ina -
digital representation of a cytological specimen based on a detectable feature, said
primary classifier means comprising a classifier means for detecting cells that are likely
to be malignant or pre-malignant as well as other cells and material that initially appear
to have characteristics of a malignant cell or a pre-malignant cell based on integrated
optical density, and (e) a secondary classifier for distinguishing pre-malignant and
malignant cells from other cells and material among the objects detected by the primary
classifier, said secondary classifier means comprising a neural computer apparatus means
for effecting such distinguishing as a function of training thereof.

According to another aspect of the present invention there is provided a method of
classifying cytological specimens, comprising using a primary classifier apparatus
primarily classifying a specimen which is generally randomly arranged and can include
other than in a single layer to determine locations of interest, and secondarily classifying
such locations of interest using a neural network computer apparatus.

According to still another aspect of the present invention there is provided an
automated cytologfcél . specimen élassiﬁer, comprising: (a) microscope means for
obtaining a view of at least part of a cytological specimen including cells and other
material located generally randomly in an arrangement which can inclﬁde other than a
single layer of cells, (b) camera means for creating an image of such view, (c) image
digitizing means for producing a digital representation of such image, (d) primary
classifier means for dete_cting objects in a digital representation of a cytological specimen
_based on a detectable feature, said primary classifier meéns comprising a classifier for

detecting cells that are likely to be of a predetermined cell type as well as other cells and
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-6 - °© 16. The automated classifier of claim1 further conprising a
neural network pre- screening classifier means for recognition and
classification of general areas within the digital representation of a
speci men that contain material other than a cellular nonolayer prior to
primary classification by said primary classifier neans. 17. The
automated classifier of claim16 wherein the output fromthe pre-
screening classifier nmeans is utilized to exclude such areas from further
anal ysi s. material th& inﬁib@lyadp?)@ﬁ&bﬁlﬁvé |cﬁ§1‘~‘2\b1%ti§tichff_sﬁ&lﬁbf@dé@nﬁﬂﬁa%ﬂ thpE fidt put
c

fromthe pre- screening assifier neans is utilized to nodify further

anal ysi s d¢) isecopdaryf classifieri tobans fos udiftinguishing cells of shbh pedeRirfimsbdoéel] _t}%'p.e
classifying cytol ogi cal specimens, conprising using a primary cl assifier
appar at us fremrethen gells andimateniaj ameong: therehjevhsi detectesl g nmidaIprimary nelassifier
arranged and can include other than in a single layer to determne

| ocat i ons TRFansnaid segondarynelassifier means comnrising 4 yiewigl sowputep @ppirems 1oéans

i nterest uysin neural,, net wqr,k conputer appar at us.
nt for € ec?ing such dlstnlngu\/%ﬁung as awuncuon of p g thereof.

The present invention will be better understood by those of ordinary skill in the art
after having read the following detailed descriptidn of the preferred embodiment,

It is noted here that the published articles cited herein are specifically incorporated
herein by reference. ‘

While the invention is described herein mainly with respect to classification of
cytological specimens in the form of a cervical smear, e.g. as typically is done in
connection with a Pap test, it will be appreciated that ﬁs is but one example of the
application of the principles of the invention which are intended for application for
classification of many other cytological specimens.

In the drawings:

Figure 1 is a block diagram for a neural network based automated cytological
specimen screening device (herein also called a classiﬁér) in accordance with the present
invention;

Figure 2 is a representation of a three-layer neural network of the type utilized in
the preferred embodiment; |

Figure 3 is a block diagram of an alternative embodiment of automated screening
device in accordance with the present invention;
| Figure 4 is a block diagram of another alternative embodiment of automated

screening device in accordance with the present invention;

This is the replacement shost

15 .DEC 1997

Dats:



