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Abstract 1 

Purpose: To develop an automated method to delineate lens epithelial cells and to quantify 2 

expression of fluorescent signal of biomarkers in each nucleus and cytoplasm of lens 3 

epithelial cells in a histological section. 4 

Methods: An automated algorithm was developed in Matlab™ to localize and quantify 5 

fluorescence signal in lens epithelial cells in histological images. A region of interest 6 

representing the lens epithelium was manually demarcated in each input image. Individual 7 

cell nuclei within the region of interest were automatically delineated based on watershed 8 

segmentation and thresholding. Fluorescence signal was quantified within nuclei and 9 

cytoplasms. The classification of fluorescence signal was based on local background. 10 

Classification of cells as labelled or not labelled was thereafter optimized as compared to 11 

visual classification of a limited dataset. 12 

The performance of the automated classification was evaluated by asking eleven independent 13 

blinded observers to classify all cells (n=395) in one lens image. Time consumed by the 14 

automatic algorithm and visual /manual classification of nuclei, was recorded. 15 

Results: On an average, 77 % of the cells were correctly classified as compared to the 16 

majority vote of the visual observers. The average agreement among visual observers was 17 

83 %. However, variation among visual observers was high, and agreement between two 18 

visual observers was as low as 71 % in the worst case. Automated classification was on 19 

average 10 times faster than manual scoring. 20 

Conclusion: The presented method enables objective and fast detection of lens epithelial cells 21 

and quantification of expression of fluorescent signal in a histological section of rat lens, with 22 

accuracy comparable to the variability between different visual observers. Furthermore, 23 
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automated scoring is unbiased and reproducible, and results in a 10-fold increase in 1 

throughput. 2 

Key words: Automated analysis, cell counting, image analysis, lens epithelium, fluorescence, 3 

Cohen’s Kappa coefficient 4 
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Introduction 1 

The lens epithelium is a single layer of cells covering the anterior face of the lens (Figure 1). 2 

In a histological section, close to and parallel to the optical axis, the nuclei of the lens cells 3 

form a bow pattern; the nuclear bow. 4 

Figure 1 Schematic image of a histological section through a lens. 5 

Immunohistochemistry allows detailed study of cell biology. Expression of specific 6 

fluorescent signals in histological sections (Talebizadeh et al., 2014) and flat mounts of lens 7 

epithelial cells (Zablocki et al., 2011) has previously been quantified visually. Visual 8 

quantification and classification of fluorescent signals by an expert observer is the gold 9 

standard. But, even under standardized conditions, visual assessment introduces a risk for 10 

misclassification due to subjective judgment. Furthermore, visual quantification is time-11 

consuming, especially if a large sample has been collected and numerous images have to be 12 

assessed. 13 

In order to produce quantitative, reproducible, and objective data, automated counting 14 

methods have been developed. Bassnett and Shi (Bassnett and Shi, 2010) counted the lens 15 

epithelial cells in orthographic projections of confocal images of equatorial and central 16 

regions of the lens by using Metamorph image analysis software (Molecular Devices, 17 

California, USA). In the Metamorph software, the image is first segmented by a threshold. 18 

Then, the cells of interest are counted according to selected cell size criteria, and a threshold 19 

for the intensity of fluorescence. Wiley et al. (Wiley et al., 2010) counted the lens epithelial 20 

cells in flat mounts of lens epithelium with Image J software (National Institutes of Health, 21 

Bethesda, MD, USA), using an arbitrary threshold. 22 
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Fluorescence images are challenging when developing automated methods to quantify 1 

fluorescent signals in individual cells. A fluorescent stain that binds to DNA typically defines 2 

the cell nuclei, and individual nuclei can thus be identified independent of the fluorescent 3 

signal representing the protein under study. However, defining background noise and non-4 

specific staining are the most crucial steps in the development of automated cell classification. 5 

