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Computer automatic diagnostic (CAD)/classification of videoimages is actual for laparoscopic surgery. Such CAD is supposed
to explore intraoperatively for support surgeon decisions.

Aim: to evaluate the effectiveness of the CAD systems developed on the basis of two classifiers — HAAR features cascade and
AdaBoost for the detection of cirrhotic and metastatic damages of the liver.

Materials and methods. The development of CAD was based on training of HAAR features cascade and AdaBoost classifiers
with images/frames, which have been cropped out from video gained in the course of laparoscopic diagnostics. RGB frames which
were gamma-corrected and converted into HSV have been used for training. Also descriptors were extracted from images with
the modified method of Local Binary Pattern (LBT), which includes data on color characteristics ("modified color LBT”—MCLBT)
and textural ones for AdaBoost classifier training. 1000 positive images along with 500 negative ones of both types of pathology
were used for training. After cessation of training the tests were performed with the aim of the estimation of effectiveness
of recognition. Test session images were different from those ones which have been used for training of the classifier. Test
control sessions were performed with trained classifiers with 319 frames containing cirrhotic and 253 frames with metastatic
deteriorations in liver tissue. 365 frames with the absence of mentioned pathology were used as a control group — practically
healthy liver state.

Results. Classification of test video-images revealed that the highest recall for cirrhosis diagnostics was achieved after training
of AdaBoost with MCLBT descriptors extracted from HSV images — 0.655, and in case for metastatic damages diagnostics — for
MCLBT gained from RGB images — 0.925. Hence developed AdaBoost based CAD system achieved 69.0 % correct classification
rate (accuracy) for cirrhotic and 92.7 % for metastatic images. The accuracy of Haar features classifier was highest in case
of metastatic foci identification and achieved 0.701 (RGB) — 0.717 (HSV) values.

Conclusions. Haar features based cascade classifier turned to be less effective when compared with AdaBoost classifier trained
with MCLBT descriptors. Metastatic foci are better diagnosed when compared with cirrhotic liver deterioration with the explored
approaches to digital images classification.

E¢eKTuBHiCTb aBTOMaTM30BaHOi AanapOCKONiYHOi AlarHOCTUKH
NaToAOriUHOro CTaHy NeviHKK Npu 3acToCyBaHHI Pi3HUX METOAIB Khnacudikauji
uudpoBUX 306parkeHb

A. M. basisitos, H. B. KpectoH, A. b. bByauHoBcbkuit, M. P. basisitos, A. B. AsiLeHKo,
M. C. TopneBcbkui, T. B. Mpubonoseub, K. A. BipHIok

Komn'totepHa aBTOMaTtn3oBaHa giarHoctuka (KAL) knacudikauisi BineozobpaxeHb € akTyarnbHO B anapocKoniyHii Xipyprii.
MogibHa KA nepenbayaeTtbes 4O BUKOPUCTAHHS BMNPOAOBX BUKOHAHHS NManapoCKONiYHOrO BTPYYaHHS 3 METOK MiATPUMKM
YXBaneHHS! PiLLIEHHS Xipyprom.

Meta po60otu — ouiHuTh edbekTvBHiCTb KALL W0 cTBOpEHi Ha 6a3i ABOX knacudikaTopiB: kackagHoro Knacudikatopa 03Hak
Xaapa Ta AdaBoost nig Yac 4iarHOCTUKM LMPOTUYHMX 3MiH NEYiHKM Ta METacTaTUYHOrO i ypaxeHHS.

