
 
Figure 1.  Manually annotated tissue image 
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Abstract— The processing of microscopic tissue images and 

especially the detection of cell nuclei is nowadays done more 

and more using digital imagery and special 

immunodiagnostic software products. Since several methods 

(and applications) were developed for the same purpose, it is 

important to have a measuring number to determine which 

one is more efficient than the others. The purpose of the 

article is to develop a generally usable measurement number 

that is based on the “gold standard” tests used in the field of 

medicine and that can be used to perform an evaluation 

using any of image segmentation algorithms. Since 

interpreting the results themselves can be a pretty time 

consuming task, the article also contains a recommendation 

for the efficient implementation and a simple example to 

compare three algorithms used for cell nuclei detection. 
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I. EVALUATION METHODS OF TISSUE SAMPLE 

SEGMENTATION ALGORITHMS 

Image segmentation is one of the most critical tasks of 
computer vision. Its main purpose is to split the input 
image into parts, and then the identification of those parts. 
There are several methods to analyze tissue samples; we 
can find numerous publications about new methods even 
if we only look for a specific sub-topic, for example cell 
nuclei detection in colon tissues: [1][2][3][4][5] 
[6][7][8][9]. It is very hard to compare these methods, 
because they try to get the same results through very 
different approaches, but we still need some kind 
measurement numbers that can be easily interpreted and 
that can provide us with a consistent, easy-to-handle 
value. This is especially important if the aim of the 
research is the improvement of an already existing method 
or the development of a new method based on an old one, 
because the true verification of the experimental results is 
only possible if such a number exists. The goodness of an 
algorithm can be interpreted from several points of view, 
in our task the important factors are the accuracy and the 
execution time. In addition to that, it would be practical to 
find a goodness function that can be easily handled and 
that can be quickly evaluated so that it can be used for 
automatic parameter optimization too. 

Naturally, there are several available methods to 
evaluate the accuracy of different algorithms; according to 
their analytical approach these can be separated into the 
following groups [10]: 

 Simple analytical: these analytical methods 
directly examine the segmentation algorithm 
itself (basic principles, pre-requirements, 

complexity, etc). In practice, this approach can 
only be used efficiently in some special cases, 
because there are no generally usable, 
comprehensive theoretical models in the field of 
image processing. 

 Empirical goodness: the empirical methods are 
always based on the execution of the examined 
algorithms on some test images, and then the 
evaluation of the algorithms’ output for these 
images. The empirical goodness methods try to 
analyze only the results themselves, according to 
some goodness factors based on some human 
intuitions. 

 Empirical discrepancy: these methods also 
examine the output of the algorithms for some 
test images, but the main difference is that in this 
case a reference result set is also present (with 
the correct expected results), so the base of the 
goodness calculation is the comparison of the 
expected and the actual results. It is also 
beneficial because it seems easier to assign a 
number for the similarity to the correct results 
than to assign a number for some absolute degree 
of goodness. 

Since the algorithms that will be analyzed will mainly 
identify objects that can be found in tissue samples, it is 
feasible to take into account the methods of medical 
examinations as well. In the practice of the clinical work, 
it is fairly common to do evaluation based on the “gold 
standard” tests [11], which are similar to the “empirical 
discrepancy” group from the list above. For this, we need 
some test images with a reference result set (gold 



standard): this usually means images annotated by a 
skilled pathologist (or in the ideal case: the merged results 
of images annotated by several skilled pathologists). 

The most general solution is based on the confusion 
matrix [12] that can be constructed using comparing the 
two result sets. The matrix (assuming we have two 
possible outcomes) contains the number of true positive, 
true negative, false negative and false positive hits. This 
classification is very often used in medical examinations, 
and we can also very simply and very efficiently use it to 
evaluate image processing algorithms, where: 

 true positive (TP): the pixel is correctly classified 
as part of a cell’s nucleus in both the reference 
result set and in the test result set as well; 

 true negative (TN): the pixel is correctly 
classified as not part of a cell’s nucleus in both 
the reference result set and in the test result set as 
well; 

 false positive (FP): the pixel is not classified as 
part of a cell’s nucleus in the reference result set, 
but in the test result set the pixel is mistakenly 
classified as part of a cell’s nucleus; 

 false negative (FN): the pixel is classified as a 
part of a cell’s nucleus in the reference result set, 
but in the test result set the pixel is mistakenly 
not classified as a part of a cell’s nucleus. 

In the list above, “reference result set” means the 
images annotated by the doctors, and “test result set” 
means the output of the evaluated algorithm. The 
measurement number can be interpreted for the whole 
examined image, but also in pairs to compare specific 
pixel groups. Since at the moment we only want to locate 
cell nuclei, we do not need to establish more classes. 

