Automated lipid droplets recognition in human steabtic liver: some
preliminary results
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Abstract. The assessment of the degree of steatosis in eolitiar biopsies represents an important task in
different clinical situations, such as alcoholieabhepatitis, non-alcoholic fatty liver diseasealvhepatitis, and
evaluation of the viability of the graft in liveransplantation. Despite the advances in imaginfnigces,
microscopic examination remains the gold standardttie assessment of hepatic steatosis. In thidystue
developed an automated approach for hepatic steatssessment in routine liver biopsies stainech wit
Hematoxylin-Eosin (HE) from patients affected bypattis C. We performed a multi-step procedure bing a
clustering technique, a two-levels thresholding Hweée shape parameters - solidity, elongationranghness -

to correctly distinguish fat droplets from othert stained objects like sinusoids. Lastly, we vakdiaour results
comparing them with those obtained by a patholog@stereological point counting. We found a haginieement

in the results, with a detection power of 91.01% arfalse positive ratio of 4.49%.

1 Introduction

Steatosis is characterized by the abnormal acctioml@f lipid droplets within the cytoplasm of hepaytes.

Extensive fat accumulation occurs in a large nundfdrepatic disorders: alcoholic steatohepatitisL(A related to

alcohol abuse, and non-alcoholic fatty liver dige@4AFLD), associated to obesity and to metaboigomiers of

insulin resistance [1,2]. Other clinical conditiodisaracterized by steatosis are viral hepatitigiitanal disorders
other than obesity, hepatic ischemia and metalwoliendocrine disorders. Moreover, steatosis igrbst prevalent
condition underlying in liver grafts available fbver transplantation; in this setting, the assigniof moderately
steatotic grafts remains controversial [3], patidy when associated with additional risk factasch as prolonged
ischemia or advanced donor age.

Considering that accurate quantification of hepttcis not provided by imaging studies, microscogkamination
remains the gold standard. Up to now different meshfor the estimation of liver steatosis have beeposed:

semiquantitative evaluation, manual stereologieahbiques like point counting, image thresholdind automated
morphometry. Semiquantitative analysis appearsvesamphasize the amount of liver steatosis ansliitfluenced

by large inter- and intra-observer variations Pigint counting is simple, very reliable, and hapad reproducibility
[5]; however it is time consuming and labour infgasimage analysis thresholding requires the miaexeusion of

all those structures that — together with fat detgpl- are not stained by Hematoxylin-Eosin (HE}heruse of special
stains (i.e. osmium tetroxide), not used in routiEpsy. An automated morphometric method seeme moitable.

Recently some first approaches using morphologiparators such as erosion and dilation, and shegtearés like
circularity and eccentricity, have been proposed,fd; however deeper analysis and validation &llengeded. In

this study we developed an automated approachefoatit steatosis assessment in routine liver gpstained with
HE from patients with hepatitis C. We also evalddtes accuracy of our method via stereological ppodmunting.

2 Materials and methods

Four routine liver biopsy specimens from patienithwhronic hepatitis C from the archives of thepBement of
Pathology of Niguarda Hospital — Milan were evadgatAll specimens were paraffin embedded, and 4thiok

sections were stained with HE. A light microscopidplan-Zeiss), equipped with a digital camera, arto-
focusing software and a motorized stage, was usédage capturing and meander scanning. In ordexamine the
microscopic fields, a 20x objective was used toamhttogether with the camera magnification, imalyasing a
0.264 m resolution. Each slice was acquired as a gritlexf, by using a 10% overlap between contigudes,tin

order to correctly stitch them and to completelsiude each fat droplet in at least one tile. Aeslig a collection of
about 100 tiles of 2584 x 1572 pixels in size.