Different image processing techniques allow segmentation and counting of segmented areas 6 

based on arbitrary thresholds. Selecting the optimal threshold is difficult due to differences in 7 

cell morphology, staining techniques and imaging conditions. If the threshold is set at a too 8 

high level, some regions will be lost, while choosing a too low threshold may lead to 9 

detection of false objects (Davis et al., 1975). Bizrah et al pointed out the importance of trying 10 

various thresholds as a pilot step while developing automatic classification (Bizrah et al., 11 

2014). Alternatively, the local signal can be compared to the local background. 12 

The present project aimed to develop an automated and objective method to detect lens 13 

epithelial cells and to classify each cell nucleus and cytoplasm in histological sections, as 14 

labelled or not labelled, depending on the fluorescent signal of biomarkers in relation to local 15 

background. 16 

Materials and Methods 17 

Sample preparation 18 

Active caspase-3 was selected as a model signal. Altogether, three histological sections of 19 

Sprague–Dawley rat lenses were prepared. For identification of cell nuclei, the sections were 20 

stained with 4',6-diamidino-2-phenylindole (DAPI) that binds to the DNA in the cell nuclei, 21 

fluorescing in blue. Active caspase-3 was detected by a specific primary antibody. The 22 

primary antibody was localized by a fluorescein isothiocyanate (FITC) tagged secondary 23 

antibody specific for the Fc region of the primary antibody, that fluoresce in green. 24 
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Image capture 1 

Color images of histological sections of lenses were captured with a fluorescence microscope 2 

(Universal Microscope Axioplan 2 Imaging; Carl Zeiss) within a few hours after the binding 3 

of the secondary antibody. Sequential images were captured with 20X magnification covering 4 

the whole lens. 5 

The algorithm for automatic classification of labelling was developed and evaluated based on 6 

DAPI and FITC images from a database of approximately 1000 images of sections of lenses. 7 

Reconstruction of whole lens images 8 

Sequential images of the same lens were stitched together into a complete image of the lens 9 

section using correlation of overlapping image segments using ICE (Microsoft, USA). 10 

Strategy for classification of fluorescence labelling of lens epithelial cells 11 

Each image consists of three channels: The blue channel reflects the blue fluorescence of 12 

DAPI from cell nuclei. The green channel reflects the green fluorescence of FITC, indicating 13 

the specific biomarker. The remaining red channel is used for manual selection of the location 14 

of the lens epithelium, the region of interest (ROI). 15 

Manual Identification of the location of the lens epithelium in an image of a lens section 16 

As a first step, the approximate position of the lens epithelium in the lens section is indicated 17 

manually marking the ROI in red. The manually indicated ROI is saved. The red channel thus 18 

represents a binary ROI used in the subsequent fully automated analysis. Many ROIs can be 19 

demarcated independent of the subsequent image analysis, allowing batch-analysis of many 20 

images at a later stage. 21 
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Automatic quantification of labelling in cell nucleus and cytoplasm 1 

The Matlab (Ver. 2015a, Mathworks Ltd, Natick, Massachusetts, USA) programming 2 

language was used to develop an algorithm for quantification of the proportion of specifically 3 

labelled lens epithelial cell nuclei and cell cytoplasms spatially resolved within an ROI. In the 4 

present paper, the visual scoring by one observer with substantial experience of 5 

immunohistochemistry images, the expert observer, was used as reference for parameter 6 

tuning. 7 

Segmentation of ROI 8 

The ROI is selected for analysis based on the red channel. 9 

Segmentation of nuclei 10 

The blue channel of the image is used for segmentation of nuclei within the ROI. Prior to 11 

segmentation, a low pass Gaussian filter is applied to the blue channel to reduce high 12 

frequency noise. The width and sigma of the Gaussian filter were set by visually comparing 13 

the outcome of the segmentation for a subset of the images, and thereafter kept constant 14 

throughout all experiments. A threshold for noise of 1/5 of the dynamic range [0; 255] was 15 

arbitrarily found to provide realistic nuclear areas. All pixels with intensities below the 16 

threshold were considered image background. Touching nuclei were separated using 17 

watershed segmentation (Meyer, 1994). The segmentation provides information on the 18 

