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Сomputer 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.

Ефективність автоматизованої лапароскопічної діагностики  
патологічного стану печінки при застосуванні різних методів класифікації  
цифрових зображень
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Комп’ютерна автоматизована діагностика (КАД)/класифікація відеозображень є актуальною в лапароскопічній хірургії. 
Подібна КАД передбачається до використання впродовж виконання лапароскопічного втручання з метою підтримки 
ухвалення рішення хірургом.

Мета роботи – оцінити ефективність КАД, що створені на базі двох класифікаторів: каскадного класифікатора ознак 
Хаара та AdaBoost під час діагностики циротичних змін печінки та метастатичного її ураження.

Матеріали та методи. Створення КАД здійснювали шляхом навчання каскадного класифікатора ознак Хаара та AdaBoost 
зображеннями/кадрами, котрі були вилучені з відеоряду, що отримали під час лапароскопічної діагностичної процедури. 
Кадри, що отримані в RGB форматі шкали кольорів, обробляли за допомогою гама-корекції та трансформували у шкалу 
HSV, після чого обидва типи кадрів використовували для навчання. За допомогою модифікованого методу локальних 
бінарних патернів (LBT), котрий включав показники колірності («модифікований за кольором LBT» – MCLBT), а також 
характеристики текстури, визначали дескриптори для навчання AdaBoost класифікатора. Загалом для навчання кожного 
класифікатора використовували 1000 зображень із підтвердженими діагнозами та 500 – з їхньою відсутністю для кожної 
форми патології печінки. Після завершення навчання виконували контрольне тестування та визначали ефективність 
діагностики відзначених класифікаторів. При цьому для тестування використовували зображення, котрі не застосовували 
під час навчання: 319 зображень циротично зміненої та 253 зображення метастатичних змін поверхні печінки, а також 
365 зображень печінки без патологічних змін.

Результати. Контрольне тестування засвідчило, що найвищим показник повноти діагностики цирозу печінки був при 
використанні AdaBoost класифікатора, котрий було навчено за допомогою MCLBT-дескрипторів, що отримали з кадрів 
у HSV форматі – 0,655, a також під час діагностики метастатичного ураження печінки – при використанні MCLBT-де
скрипторів, що одержали з кадрів у RGB форматі – 0,925. Отже, КАД на основі AdaBoost класифікатора дає можливість 
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ефективно діагностувати циротичні зміни в 69,0 % та метастатичне ураження – в 92,7 % випадків. Коректна діагностика 
за допомогою класифікатора на основі ознак Хаара була найвищою у випадку діагностики метастатичного ураження та 
становила 0,701 та 0,717 під час навчання з використанням RGB і HSV форматів зображень відповідно.

Висновки. Класифікатор на основі ознак Хаара є менш ефективним порівняно з класифікатором AdaBoost, що навчений 
за MCLBT-дескрипторами під час вирішення питань автоматизованої діагностики стану печінки. За допомогою класифіка-
торів, котрі застосовані, метастатичне ураження діагностується ефективніше порівняно з циротичними змінами печінки.

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. It indicates 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 

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 

Эффективность автоматизированной лапароскопической диагностики патологии 
печени при использовании разных методов классификации цифровых изображений

Д. Н. Баязитов, Н. В. Кресюн, А. Б. Бузиновский, Н. Р. Баязитов, А. В. Ляшенко,  
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Компьютерная автоматизированная диагностика (КАД)/классификация видеоизображений является актуальной в лапа-
роскопической хирургии. Подобные КАД используются интраоперационно во время лапароскопического вмешательства 
для поддержки принятия решений хирургом.

Цель работы – оценить эффективность КАД, созданных на базе двух классификаторов: каскадного классификатора 
признаков Хаара и AdaBoost при диагностике цирротических изменений печени и её метастатического поражения.

Материалы и методы. Создание КАД проводилось путём обучения каскадного классификатора признаков Хаара и 
AdaBoost изображениями/кадрами, которые были получены из видеоряда, зарегистрированного во время лапароско-
пической диагностической процедуры. Кадры, полученные в RGB формате шкалы цветности обрабатывали путём 
гамма-коррекции и трансформировали в шкалу HSV, после чего оба типа кадров применяли для обучения. С помощью 
модифицированного метода локальных бинарных паттернов (LBT), который включал показатели цветности («моди-
фицированный по цветности LBT» – MCLBT), а также характеристики текстуры, определяли дескрипторы, которыми 
проводили обучение AdaBoost классификатора. В целом для обучения каждого классификатора использовали 1000 
изображений с подтверждёнными диагнозами и 500 – с их отсутствием для каждой формы патологии печени. После 
окончания обучения проводили контрольное тестирование и определяли эффективность диагностики применённых 
классификаторов. При этом для тестирования использовали изображения, которые не применялись во время обучения: 
319 изображений цирротично изменённой и 253 изображения метастатических изменений поверхности печени, а также 
365 изображений печени без патологических изменений.

Результаты. Контрольное тестирование показало, что наиболее высоким показатель полноты диагностики цирроза 
печени был при использовании AdaBoost классификатора, который обучен с помощью MCLBT-дескрипторов, получен-
ных при обработке кадров в HSV формате – 0,655, a также при диагностике метастатического поражения печени – при 
использовании MCLBT-дескрипторов, полученных при обработке кадров в RGB формате – 0,925. Таким образом, КАД 
на основе AdaBoost классификатора позволяет эффективно диагностировать цирротические изменения в 69,0 % и 
метастатические поражения – в 92,7 % случаев. Корректная диагностика с применением классификатора на основе 
признаков Хаара была наиболее высокой в случае диагностики метастазов и составляла 0,701 и 0,717 при обучении с 
применением RGB и HSV форматов изображений соответственно.

Выводы. Классификатор на основе признаков Хаара менее эффективен в сравнении с классификатором AdaBoost, 
который обучали с помощью MCLBT-дескрипторов при решении вопросов автоматизированной диагностики состояния 
печени. С помощью применённых классификаторов метастатические изменения диагностируются более эффективно 
в сравнении с циррозом печени.
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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;

– 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 got in 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 х 
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 
of image 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 UI, 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 х 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]. 

Оригінальні дослідження
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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 х 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.

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. 

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.
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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.

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 to 0.672, and for MCLBT RGB – up to 0.912 
correspondently.

Table 1. Detector performance of HAAR features-based and AdaBoost classifiers trained with different types of images

Classifier Frames type  
used for training

True positive True negative False positive False negative Precision Recall F1 Score Accuracy

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
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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. It is 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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