2.1 Overview of the method

Lipid droplets can be considered in digital image$lobs of not stained (white) pixels having aejaircular shape.
However, not all the pixels in vesicles are comgliewhite, but they can change from white to pitile(background
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colour) or to a grey-blue colour (as a consequesicine refraction of the light on the fat tissuside vesicles).
Moreover, the possible different brightness duriihg acquisition procedure should be taken into aectd astly,
there are other structures that show the same eatiowharacteristics of lipid vesicles and that trhes discarded
(i.e. sinusoids, portal veins and centrilobulamegi In order to consider all these factors thatiavolved during
image analysis, we performed the following mulégsprocedure: firstly pixels of not stained objeuts identified by
a clustering procedure followed by a two-level gi@ding, then blobs in the two binary masks oletdiaccording to
the different thresholds are analyzed using shalaged features, in order to recognize fat droplets

2.2 Colour clustering

To minimize the impact of different brightness citioahs, in order to detect which pixels must be kedras “white”,
we used a clustering technique that automaticedBsfthe threshold according to the characteristiche image. We
applied the algorithm described by Uchimaya andilAf®] for colour image segmentation using a cortjyet
learning clustering. According to the chromatic retederistics of the samples, the pixels are groumednd three
reasonably well-defined colours, respectively cgpmnding to white (the portion surrounding theugss the slice,
the lipid vesicles, the portal spaces and the luofesinusoids), to light red (cytoplasm of hepatesy and to dark
violet (nuclei of hepatocytes). The clustering aidon identifies three values (CC,, G;) that correspond to the
barycentres of the three clusters in the RGB siaee G=[R;,G;,B;], and so on). Each pixel of the image is
associated to the cluster to which it is closesl imetric. White pixels are the ones associated jtoDistances
between G G, and G have been analyzed to correctly detect tiles nittor few material. In the first case all clusters
are related to white pixels, therefore distancescise to zero. In this case the tile was dischrbethe second case
it may happen that two clusters;(@d G) are related to white pixels and just the remagjrone to the tissue (both
pink background and darker nuclei). In this casew clustering using only two classes was performed

2.3 Two-levels thresholding and morphological procsing

The clustering procedure gave us a binary maskhkt, marks all the “white” pixels, i.e. those asated with the
first cluster. The starting RGB image was then rfiedias follows: all pixels where M was equal 1 dwaing colour
with a saturation close to zero or a hue turnedblae more than on pink/red was saturated to wkiitese are some
of the pixels inside the large fat droplets, c§j Eb).

Then the resulting image was converted from RGBréyscale and we fixed two grey level thresholdee first one,
t;, was computed as the mean value of the greysaawecsions of € and G. The second onet, was
experimentally set as+20. These thresholds were used to compute two meavybmasks, Mand M, containing
only those pixels of the greyscale image that Wighger thant; andt,, and where M was equal to 1, M similar to
M, sincet; is the “equivalent threshold”, in the greyscalaag of the starting clustering. On the other sMgjs
included in M (i.e. My(x,y)=1 implies M(x,y)=1), since it contains only pixels where theyglevel is higher than a
higher threshold (i.e. lighter pixels, if consideyi255 as white and 0 as black).

M, and M, were then modified by applying the following moopbgical operators [10]: 1) Opening (erosion
followed by dilation), using a circular filter hang a 2 pixels (about 0,5m) radius. 2) Deletion of small objects (area
< 50 pixels, equal to about 3n%). 3) Closure (dilation followed by erosion), usiagircular filter having a 2 pixels
radius (about 0,5m). 4) Filling of the detected objects.

We used these two masks in order to disjoin dreméfat from other objects, as described in thiedng sections.
2.4 Evaluating objects’ shape

We assigned a global shape index to each objet¢aioed in M and M: the index “2” is related to objects with a
good shape, the index “1” to objects with fairlyogoshape and the index “0” to objects without &adlé shape.

This global shape index was evaluated using thaeanpeters:
1. Solidity: the area of the object divided by tree of its convex hull.

2. Elongation: the ratio between the minor andntizgor axis of an ellipse having the same normalgszbnd
central moments of the object; it is a measur@éefiéngth-width relationship.

3. Roughness: the ratio between the perimeter ®fothject and the perimeter of its convex hull (apgh
measure that quantifies the jaggedness of an Ghgiges).



We empirically fixed, analyzing a set of twenty ijes, two sets of thresholds, and we assignedojaglshape index
“2" to objects with solidity>0.85, elongation>0.6 ar@lighness <1.2; ii) global shape index “1” to otbbkjects with
solidity>0.65, elongation>0.45 and roughness<1.4,i@nglobal shape index “0” to the remaining oljgec

2.5 Lipid droplets recognition

Since M is strictly included in M, the same relation holds for each object in Wis included in an object of MBy
this way, for each object in Mhere is exactly one object in;Montaining it. We will call this object “parentin
turn each object in Mmay have 0, 1 or more objects of bbontained in it. We will call these objects “sons”

We now performed, in this order, the following cguéns:

1. From M all objects that do not have any son were deléfhis rule was used to delete blobs in that did
not contain a white core, so to avoid computinépasiroplets low stained background portions.