location and outline of each nucleus within the ROI of the section. 19 

Numbering the nuclei 20 

A reference point for numbering of lens epithelial cells was defined as the last nucleus in one 21 

bow region (Figure 1) in the lens section. The segmented nuclei are then sequentially 22 

numbered according to their geodesic distance to the reference point (Figure 2). 23 
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Figure 2 Area of interest in the original image and inset showing 1 

segmented nuclei and numbering of nuclei. 2 

Identification of local background and cytoplasm surrounding each cell nucleus 3 

Local background and a cytoplasm area surrounding each nucleus were defined as illustrated 4 

in (Figure 3). 5 

Figure 3 Schematic of segmented nucleus (black), cytoplasm (dark 6 

grey) and background area (light grey). 7 

First, the centroid of adjacent nuclei were connected with a straight line. Then, the 8 

background regions were defined as rectangles at a distance of 15 pixels (approx. 12 m) 9 

perpendicular to the straight line through the centroids. The width of each background region 10 

was set to 5 pixels (approx. 4 m) and the length equal to the length of the corresponding 11 

nucleus (along the line through the centroids). The cytoplasm was defined as the 4 pixels 12 

(approx. 3 m) wide ring immediately surrounding the nucleus. 13 

Area criteria for valid segmented nuclei, background and cytoplasm, respectively 14 

The segmented nuclear area defined on the basis of the DAPI-image occasionally becomes 15 

very small and in some instances exceedingly large. For this reason a minimum, 50 pixels 16 

(approx. 30 m2) and a maximum, 450 pixels (approx. 270 m2) criteria was applied for a 17 

segmented nuclear area to render a valid nuclear area. Similarly, occasionally a segmented 18 

background area becomes very small or exceedingly large and therefore, a minimum, 19 

50 pixels, and a maximum, 500 pixels (approx. 300 m2) was applied to render a valid 20 

background area. For a background area that does not comply with the criteria, the next 21 

subsequent background area towards the center of the epithelial layer that fulfills the criteria 22 

becomes the valid background. For a segmented cytoplasm area a minimum criterion of 23 

50 pixels was applied to render a valid cytoplasm area. 24 
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Classification of cells as positive or negative based on fluorescence intensity. 1 

The binary classification of a region as labelled or not labelled depends on the median 2 

fluorescence signal intensity of the pixels in the green image channel constrained within that 3 

region. To control for spatially variable non-specific background fluorescence, a threshold for 4 

binary classification is set as a factor of the median fluorescence in a juxtaposed background 5 

area, the discrimination factor. 6 

Derivation of discrimination factor 7 

To derive the discrimination factor, 16 lens images expressing blue fluorescence of DAPI and 8 

green fluorescence from FITC signal were evaluated by the expert observer. The 16 lenses 9 

were selected to represent the range of variability in the sample of lenses. For each lens, one 10 

of the three sections were randomly selected. In each lens section, the labelling of each 11 

numbered nucleus was classified by the expert observer. The same lens section was then 12 

analysed with the automatic algorithm while varying the discrimination factor. The agreement 13 

between the expert and the automatic classification as a function of discrimination factor was 14 

estimated using Cohen’s Kappa coefficient. The discrimination factor corresponding to the 15 

highest agreement in nuclei classification, between the expert observer and the automated 16 

counting, was selected as the final discrimination factor to use for all subsequent experiments. 17 

Comparison between visual and automatic cell classification 18 

To evaluate the performance of the automated cell classification with visual classification, one 19 

lens image was segmented based on the DAPI staining. The segmented nuclei were outlined 20 

in red together with the green channel of the image showing the FITC signal. The nucleus 21 

identification number was indicated on the side of each segmented nucleus. Altogether, 11 22 

observers were asked to classify each numbered nucleus as labelled or not labelled and to 23 

record the nucleus number and the labelling status in a form. Each observer was confident 24 
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with the microscopic anatomy of the lens. Furthermore, each observer had to read a written 1 

instruction before classification. The instruction was composed of a brief introduction of the 2 

purpose of the study, a schematic image of the microscopic anatomy of the lens 3 

corresponding to the anatomy in the sampled section, a short description of the origin of the 4 

green fluorescence and the expected variation of green fluorescence among differently 5 

labelled nuclei as illustrated by a reference image. Furthermore, the instruction asked the 6 

observer to classify each nucleus as labelled or not labelled and record the labelling status for 7 

each nucleus in a form. The time consumed for classification of the image by each observer 8 

was recorded. 9 

Statistical parameters 10 

The confidence coefficient was set to 0.95 considering the limited sample size. 11 