Martepianu Ta metoau. CtBopeHHs KA[ 3aiiicHIi0Bany LNSXOM HaB4aHHS KackaaHoro knacudikatopa o3Hak Xaapa Ta AdaBoost
306paxeHHsMW/Kagpamu, KoTpi Bynn BUnyYeHi 3 Bigeopsay, Lo OTpMMarnu fig Yac nanapockonivyHoi AiarHOCTUYHOT NpoLeaypu.
Kagpw, wo otpumani B RGB dhopmari Lwkanu konbopie, 06pobnsnm 3a 4oNOMOror rama-KopekLii Ta TpaHchopmyBanm y Lwkasny
HSV, nicns yoro obuaga Tvnu kaapie BUKOPUCTOBYBaMM A1 HAaBYaHHS. 3a [OMOMOro MOAUMIKOBAHOTO METOAY JTOKaNbHUX
6iHapHux naTepHis (LBT), koTpuid BKNKOYAB NOKa3HMKK KOMIPHOCTI («MoaudikoBaHWiA 3a konbopom LBT» — MCLBT), a Takox
XapakTepuUCTUKV TEKCTYPU, BUSHAYaNM AeckpunTopm Ans HaB4aHHs AdaBoost knacudikatopa. 3aranom ans HaB4aHHs KOXHOTo
knacudikaropa BukopuctoBysany 1000 306paxeHs i3 ninTBepmxeHumm giarHosamu Ta 500 — 3 IXHBOH BiCYTHICTHO AN KOXKHOT
chopmm natonorii neviHku. [Micns 3aBepLUeHHst HaBYaHHS BUKOHYBamnW KOHTPOSbHE TECTYBaHHS! Ta BU3HAYanu eeKkTUBHICTb
[AiarHOCTVKV Bia3HayeHx knacudikatopis. Mpu LbOMY A58 TECTYBaHHS BUKOPWUCTOBYBarM 300paxeHHs, KOTpi He 3aCTOCOBYBau
nig vac HaB4aHHS: 319 306paxeHb LIMPOTUYHO 3MiHEHOT Ta 253 300paxeHHs METACTaTUYHMX 3MiH NMOBEPXHI NEYiHKM, a TaKoX
365 306paxeHb NeviHky 6e3 NaTonoriyHNX 3MiH.

Pesynbrat. KoHTpOnbHe TecTyBaHHs 3acBigumno, Lo HaMBULLMM MOKa3HWK MOBHOTW AiarHOCTVKW LMPO3y NeviHku 6yB npu
BukopucTaHHi AdaBoost knacudikatopa, koTpuin 6yno Hae4eHo 3a fonomoroo MCLBT-geckpunTopis, WO OTpUManu 3 kaapis
y HSV copmari — 0,655, a Takox nig Yac 4iarHOCTVKM METacTaTUYHOrO YpaxeHHs! NeviHku — npu BukopuctaHHi MCLBT-ge-
cKkpunTopIB, WO opepxanu 3 kagpis y RGB dopmari — 0,925. O1xe, KAl Ha ocHoBi AdaBoost knacudikatopa aae MOXIMBICTb
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e(heKTMBHO AiarHoCTyBaTV LMPOTWYHI 3MiHU B 69,0 % Ta meTacTatniHe ypaxeHHs — B 92,7 % Bunaakis. KopekTHa giarHocTuka
3a A0NOMOrOH0 KrnacudikaTopa Ha OCHOBI 03HaK Xaapa byna HalBULLIOK Y BUNaAKY AiarHOCTVKM METACTaTUYHOIO YPaXeHHs Ta
cranosuna 0,701 ta 0,717 nig yac HaB4aHHs 3 BukopucTaHHaM RGB i HSV dopmarie 306paxeHb BianosigHo.

BucHoBku. Knacvidikatop Ha 0CHOBI 03Hak Xaapa € MeHLL e(heKTUBHUM MOPIBHAHO 3 Knacudikatopom AdaBoost, Lo HaB4eHuI
3a MCLBT-geckpuntopamu nig Yac BUpiLLEHHS MMTaHb aBTOMAT30BAHOI AiarHOCTUKM CTaHy NeviHkK. 3a oNoMoroto knacudika-
TOpiB, KOTPi 3aCTOCOBaHi, METACTaTUYHE YPaXKEHHS [iarHOCTYETbCSA ePEKTUBHILLE MOPIBHAHO 3 LUPOTUHHUMI 3MiIHAMW NEYIHKM.

3¢ PeKTUBHOCTD aBTOMaTM3MDOBaHHOﬁ AaHaDOCKOHM‘IeCKOﬁ AWArHOCTUKHU NaToOAOrMu
neyeHu NP1 UCNOAb30BAHWUMW Pa3HbIX METOAOB KAacCUPUKaLUK LUPOBLIX u306pa)|(e|-mv”|

A. H. basasuTos, H. B. KpectoH, A. b. byauHoBckui, H. P. Bas3uTtoB, A. B. AsiLLeHKo,
A. C. TopneBckui, T. B. Mpubonosel, E. A. BUAHIOK

KomnbtoTepHas aBTomaTuampoBaHHas gnarHoctvika (KAL)/knaccudmkaums Buaeon3obpaxeHnii SBNSeTCs akTyanbHow B nana-
pockonuyeckoi xupypriu. Mogo6Hele KALL vcnonbaytoTes MHTpaonepaLyoHHO BO BpEMSt NanapoCcKonYecKoro BMeLLaTenbCTaa
ANS NOAAEPKKA NPUHSATUS PELLEHNIA XMPYProM.