2. Each one of the remaining objects, ip, Maving global shape index “2” and an area latigan 150 pixels
(around 10 m?), was replaced by its convex hull, and it wasesiaas fat vesicle. These are the most regulariyesha
fat droplets (Fig. 1, droplets depicted in cyan).

3. All objects in M with a parent having shape index equal to “0” wesketed, and their parent was stored as
sinusoid. This rule avoided classifying regular artter portions of sinusoids as small fat drop(€ig. 2a).

4. All objects in M having a parent already stored as fat vesiclesmirausoid were deleted, and all objects
having global shape index equal to “0” were stasdinusoids (Fig. 1, sinusoids depicted in retjs Tule avoided
double detections from the two masks.

5. The remaining objects in - i.e. those having shape bigger then 0 and mbtided in an already detected
parent - were also stored as fat vesicles (Fidrdplets depicted in blue).

6. Lastly, large epathic arteries, portal veins aedtrilobular veins, and tiles regions with ncstis were
removed with an upper area threshold, accordirthegd dimension, since they are larger than thgelsir fat vesicle
(Fig. 2c). This threshold was set as 50,000 pieimial to about 3,500m?, or to a circular blob with radius 33n,
where the largest droplets have radius close ton20

2.6 Stitching different tiles

In order to analyze the whole slice, the last stepsisted in merging the results obtained by tredyais of each
single tile. In each tile we discarded all detecteslicles touching one of the tile boundaries,roteo to avoid partial
detections. For vesicles included in the overlagpiagion, we observed if they were twice recognimedwo
adjacent tiles. If the answer was yes we retaimdy the vesicles recognized in the right or lowiker. t
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Figure 1. In cyan large and regular shaped droplets (deddxy rule 2), in blue other droplets (detecteduy 5), in
red sinusoids (detected by rule 3 and 4). (a) @bjeentified in a whole tile. (b) A particular froanother tile. In
the two upper large fat droplets it is visible hpixels inside may be grey-blue instead of whites Hlso visible how

the detection of the smallest objects can be sométeccurate, as we are close to the resolutioit. lim
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Figure 2. Inner blue lines are the boundaries of the objecM,, outer black lines of the objects in, &) Two
sinusoids. In this case, if using only the Mask, some false droplets, marked with a “+”, wdwdgle been detected.
They have been discarded because they was recdgthiageks to rule 3, as parts of a sinusoid. Theablnarked
with a “ " would anyway have been discarded as it has iteeg@ape (b) It is visible how using;the two bigger
droplets are not disjoined, while,Mives the correct detection. It was achieved thdokule 5, as the parent object
in M, had not got a shape good enough to be detectadeéby nor an enough bad shape to activate rutg & {ile
with a centrilobular vein, marked with a black avro

3 Validation

We randomly selected 15 tile images from threeedifit slices for validation, excluding the 20 inmgéeady used
for thresholds assessing and all the images witbrnery few tissue inside. A counting grid withpapximately 600
points, that corresponds to a distance of aboutr@zbetween adjacent points, was superimposed ontéackor
each point of the grid the classification achiewsdour algorithm was computed, using three possibigputs: 1)
steatosis, if the point falls inside a lipid draplg2) background, if it falls in background or insamusoid, and 3)
external, if it falls in regions with no tissue ioside portal spaces (detected white objects whose is bigger than
the upper area threshold). A pathologist manualllytde same, using the same grid of points. Singeatgorithm
does not recognize lipid droplets touching the lideindaries (they are recognized when analyzingtl&cent tile)
the pathologist was asked to do the same thinglllthe tiles the steatosis % evaluated by ourrélgn was very
close to the one obtained applying manual poinnting. We also achieved a good detection powett (ghahe
number of the steatosis points correctly detectethé algorithm over the number of the steatosiatpaletected by
the human expert) of 91.01%, with a low false pesitatio (the number of the points wrongly detdcts steatosis
by the algorithm over the number of the points ctei# as steatosis by the human expert) of 4.49%ulReare
reported in Table 1 and Table 2.