20. The nethod of claim 19, wherein said primarily classifying step
conprises using a video canera or charge coupled device (CCD) to obtain.
i mages of the specinmen, a digitizer to digitize such inages and an
i ntegrated optical density detector. 21. The nethod of claim 19,
wherein said primary classifying conpriggs using a neural network conputer
appar at us. 22. The nmethod of claim 19, wherein said step of using a
primary classifier apparatus primarily classifying a specinmen conprises
using a statistical classifier. CRAIMSThe nethod of claim 19, wherein
said step of using a primary classifier apparatus primarily classifying a
speci nen conpii seAmaktongted oftelegichl specinmem dasséfieroor chmsipling @els contained 24.
The method of claim19, wherein said step of using a primary classifier
appar at us ipri smear lop a slidss o identifyacallsetbatnamn likehpto be maligidnt @r retmadignast; y
classification  based on integrated optical density.

comprising: _

(a) microscope means for obtaining a view of at least part of a cytological
specimen including cells and other material located generally randomly on a slide in an
arrangement which can include other than a single layer of cells,

®) cémera means for creating an image of such view,

(c) image digitizing means for producing a digital representation of such image,

(d) a primary classifier means for detecting objects in a digital representation of
a cytological specimen based on a detectable feature, said primary classifier means
comprising a classifier means for detecting cells that are likely to be malignant or pre-
malignant as well as other cells and material that initially appear to have characteristics
of a malignant cell or a pre-malignant cell based on integrated optical density, and

(¢) a secondary classifier for distinguishing pre-malignant and malignant cells
from other cells and material among the objects detected by the primary classifier, said
secondary classifier means comprising a neural computer apparatus means for effecting
such distinguishing as a function of training thereof.

2. The automated classifier of claim 1 wherein said primary classifier means
comprises a statistical classifier.

3.  The automated classifier of claim 1 wherein such cytolpgical specimen
includes overlapping cells. | |

4. The automated classifier of claim 1 wherein said secondary classifier means
is operable to distinguish pre-malignant and malignant cells among overlapping
arrangements of cells and other material.

5.  The automated classifier of claim 1, wherein said camera means is positioned

to create an image of a portion of such cytological specimen from such view.
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=17 - - 25. The nmethod of claim 19, further conprising training such
neural network conputer apparatus to identify cytol ogi cal speci nens of

I nterest. 26. An aut omat ed cytol ogi cal specinmen classifier,

conpri si ng: (a) mcroscope neans for obtaining a view of at |east
part of a cytol ogical specinen includtq% cells and other material |ocated
generally randomy in an arrangenent whi'ch can include other than a single

| ayer of cells, (b) camera neans for creating an image of such view,
(c) imge digig.iziTe sReMatel UlasifRd W dfim? 1 dkhd trdhral %Bﬁﬁﬁ@?taﬁ?hﬁﬁxs%eﬁiém
I mage, - (d) primary classifier neans for detecting objeCis in a

digital rm@ﬁgﬁgﬁtgadﬂa&tﬁfm@nemﬂﬁmtaal speci nen based on a detectable
feature, said primary classifier means conprising a classifier for

det ecting cel |5 t lEie autemhtct ellassifior o€ cliimal phertin ¢henprimdryc eladsifierymeamsiswel |
as other cells and material that initial Il)éuapp(?%r to have characteristics
of such pestietedr o aealuation of yhe celylar nucleus (wdhilesthe ovegomdary: |classifier aneansans
o St ates DOt the celivtar mucichs"and s surrounsfing eytoplasm.

8.  The automated classifier of claim 1 wherein both the primary classifier means
and the secondary classifier means are restricted to evaluation of the cellular nucleus.

9. The automated classifier of claim 1 further comprising means for making an
additional non-neural net classification of nuclear morphological componenté in addition
to integrated optical density, said means being coupled between the primary classifier
means and the secondary classifier means.

10. The automated classifier of claim 1, said microscope means comprising an
automated microscope.

11. The automated classifier of claim 1, said camera means comprising a video
camera. |

12. The automated classifier of claim 1, said camera means comprising a charge
coupled device.

13. The automated classifier of claim 1, said primary classifier means comprising
means for detection of objects in such digital representation of a cytological specimen
which have a feature that exceeds a threshold level.

14. The automated classifier of claim 1, said primary classifier means comprising
means for detection of objecté in such digital representation of a cytological specimen
which has a feature that exceeds a threshold integrated optical density.