Llenb pa6otbl — oueHNTb adhdpekTBHOCTL KALL, co3naHHbix Ha 6ase AByX knaccuuKaTopoB: KackagHoro knaccudmkatopa
npu3HakoB Xaapa 1 AdaBoost npu anarHoCcTyKe LMpPOTUYECKVX U3MEHEHWI NEYEHN 1 €€ MeTacTaTMYeCcKoro NopaxeHus.

Marepuansi n metoabl. Cosaanne KA npoeoamnock NyTém obyyeHns kackapgHOro KraccudumkaTtopa npuaHakoB Xaapa u
AdaBoost nsobpaxeHnsmu/kagpamu, kotopele Obinn nony4eHsbl M3 BUAEOPSAA, 3aperncTpMpoBaHHOO BO BPEMS Nanapocko-
nUYeckon auarHoctmyeckon npouenypbl. Kagpel, nonyyenHsle B RGB chopmate wkanbl LBeTHOCTU obpabatsiBany nyTém
ramMmma-KoppekLum n TpaHcopmmpoBanu B wkasy HSV, nocrie yero oba Tuna kagpos npumMeHsny Ans obydeHust. C nomoLLbto
MOANMULMPOBAHHOTO MeTOAA NOoKanbHbIX GUHapHBLIX NatTepHoB (LBT), koTopblit BkMtouan nokasatenu LBETHOCTH («MOau-
uumMpoBaHHbIn No LetHocTn LBT» — MCLBT), a Takke XxapakTepucTuku TEKCTYpbI, ONpeaensny AeCKpUnTopbl, KOTOpbIMU
nposoaunyu obyveHne AdaBoost knaccudukatopa. B Lenom ans obyyeHns kaxagoro knaccudmkatopa ucnonbaosany 1000
1300paxeHnii C NOATBEPXAEHHbIMM AnarHo3amm u 500 — ¢ Ux OTCYTCTBMEM AN Kaxaon hopmbl natonorum neveHu. Mocne
OKOHYaHWS 0By4eHNs NPOBOAUMM KOHTPONbHOE TECTUPOBaHME W ONpeaensny apheKTUBHOCTb ANArHOCTUKA NPUMEHEHHBIX
knaccudmkaTopos. [pu 3TOM ANs TECTUPOBAHWS UCTONb30BaNM N306paXeHust, KOTOpbIE He MPUMEHSNNCE BO BpEMS! 00y4eHus:
319 n3obpakeHnin LUPPOTUYHO M3MEHEHHOM M 253 N300paXeHNst METAacTaTUYECKUX M3MEHEHNIA MOBEPXHOCTM NEYeH!, a Takke
365 1306paxeHunin neveHn 6e3 NaTonormiecknx U3MeHeHUN.

Pesynbratbl. KOHTpOnbHOE TECTUpPOBaHME Nokasaro, 4To Hanbonee BbICOKUM MokasaTenb NOMNHOThl AUarHOCTUKM LMppo3a
neyeHn 6bin npw ncnons3osaHum AdaBoost knaccudmkartopa, kKoTopbii 06ydeH ¢ nomoLbio MCLBT-geckpunTopos, nosyyeH-
HbIX Npy 0bpaboTke kagpos B HSV copmate — 0,655, a Takke Npu AnarHocTMke METACTaTUYECKOro NOPaXXeHNs NEYEeHN — Npu
ncnonb3oBaHum MCLBT-geckpunTopos, nomnyyeHHbix npu obpabotke kagpos B RGB dopmare — 0,925. Takum o6pasom, KA
Ha ocHoBe AdaBoost knaccudumkatopa no3BonseT apdeKkTMBHO AMarHOCTUPOBaTL LMppoTUYeckue nameHeHns B 69,0 % u
meTacTatudeckme nopaxenus — B 92,7 % cnydvaes. KoppekTHas gnarHocTuka ¢ npuMeHeHeM knaccudukatopa Ha OCHoBe
npuaHakoB Xaapa bbina Hanbonee BbICOKOW B Cry4ae AMarHocTuku metactasos u coctaensna 0,701 n 0,717 npu oByyeHnm ¢
npumeHexnem RGB n HSV dopmatoB n3obpaxeHuii COOTBETCTBEHHO.