After this, the accuracy of the algorithm is a simply 
calculated measurement number (the ratio of the positive 
classifications in the complete set) [12]: 

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

In addition to this, we often need the values for 
precision and recall [12]:  

Precision = TP / (TP + FP) 

Recall = TP / (TP + FN) 

These values are very expressive (e.g. a 100% of 
accuracy means that the algorithm gives exactly the same 
results as the reference result set, and 0% means that none 
of the pixels were correctly classified). In addition to this, 
these percentage values are not required to be separately 
normalized. 

It is possible to find several other methods that can be 
used to further refine these numbers. For example, we 
could take into account the minimum distance between a 
wrongly classified pixel and the nearest pixel that actually 
belongs to the class we wrongly classified the given pixel 
into [10]. 

However, the pixel-level evaluation itself will not give 
us a generally acceptable result, because during the 
segmentation our task is not only to determine if a pixel 
belongs to any object or not, but we have to locate the 
objects themselves. Because of this, it is often practical to 
examine the number of detected objects, and check how 
big the difference is between the reference results and the 
results of our examined algorithm. It is also practical to 
further refine this experiment by going further than merely 

counting the objects: we should measure the different 
geometrical parameters of the detected objects as well. In 
case of the cell nuclei we want to examine, these 
geometrical parameters are: centre of mass, diameter, and 
the location of every pixel [13]. 

For the final evaluation, the pixel-level and the object-
level comparisons can be both necessary. Naturally the 
two methods are not exclusive, what is more, it would be 
practical to use a goodness function that incorporates them 
both [14], for example we can calculate the results 
separately for every different aspects, and then sum up the 
results using proper weighting and normalization. This 
solution can later be very effective, because this way we 
can take into account some significantly different aspects 
as well, for example the execution time of the processing 
program, which is not shown in these results, but it still 
greatly affects the practical usability of the given method. 
Finding the proper weights and ratios is of course a 
considerably difficult problem, but hopefully this method 
will be suitable to compare the different algorithms even 
in this case.  

II. CREATING A SELF-MADE MEASUREMENT NUMBER 

A. Accuracy 

The easiest method that simply compares the test result 
set with a reference set using a pixel-by-pixel comparison 
is not good enough when processing images of tissue 
samples, because it will only show a small error even for 
big changes in densities (for example in the case of many 
false negative detection for many small cell nuclei 
objects). Because of this it is practical to process the cell 
nuclei themselves as separate objects, but even in this case 
the usage of some statistical features (e.g. number of 
objects, density) and the usage of some geometrical data 
(location, size) are not enough, because the shapes of the 
cell nuclei can also be important for the diagnosis. 

Because of these, our measurement number does not 
only reflect a pixel-by-pixel comparison; instead it starts 
by matching the cell nuclei together in the reference 
results and in the test results. One cell nucleus from the 
reference result set can only have one matching cell 
nucleus in the test result set, and this is true the other way 
around too: one cell nucleus from the test result set can 
only have one matching cell nucleus in the reference result 
set. This is a considerably strict rule, but because of this 
rule the evaluation of the results is a lot easier, because we 
do not need corrections due to areas that have multiple 
matches.  

After the matching of the cell nuclei, the next step is the 
similarity comparison between the paired elements. Since 
the further processing steps might require the exact shape 
and location of the cell nuclei, it is not worthwhile to 
compare the derived parameters of the individual cell 
nuclei (e.g. it is not worthwhile to calculate the area, 
circumference, diameter, etc. for all cell nuclei and then 
compare these properties), instead it is more practical to 
choose a pixel-by-pixel comparison. Because of this, after 
pairing up the cell nuclei we try to evaluate the test result 
using a comparison like this one. 

The pixel-by-pixel comparison is a long-time existing 
and well working technique, its output is usually a quartet 
of integers that represent the number of true positive, true 
negative, false positive, and false negative hits, 
respectively. The interpretation of the true positive hits is 



simple: every correlating pixel is calculated using the 
same weight. The number of true negative hits can only be 
calculated for the whole image, or (when using “gold 
standard” images) for the manually annotated parts of the 
images; this value will essentially be the number of pixels 
that are classified as not part of a cell nuclei both in the 
reference result set and in the test result set as well. 

With the false positive and false negative hits, we can 
work with the already existing terminology, but here it is 
not practical to use the same equal weights as with the 
true positive and true negative hits, but instead it is better 
to take into account the distance between the wrongly 
classified pixel and the contour of the cell as well. The 
reason for this is that it is usually very hard to clearly 
determine the contour of the cell nuclei (for example it can 
mean a great difference whether the inner or the outer 
contour was marked on the test and the reference images). 
Because of this, errors near the contour must have a lower 
weight than the errors that are far away from it. Since the 
maximum tolerated distance greatly depends on the 
resolution and on the zoom factor, it is practical to 
determine this threshold as a ratio of the reference 
(biggest) cell nucleus’ diameter: 

Weighti = Min(Minj(Dist(Ti , Rj)) / Diameter(R)*KT), 1) 

 Dist(Ti , Rj) – distance between the tested cell 
nucleus’ i

th
 pixel and the reference cell nucleus’ 

j
th
 pixel; 

 Diameter(R) – diameter of the reference cell’s 
nucleus; 

 KT – constant parameter. 