Results 12 

Derivation of discrimination factor 13 

A plot of the Cohen’s Kappa coefficient for agreement between expert observer classification, 14 

and automatic classification as a function of discrimination factor indicated the optimum 15 

discrimination factor (Figure 4) for each lens section. 16 

Figure 4 Example of Cohen’s Kappa coefficient for agreement between 17 

expert observer classification, and automatic classification as a function 18 

of discrimination factor for one lens section. Vertical line corresponds 19 

to peak agreement. 20 

The average discrimination factors for the 16 lenses examined was 4.3. Therefore, the 21 

discrimination factor 4.3 was used for further analysis of lens images with the automatic 22 

algorithm. 23 
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Automated versus visual classification of nuclear labelling 1 

Visual classification did not always agree on a per-cell basis. Therefore, it was decided to 2 

evaluate the automated classification on a per-cell basis in relation to the agreement of the 3 

observers. For all cells classified as negative by the automated classification, the number of 4 

visual observers, that had classified the cell nuclei as positive, was counted. Similarly, for the 5 

cells that were automatically classified as positive, the number of the visual observers, that 6 

had classified the cell nuclei as positive, was counted. These distributions are shown in 7 

Figure 5. 8 

Figure 5 The proportion of cells classified as negative (red) and positive 9 

(blue), respectively, by automated classification in relation to total 10 

number of cells as a function of number of observers that classify the 11 

same cells as positive. 12 

The agreement between all observers and the automatic classification, respectively, against all 13 

observers and the automatic classification, respectively, is plotted in Figure 6. 14 

Figure 6 The reciprocal relative agreement between all observers and 15 

the automatic classification, respectively. On the right, the color code 16 

for the relative agreement. 17 

The average agreement among visual observers was 83 %, however, the lowest agreement 18 

between two visual observers was 7 1%. On average, the automated approach classified 75 % 19 

of the cells correctly compared to the visual classification, as summarized from Figure 6. The 20 

percentage of correctly classified cells increases to 77 % when comparing to the majority vote 21 

among the visual observers.  22 

Time consumption 23 

The automatic quantification of labelling consists of image segmentation and classification. 24 

The time consumed for segmentation using the presently proposed Matlab algorithm installed 25 

on a standard 64-bit desktop computer was 114 s, and the time consumption for the automatic 26 
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classification was 0.5 s. Thus, the automatic classification is significantly faster than the 1 

visual classification, CIμ(0.95)= 1400 600 s. 2 

Discussion 3 

In this study, an automated image analysis method was developed for the classification of lens 4 

epithelial cell nuclei and cytoplasms as labelled or not labelled with a specific fluorescence 5 

signal. 6 

The currently developed algorithm was designed for images of histological sections of the 7 

lens. Imaging of histological sections allows observation of extrinsic fluorescence specific to 8 

the protein mapped while there is no risk for loss of epithelial cells. Flat mount preparations 9 

of epithelial cells also allows observation of extrinsic fluorescence specific to a protein 10 

mapped (Wiley et al., 2010). However, epithelial cells may be lost during the preparation of 11 

the flat mount. Recording images of the orthographic projections of confocal images 12 