BbiBoabl. Knaccudgukarop Ha ocHOBe Npu3HakoB Xaapa MeHee 3pekTUBEH B CpaBHeHUM ¢ knaccudmkatopom AdaBoost,
KoTOpbIV 0Byyanu ¢ nomoLbto MCLBT-geckprnTopoB nNpu peLLeHnm BONpOCOB aBTOMATU3MPOBaHHOM ANArHOCTVKY COCTOSIHUS
neyeHn. C NoOMOLLbIO MPUMEHEHHBIX KNACCUUKATOPOB METACTATUYECKVE UBMEHEHUS AMarHOCTMpYtoTCs Bonee adpdhekTnBHO
B CPABHEHUU C LIMPPO30M MeYEHM.

Computer automatic diagnostic (CAD)/classification
of videoimages is actual for minimal invasive abdominal
surgery and endoscopy [1-5]. CAD systems are intensively
developed for tracking laparoscopic instrumentation [6],
identification of zones of pathology [4,7,8] and the diminu-
tion the risk of damage of healthy tissues [2]. Thus, A. La-
hane et al. [2] used series of computer vision algorithms to
track surgical instruments and coarse location of the cystic
artery. ltindicates the possibility of an injury to the cystic ar-
tery by automatically detecting the proximity of the surgical
instruments with respect to the cystic artery [2].

Some peculiarities were stressed for video-laparo-
scopic images automatic classification [5]. Thus, authors
pointed on the absence of tangible differences in elements
of images as a result of rather high level of noise and lack
of lightness. Besides, another obstacle, which complicates
the CAD is confined to high variability of the shape of ob-
jects, which are searching for. Also the majority of pixels
contain prevalently red color hues, which reduced their
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informative significance. The quick change of the angle
of object along with changes of their illumination and
specular reflections significantly impact on the result
of automatic recognition [5]. Hence, the usage of gam-
ma-correction in the course of preprocessing of primarily
gathering information, which permits to identify relations
between quantitative pixel characteristics and their actual
brightness is justified [4].

Taking into consideration the necessity of fast
working of algorithm for video-data analysis, it is rea-
sonable to explore classifier based on Haar-features
cascade [6]. Haar features system first time proposed
by [9] for face recognition was described in details in a
lot of works, including those ones devoted to tracking
of laparoscopic instrumentation [6]. Exploration of Haar
features presumes the investigation of the sum of pixels
intensity after broking initial image into rectangular tile
regions or windows [6]. Hence, exclusion the process
of analyzing each pixel of an image separately saves
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the time for analysis and makes the process of recogni-
tion congruent with the flowing of videoframes. For each
window the sum of pixel intensities in adjacent windows
is calculated and the difference is taken between those
regions and the window in question. Obtained difference
is indicative for the classification of the target window
which is necessary for the comparison of gained data with
those ones presented in the library specially composed
for the training of the Haar cascade classifier. Hence,
critical step for gaining results is confined to the correct
creation of the library of Haar-features which provides with
maximal versions of divergent appearance of pathological
process in target zone.

The training of Haar features based cascade needs
a lot of time which might be measured in months when
tens of thousands of images are used [6]. That is clear
disadvantage of the method and it is hard to avoid it as
far as increasing the number of images is proportional to
the effectiveness of diagnostics [6].

We have chosen the two versions of pathology with
relatively low for the CAD — suspicion of focal metastatic
damage of liver and suspicion of cirrhotic deteriorations
of the liver. Such an approach permits to minimize the size
of zone of interest as well as to avoid to some extent
the drastic visual variability of pathological appearance.
Besides, we hoped to get most informative and few/least
numerous descriptors of texture, color and shape of patho-
logical zones.