Tile N. 1 2 3 4 5 6 7 8 9 10 11 12 13 14 1%ean
Auto |5,36| 8,11 | 4,527,33|2,37|5,16/1,29|9,68| 3,80| 11,94| 4,48/ 30,79/ 16,83|3,81|9,52| 8,33
Human | 5,89| 8,61 | 5,277,51|3,16/5,16/0,72]9,88| 3,80| 13,26|5,37| 32,38/ 17,94/ 3,33/9,37| 8,78

Table 1 Steatosis % for each tile, via point counting adow to our algorithm and to human expert.

Human
Ext Back Steat
Auto
Ext 1871 0 0
Back 0 7018 56
Steat 1 27 567

Table 2 Confusion matrix. All points of the counting gidl each tile are classified according to how thayehbeen
marked by the human expert and by the algorithmmFthis matrix we achieve a detection power of %0
(567/(567+56)) and a false positive ratio of 4.49%27)/(567+56))

4 Discussion
4.1 Clustering, morphological processing and two-leels analysis

We used colour clustering because, by this waycare correctly classify the grey-blue pixels insldege lipid
droplets as white pixels instead of as backgroumdlg since in the RGB space they are more didtam the



background colour (pink) than if they were convetie greyscale. In fact, once they are correctigsified, we have
to preliminarily saturate them to white, if we waatdiscard colour information without misclassifgithem. The two
level analysis is needed because anyway lipid dtsglixels and background pixels may have mixeghgity; as a
consequence, independently from the threshold lseethoose, there are pixels that can't safelylégsidied in one
way or in the other one. These mistakes can lead esors in white blobs classification: for exdepf we choose a
too high (that means: too white) threshold, a girusan be broken and its fragments can be cladsds lipid
droplets (Fig. 2a), or some lipid droplets can le¢edted only partially. On the other side, if a éovthreshold is
selected, really close steatosis vesicles can mgtige 2b). As described in section 2.5, with suchwo-level
analysis we were able to analyze together infoonatioming from the grey intensity and informatiaming from
the shape of the objects we were recognizing waghtivo different thresholds. The 20 grey levelfedénce between
thresholds is empirical, and could surely be impbwith further analysis.

Morphological processing is another useful taskel@®py breaks weakly connected objects. In particuddnen
combined with the second operation (area threshg)dit is useful to delete smaller sinusoids.datf since they are
thin and long, they are firstly broken by openiagd then deleted by area thresholding. Area thidstgpalso
deletes circular objects having diameter less thamicron. Micro steatosis smaller than this thréghe anyway
invisible. If we wanted to detect it we should ubéner slices and higher magnification. With olices and
magnification factor the objects that are smalhemnt50 pixels are more likely light background fexdan vesicles.
Lastly closure and filling are useful to correathark all pixels in vesicles, completing them.

4.2 Shape descriptors

Elongation, like eccentricity, is a good shape peater in order to discard objects having a too hégfyth/width
ratio. We used elongation, instead of eccentriity used in [8]), since it is more directly undansiable when
looking at the images. Anyway there is a fixed tielabetween these shape descriptors (ectl=elond) ), therefore
they are equivalent. Both of them are able to atiyeletect shapes only when used with other skageriptors like
solidity. In fact they are well suited to classdgnvex objects, but U-shaped or L-shaped sinusoiag also have
small elongation (or eccentricity): they are diskstt by the solidity threshold, as they are far froomvex.
Roughness is used to discard too jagged objeatse sihey are more likely small sinusoids or fewingta
background. Anyway, to avoid false deletions, wedua high threshold. Perimeter related shape geargiare in
fact less stable than area related descriptorsthireason we also avoided to use another cidsiape descriptor,
circularity (4 *Area/perimete?), as reported in [7]. Moreover we tested over thenty tile images used for
thresholds tuning that circularity would have adé®a or nothing to the combination of elongatiom @olidity.

5 Conclusions and further developments

In this work we validated the accuracy of the alfpon in steatosis droplet detection. Next step$ lvélusing it on a
larger set of biopsies (actually just four biopsiesre used), thresholds fine tuning and an analykithe size
distribution of fat droplets, analyzing how it vesiin relation with steatosis %. Another relateabfem we will try to
solve is automatic detection of fibrosis regions.
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