15. The automated classifier of claim 1, said pr_imary classifier means comprising

means for detection of objects in such digital representation of a cytological specimen

based on morphological criteria.
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type fromother cells and material anong the objects detected by said
primary classifier neans, said secondary classifier nmeans conprising a
neural conputer apparatus neans for effecting such distinguishing as a
function of training thereof. © 27. The automated classifier of claim
26, wherein the primary classifier nmeanggls restricted to evaluation of
the cellular nucleus while the secondary classifier nmeans eval uates both
the cellular nucleus and its surroundi ng cytoplasm 28. The aut omat ed
cl assi fier of 18] ailhe aBtomasedeciassifiarofidiaimpl furthey comprising jacneuratnetworknpret he
secondary classifier _neans are restricted to evaluatlon of the cellular

nucl eus. ~ screening glassifigr a@@asrﬁqre@cesra%n and elagsifieatign A Rgnewal arage rWléhmrﬂh‘F si ng

neans for mak an addl i onal, no eural net .c catl n of nu ear
mor phol ogftENAl FFs PF@HP%" 8 PRI cee%awgmetsﬂal{%tﬁ ielpigg mano

classifier. {am and ch §cont1)darl¥l cl assi i neans.
prior to primary s cation by sail primary classifier meéans.

17. The automated classifier of claim 16 wherein the output from the pre-
screening classifier means is utilized to exclude such areas from further analysis.

18. The automated classifier of claim 16 wherein the output from the pre-
SCréening classifier means is utilized to modify further analysis of images found within
such areas.

19. A method of classifying cytological specimens, comprising using a primary
classifier apparatus primarily classifying a specimen which is generally rémdomly
arranged and can include other than in a single layer to determine locations of interest,
and secondarily classifying such locations of interest using a peural network computer
apparatus. |

20. The method of claim 19, wherein said primarily classifying step comprises
using a video camera or charge coupled device (CCD) to obtain images of the specimen,
a digitizer to digitize such images and an integrated optical density detector.

21. The method of claim 19, wherein said primary classifying comprises using a
neural network computer apparatus.

22. The method of claim 19, wherein said step of using a primary classifier
apparatus primarily classifying a specimen comprises using a statistical classifier.

23, The method of claim 19, wherein said step of using a pﬁmary classifier
apparatus primarily classifying a specimen comprises making a classification based on
morphology.

24. The method of claim 19, wherein said step of using a primary classifier
apparatus primarily classifying a specimen corﬁprises making such primary classification

based on integrated optical density.

HIIllI\ Il III!\ I \III
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-18- ¢ 30. The automated classifier of claim26, said mcroscope neans
conprising an autonated m croscope. 31. The automated cl assifier of
claim 26, said canmera means conprising a video canera. 32. The
automated classifier of claim26, said camera nmeans conprising a charge
coupl ed devi ce. 33. The autonmated gl assifier of claim26, said
primary classifier nmeans conprising neans for detection of objects in such
digital representation of a cytological specinmen which have a feature that

exceeds a thr@sholThel @ehbd of claim 39, filiRera¢onepridinged raindss sidhehethl abiork26,

said primary classifier nmeans conprising nmeans for detection of objects in

such di gi ceinputep apparatuate atentify cytolpgivhbspecialens spateérastn whi ch has a feature

that exceeds a threshold integrated optical density. 35. The

aut onat ed cl a26i f iAsy awsémated iciodagical speripen elassifier| eemprising: means conpri si ng

means for detection of objects in such digital representation of a

cytol ogi cal  §DeBHMORCAPEs GRS folh ObIAMIBY i & Yiew: rqft @l Jegst part of a cytological
specimen including cells and other material located generally randomly in an
arrangement which can include other than a single layer 6f cells,

(b) camera means for creating an image of such view,

(c) image digitizing means for producing a digital representation of such image,

(d) primary classifier means for detecting objects in a digital representation of a
cytological specimen based dn a detectable feature, said primary classifier means
comprising a classifier for detecting cells that are likely to be of a predetermined cell
type as well as other cells and material that iniﬁally appear to have characteristics of
such predetermined cell type, and |

| (e) secondary classifier means for distinguishing cells of such predetermined cell
type from other cells and material among the objects detected by said primary classifier
rheans, said secondary classifier means comprising a neural computer apparatus means
for effecting such distinguishing as a function of training thereof.