(Bassnett and Shi, 2010) has the advantage that the undisturbed lens is observed, but is 13 

limited to intrinsic fluorescence, either without manipulation or after genetic introduction of 14 

fluorescence. 15 

The parameter settings both for the Gaussian filter and the watershed segmentation are 16 

important for the segmentation accuracy. For this reason, the currently used parameter setting 17 

was the result of multiple empirical trials and evaluations. The size criteria for valid nuclear 18 

area was set based on an analysis of the distribution function for nuclear areas in 12 lenses 19 

while concurrently examining the images visually. The minimum and maximum limits were 20 

set so that the algorithm rejected extreme uncommon segmented nuclear areas. The criterion 21 

for minimum area avoids small confluent fluorescing non-nuclear areas to be considered as 22 

nuclei but concurrently rejects cross-sections of small fractions of true nuclear areas. The 23 



13 

 

same problem arises in visual observation but the visual classification is subjective, difficult 1 

to reproduce, and may vary within a section and between sections. 2 

The fact that cross-sections of tissue spatially vary in thickness introduces a spatial variation 3 

in both background and specific signal, making global thresholding challenging (Davis et al., 4 

1975). This holds even if the threshold is based on careful analysis prior to classification 5 

(Bizrah et al., 2014). The presently developed algorithm attempts to minimize this effect by 6 

comparing local signal to local background for more robust classification. 7 

The strategy selected in the present study to derive the discrimination factor (Figure 4) 8 

optimizes sensitivity and specificity concurrently.  9 

The proportion of automatically classified negative cells and automatically classified positive 10 

cells changed in opposite direction when the number of observers agreeing on positive 11 

classification increased (Figure 5). Thus, few observers disagree with the automatic algorithm 12 

while a high number of observers agree with the automatic algorithm. 13 

The fact that 75 % of the cells were classified correctly by the automatic algorithm compared 14 

to the visual classification shows that the derived discrimination factor provides reasonably 15 

reliable classification as summarized from Figure 6. Further, since the agreement between the 16 

automatic classification and the majority vote is higher than the lowest agreement between 17 

two visual observers, shows that experimental reproducibility may increase by replacing 18 

visual observations with the proposed automatic classification without substantial loss of 19 

accuracy. The considerable time gain associated with the automatic classification provides a 20 

significant advantage. 21 

The currently developed automated algorithm allows objective signal classification in 22 

nuclear- and cytoplasm areas in histological sections. The presently developed automatic 23 
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classification makes it possible to estimate the proportion of labelling for a specific signal fast 1 

and reproducibly, maintaining information on the spatial location of each cell within a tissue 2 

section. Furthermore, the automated algorithm allows classification of iterated sections in 3 

large samples of lenses exposed to various experimental conditions at different time points. 4 

This opens up a new possibility to understand the expression of signal molecules in the lens. 5 
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Legends 1 

Figures 2 

Figure 1 Schematic image of a histological section through a lens 3 

Figure 2 Area of interest in the original image and inset showing segmented nuclei and 4 

numbering of nuclei. 5 

Figure 3 Schematic of segmented nucleus (black), cytoplasm (dark grey) and background area 6 

(light grey). 7 

Figure 4 Example of Cohen’s Kappa coefficient for agreement between expert observer 8 

classification, and automatic classification as a function of discrimination factor for one lens 9 

section.  10 

Figure 5 The proportion of cells classified as negative (red) and positive (blue), respectively, 11 

by automated classification in relation to total number of cells as a function of number of 12 

observers that classify the same cells as positive. 13 

Figure 6 The reciprocal relative agreement between all observers and the automatic 14 

classification, respectively. On the right, the color code for the relative agreement. 15 

16 
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Figure 1 Schematic image of a histological section through a lens. 1 
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Figure 2 Area of interest in the original image and inset showing segmented nuclei and numbering of 1 

nuclei. 2 

 3 
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Figure 3 Schematic of segmented nucleus (black), cytoplasm (dark grey) and background area (light 1 

grey). 2 
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Figure 4 Example of Cohen’s Kappa coefficient for agreement between expert observer classification, 1 

and automatic classification as a function of discrimination factor for one lens section.  2 

 3 
  4 



21 

 

Figure 5 The proportion of cells classified as negative (red) and positive (blue), respectively, by 1 

automated classification in relation to total number of cells as a function of number of observers that 2 

classify the same cells as positive.3 

4 
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