Texture features extracted from pathological endome-
trium were different from normal one, and were characte-
rized by lower image intensity, while variance, entropy and
contrast gave higher values [4]. Thus, for the hysteroscopic
images the heightened mediana of grey scale is clearly
identified and along with more homogenous and less
contrast might be treated as informative differential index
for normal state identification [4]. That is why we decided
to use both color and texture features for training Haar-
features based classifier. Besides, as an alternate to Haar
features-based classifier we have explored AdaBoost
classifier trained with minimal number of descriptors gained
from Local Binary Pattern (LBP) method application. The
classical method of LBT manipulates with grey scale
of color and ignores other colors information. Instead
of the modified LBT method, which includes data on color
characteristics (modified color LBT — MCLBT) [11,12] was
used in the present investigation for gaining color and
texture descriptors [3,13].

The main aim of this work was to work out and to
compare the effectiveness of CAD based on Haar-fea-
tures cascade classifier with AdaBoost — based CAD and
which were trained to distinguish between normal and
pathological state of liver being damaged with metastases
or cirrhosis.

Materials and methods

The next steps were performed in the course of collecting
data and their analysis:

— Calibration of digital camera, which included white
balance and conversion of color scale into digital code; that
was performed in accordance to instructions of camera’s
manufacturer;

ISSN 2306-8027  http://pat.zsmu.edu.ua

— The frontal position of the object which was under
inspection with deviation from right angle up to 15+ 5° and
distance to visualized zone from 3 to 5 cm was used [4];
those images which have been gotin a such a fashion were
used for both CAD system training and testing;

— There is no documentation for OpenCV that de-
scribes what size the positive samples should be scaled
to. Some tutorials suggest using sizes around 20 x 20
or pixels for face recognition or 24 x 24 pixels for polyps
endoscopic diagnostics [7]. In our investigation those
zones which have been of interest from diagnostic point
of view have been identified off-line with their size 60 x
60 pixels and used for training of classifier; in the course
of laparoscopic intervention the speed of video frames
was modified via using the low frequency filter and size
ofimage was artificially modified from 30 x 30 up to 60 x 60
pixels, which was necessary for optimizing classificatory
performance.

— Gamma-correction performing of gained image with
the recalculation of gamma-coefficient;

— Conversion of RGB scale into HSV one; such a
conversion was justified by orientation of Haar features
on the estimation of the intensity of pixels;

The OpenCV library contains a built-in function for
developing this library via Haar feature classifiers [10].
We have used the next OpenCV modules in our work:
1) OpenCV_core — for basic calculations, generation
of pseudorandom numbers, XML import/export e. c.;
2) OpenCV_imgproc — images processing; 3) OpenCV_
highgui — simple Ul, upload/storage of images and video;
4) OpenCV_ml — methods and models of adaboost trai-
ning; 5) OpenCV_video — movement analysis and tracking
(optical stream, templates of movement, background abo-
lishing; 6) OpenCV_objdetect — detection of the objects
on images (Haar, HOG e. c.); 7) OpenCV_calib3d —
camera calibration.

— Training to Haar features, using both RGB and
HSV images.

— Training AdaBoost classifier with MCLB templates
[14]; in both cases key features, which were used, were
confined to mean, entropy, contrast, homogeneity and
eXcesses.

— Results of classification were stored at data base
which permitted to perform additional analysis later on.

All the laparoscopic videos were got with laparo-
scopic camera with 5 mm aperture diameter “Carl Storz
Tricam Camera (Carl Storz, Germany) during 2011-2016
years. That camera had the analogous input (PAL 475
horizontal lines) and incoming signal was digitalized with
the pixel density of 720 x 576 and capture was made with
video capture card “averMedia HD capture Studio 203"
(Avermedia, France) and presented at CAD interface
(Fig. 1).

Criteria (both technical and medical), which have been
used for the inclusion were the next: documented digital
camera calibration made in accordance to the manufac-
turer instruction; the average severity of patient’s state
and approving of diagnoses by results of clinician and
laboratory and instrumental investigations.

Features extraction and classifiers training. Being
applied to RGB scale MCLBT calculates LBT for R and G
channels of normalized RGB color space [11,12].

Maronoris. Tom 14, Ne 2(40), TpaBeHb—cepneHb 2017 p.



The more stable data were provided with RGB—-MCLBT
under different conditions of illumination intensity as far
as after normalization the invariant state of “R” and “G”
channels was achieved.