27. The automated classifier of claim 26, wherein the primary classifier means is
restricted to evaluation of the cellular nucleus while the secondary classifier means
evaluates both the cellular nucleus and its surrounding cytoplasm.

28. The automated classifier of claim 26 wherein both the primary classifier
means and the secondary classifier means are restricted to evaluation of the cellular
nucleus.

29. The automated classifier of claim 26, further comprising means for making
an additional non-neural net classification of nuclear morphological components, said

means being coupled between the primary classifier means and said secondary classifier

means.

This is the replacement sheet

T o 15 e



36. THe automated classifier of claim26, wherein said canera nmeans i s
positioned to create an inmage of a portion of such cytol ogi cal specinen
from such vi ew. 37. The autonated classifier of claim26, said neural
conput er apparatus nmeans conprising an electronic neural conputer.

38. The automated classifier of claim2gwherein primary classifier neans.
conprises a statistical classifier. 39. The automated cl assifier of
clai m 26 wherein such cytol ogi cal specinmen includes overlapping cells.
40. The aut onmg0ed Theamsirhited chissifibofrci2iin \B6¢ s£id misfisCoprementacomprisids uh i er
means 1is operable to distinguish cells of such predeterm ned cell type
anong ovepiteppitedgmicaescapgienent s of cells and other material s. I

L ls *

c

31. The automated classifier of claim 26, said camera means comprising a video
camera.

32. The automated classifier of claim 26, said camera means comprising a charge
coupled devjce.

33. The automated classifier of claim 26, said primary classifier means
comprising means for detection of objects in such digital representation of a cytological
specimen which have a féature that exceeds a threshold level.

34. The automated classifier of claim 26, said primary classifier means
comprising means for detection of objects in such digital representation of a cytological
specimen which has a feature that exceeds a threshold integrated optical density.

35. The automated classifier of claim 26, said primary classifier means
comprising means for detection of objects in such digital representation of a cytological
specimen based on morphological criteria. |

36. The automated classifier of claim 26, wherein said camera means is
positioned to create an image of a portion of such cytological specimen from such view.

-37. The automated classifier of claim 26, said neural computer apparatus means
comprising an electronic neural computer.

38. The automated classifier of claim 26 wherein primary classifier means
comprises a statistical classifier.

" 39, The automated classifier of claim 26 wherein such cytological specimen
includes overlapping cells. | |

40. The automated classifier of claim 26 wherein said secondary classifier means
is operable to distinguish cells of such predetermined cell type among overlapping

arrangements of cells and other materials.
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~ 19 = 41. The automated classifier of claim26 further conprising a
neural network pre-screening classifier nmeans for identifying general
areas within the digital representation of a specinen that contain
material other than a cellular nonolayer prior to primary classification.
42. The automated classifier of claimd4l]gwherein the output fromthe pre-
screening classifier is utilized to exclude such identified areas from
further anal ysis. 43. The automated classifier of claim 41 wherein

the output fram tie #fftSmatedC1R8iHeP DICAIFHS 261 MFthe® 8ABpFisingld héwr8l nbvorRdi fy
further analysis of inmages found within the areas of the specinen :
i denti fi e@rédycreanifig pthssifiercemeary dbaskiehtifingegeneral areas within the digital
representation of a specimen that contain material other than a cellular monolayer prior
to primary classification.
42. The automated classifier of claim 41 wherein the output from the pre-
screening classifier is utilized to exclude such identified areas from further analysis.
43. The automa_ted classifier of claim 41 wherein the output from the pre-

screening classifier means is utilized to modify further analysis of images found within

the areas of the specimen identified by said pre-screening classifier means.

U
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NEURAL NETWORK BASED AUTOMATED CYTOLOGICAL SPECIMEN
CLASSIFICATION SYSTEM AND METHOD

ABSTRACT _

An automated screening SYstem and method for cytological specimen
classification in which a neural network is utilized in performance of the classification
function. Also included is an automated microscope and associated image processing
circuitry.

Fig. 1
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