The texture characteristics calculation using HSV —
MCLBT was performed via recalculations on Hue chan-
nel, which was invariant with regard to illumination and
saturation variability. For LBT calculation the radius of 1.5
and 12 pixels was applied [12]. The pertinent pattern was
created for each of scale vector, as a result and the cha-
racteristic vector was determined for templates of MCLBT,
which included mean, entropy, contrast, homogeneity and
excesses.

For the training of classifiers 32 laparoscopic video-
images patients with metastatic liver damage and 35 with
cirrhosis were used as “positive” ones (Fig. 2). Also for
the classifier training 40 videos gained from normal liver
surface were used as a control - “negative” images. Each
video was classified in accordance to final diagnoses,
which have been proved with clinical and instrumental
methods of diagnostics or/and with histological data.
Hence, in all the cases training was performed retro-
spectively.

Each video contained 2500-3000 frames, among
which manually those ones for teaching and testing col-
lections were verified, cropped out and storage.

For the classifiers training the next parameters were
explored:

— False positive rate f = 0.3;

— Windows with the size of frame as 60 x 60 pixels;

— Number of positive images — n = 1000 for each
pathology;

— Number of negative images — n = 500.

After cessation of training the tests were performed
with the aim of the estimation of effectiveness of reco-
gnition.

Test session images were different from those ones
which have been used for training of the classifier. Test
control sessions were performed with 319 frames contain-
ing cirrhotic and 253 frames with metastatic deteriorations
in liver tissue. 365 frames with the absence of mentioned
pathology was used as a control group — practically healthy
liver state.

Statistical procedures. To assess the performance
of our classifiers, we use the measures precision, recall
and F-score [7].

Precision measures the fraction of the detected-posi-
tive instances, which are true-positive:

Precision = TP/ (TP + FP).

TP is the number of true-positive instances, FP is
the number of false-positive instances.

Recall is the fraction of all true-positive instances,
which are also detected positive. The formula for calcu-
lating the recall is:

Recall=TP /P.

P is the number of positive instances.

F-score (also F-measure or F1-score) is the harmonic
mean of precision and recall. It is thereby a combination
of these two measures in a single number.

Pathologia. Volume 14. No. 2, May-August 2017
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Fig. 1. Interface of the CAD software.

Fig. 2. General scheme on the CAD working. With the squares “zones of interest” are automatically
defined and tracked.

F =2 * Precision * Recall / (Precision + Recall).

In several sections, the measure accuracy is used as
well. Accuracy is the proportion of correctly classified items
out of all the items classified.

Accuracy = (TP + TN)/ (TP + TN + FP + FN).

TN is the number of true-negative, FN is the number
of false-negative instances.

Results

Gained data revealed that the effectiveness of diagno-
stics of cirrhosis was lower than diagnostics of metastasis
independently of type of frames which have been used
for training (Table 1). The highest recall for cirrhosis
diagnostics was registered after training with MCLBT
obtained from HSV converted images — 0.655, while for
metastasis diagnostics recall for RGB — MCLBT was higher
than for HSV — MCLBT — 0.925 and 0.913 respectively.
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Table 1. Detector performance of HAAR features-based and AdaBoost classifiers trained with different types of images

Classifier Frames type True positive  True negative  False positive  False negative Precision Recall F1Score  Accuracy
used for training

Cirrhosis

Haar-features cascade RGB 133 225 140 186 0.487 0.417 0.450 0.523
HSV 162 202 163 157 0.498 0.508 0.503 0.532

AdaBoost MCLBT (RGB) 206 280 85 113 0.708 0.524 0.602 0.711
MCLBT (HSV) 209 263 102 110 0.672 0.655 0.663 0.690

Metastasis

Haar-features cascade RGB 166 267 98 87 0.629 0.656 0.642 0.701
HSV 173 270 95 80 0.645 0.684 0.664 0.717

AdaBoost MCLBT (RGB) 234 339 26 19 0.900 0.925 0.912 0.927
MCLBT (HSV) 231 327 38 22 0.859 0.913 0.895 0.903

Nevertheless for both types of pathology MCLBT-based
methods permitted to get better diagnostics results in
comparison with the based on RGB and HSV images
training of classifier.

The presence of rather low level of true positive results
of diagnostics in case of training with RGB and HSV imag-
es independently of type of pathology should be stressed
(Table 1). Further extraction of features and training with
corresponded templates permitted to increase number
of true positive results of diagnostics along with reduction
of false negative results. Thus, the net increase of true
positive diagnoses in case of MCLBT usage for training
pertained to training with both RGB and HSV images was
from 1.3 up to 1.5 times for both pathology, while decrease
of false negative diagnoses was from 1.65 (RGB) to 1.42
(HSV) for cirrhosis and reduction of false negative diagno-
ses achieved from 4.57 times (RGB) to 3.64 times (HSV).

Discussion

Hence, gained data are in favor for the rather high effec-
tiveness of automatic diagnostics of liver pathology with
the created CAD.

Meanwhile, it was mentioned that only Haar-like
feature based classifier is not enough to be a strong
object classifier as far as it needs prolonged recalculation
of features for robust detection of image [6]. Our results
also have revealed that training with RGB and HSV images
was less effective for proper diagnostics, especially in case
of cirrhotic deteriorations detection. That might be a sign
of rather weak potential of HAAR features based classifier
for the correct recognition of suspected pathology. Thus,
work performed by [7] which was devoted to automatic
diagnostics colon polyps via endoscopic images analysis
revealed that usage of Haar-features or Histogram of ori-
ented Gradients based detectors were weak for reliable
colon polyps automatic detection. Much more effective
was an approach based on Global image feature such
as Joint Composite Description, which permitted to gain
precision of diagnostics of 93.3 % and weighted average
recall of 98.5 %. Main reasons for not satisfactory results
were the enormous variety of appearance of such lesions
and their orientation. It should be noted that both factors
are not so important and are rather well controllable in
the course of laparoscopic intervention. That justifies our
efforts in the direction of improving effectiveness of diag-
nostic which is based on Haar-features detectors.
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Training with modified templates of both RGB and
HSV images and minimal MCLBT derived descriptors
substantially improved results of classification performed
with AdaBoost classifier. Thus, MCLBT descriptors which
were got both from HSV and RGB images permitted to
reduce number of false negative diagnoses from 3.64 times
to 4.57 times when pertained to the results of diagnostics
of metastatic liver damage after training with only HSV
or RGB - derived HAAR features correspondently. Less
pronounced reduction was observed in case of diagno-
stics of cirrhosis — from 1.2 (HSV) to 1.65 (RGB) times.
At the same time increasing the number of true positive
diagnoses was more modest and raised up to from 1.3
to 1.5 times for both cirrhosis and metastases. A little bit
better results gained with RGB images to some extend
correspond with data after [15]. Authors showed the prefe-
rence of RGB images for tissue classification, when used
with widely applied feature descriptors and that combining
the tissue texture with the reflectance spectrum improves
the classification performance.

Hence, more pronounced improvement — reduction
of false negative results points on meaningful role played
by extracted features and used templates for classifier
training. Despite main advantage of Haar features based
classification, namely — small amount of data used for
the machine learning process as well as avoiding overfitting
of trained classifier [7], the exploration of MCLBT-based
training of AdaBoost should be recognized as more
effective for laparoscopic CAD of liver state. This result
does not exclude principal possibility of high effectiveness
of cascade classifier trained with MCLBT descriptors as
well and AdaBoost trained with Haar descriptors [3,11].

Today we have no strict recommendations on the pro-
tocol of automatic classification of laparoscopic video-
images. Meanwhile, being based upon delivered data
it is reasonable to use MCLBT descriptors for AdaBoost
classifier training for resolving problems of automatic
diagnostics in laparoscopic surgery.

Conclusions

1. The CAD of laparoscopic images based on the Ada-
Boost classifier permitted effectively classify cirrhotic
and metastatic deterioration in liver tissue with highest
recall gained with MCLBT from HSV images used for
training — up t0 0.672, and for MCLBT RGB — up to 0.912
correspondently.
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2. MCLBT used descriptors for training AdaBoost
classifier proved to increase the precision, recall, F1 score
as well as accuracy of automatic diagnostics of cirrhotic
and metastatic changes in liver.

Perspectives of future investigations. Itis supposed
to continue training of both classifiers with increased
number of laparoscopic images and with extended forms
of laparoscopy — defined pathology. Also the exploration
of best version of developed CAD is supposed to perform
in operation room.
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