In this expression KT is a constant that helps us in 
setting a distance limit (relative to the reference cell 
nucleus’ diameter): over this limit an erroneous pixel 
detection is considered to be an error with the weight of 1 
(for example with KT = 0.5 a distance greater than half of 
the diameter is over this limit). For distances lower than 
this limit, we calculate the weight to be linearly 
proportional with the distance. By setting the value of this 
constant, we can also determine how strictly we want to 
take the differences into account (for example with KT = 0 
all false positive pixels are counted with the weight of 1). 
The same method can be used for the false positive and for 
the false negative hits as well, where the end result will 
not only show the number of pixels, but the weighted 
value that is calculated as it is described above. 

If there is a cell nucleus in the reference image to which 
we could not find a matching cell nucleus in the test result 
set (or vice versa), then the pixels of that cell nucleus can 
be considered (with the weight of 1) as false positive of 
false negative pixels. By summing up the values 
calculated for the cell nucleus pairs (or for the individual 
cell nuclei), we can calculate a simple accuracy value 
(assuming that the reference result set contained at least 
one cell nucleus): (TP + TN) / (TP + TN + FP + FN). The 
end result will be exactly 1 if the algorithm found exactly 
as much cell nuclei as there was in the reference result set, 
and furthermore the pixels of the individual cell nuclei are 
pair wise the same. In case of missing or erroneous hits 
this value decreases, and it becomes 0 if no correct pixels 
were found. 

B. Execution time by image resolution 

The different methods that try to evaluate the goodness 
of a segmentation algorithm usually do not consider the 

execution time. This can be understood in cases where the 
image processing is not time critical, or when the whole 
process takes such a short time that the user will not even 
notice the differences. However, this can be an important 
factor in the case of real-time applications or with 
algorithms where the execution time is very long – both is 
true when processing images of microscopic tissue 
samples. Since we have to process large images [15] in 
real time, even if we have an algorithm with very good 
accuracy, the execution time using an average zoom level 
could prevent us from using them in a real-world example. 
For example, the execution time for an implementation of 
the region growing cell nucleus search algorithm (that will 
be described later in this paper) can be as long as one hour 
when we process a large image (with a resolution of 
8192×8192). In this scale, even if we can reach a four or 
five times faster execution time, it greatly improves the 
practical usability of the method. 

When measuring the execution time, we do not measure 
the time for the required operations to start the program by 
the operating system. The same way we ignore the time 
required to load the input or store the output. The steps 
between these two are considered as one unit, since these 
belong to the search process, and these parts are not 
separable: preprocessing (creating copies of the images, 
executing various filters), performing the search (the 
actual cell nuclei detection process), post-processing 
(classification of the found cell nuclei, post-filtering, 
perhaps some further processing).  

The measurements described above greatly depend on 
the hardware environment [16] that is used when 
performing the experiments, but since the aim is to 
compare the disposable algorithms, executing them using 
the same hardware allows us to ignore this (hardly 
measurable and hardly expressed) parameter.  

Regarding the description above, our time measurement 
method is the following:  

1. Launch the application. 

2. Execute the algorithm for the first time without 
measuring the elapsed time (warm-up). This first 
execution is not used for the measurements, 
because various compiling operations can still 
occur here, and the caches are not filled up either, 
unlike at the later executions. 

3. Execute N consecutive runs with the algorithm, 
note up the execution times. 

4. Calculate the average execution time using the 
previous measurements. 

The execution time greatly depends on the size of the 
image, so it is practical to normalize the results. This 
could be a simple division with the number of pixels on 
the image, but this approach can produce data that can be 
hard to compare, because only a relatively small part of 
the big image contains the tissue sample itself, and quite 
often only a fraction of the sample shows the cell nuclei 
themselves. For this reason, this number showed too large 
deviation in the practical tests: when timing the same 
algorithm it displayed a lot bigger speed for a large image 
with just a few cell nuclei while it displayed a slower 
speed for a small image with lots of cell nuclei. Because 
of this, for normalization purposes, it is more practical to 
consider the number and size of the cell nuclei, since we 
already know the output of the accuracy tests. Due to 



these reasons, using this measurement number with the 
latter normalization method is far more useful: 

Processing Speed = Execution Time / TP Pixel Count 

This way this measurement number actually tells us that 
in average how long it took for the algorithm to find a cell 
nuclei pixel. This is a fairly strict evaluation method, 
because the execution time contains the examination of 
false positives and areas not belonging to any cells, but 
since the former is not considered as “valuable” work, and 
the latter was already ignored when measuring the 
accuracy, this value seems to be the most effective 
measurement number to compare different algorithms. 

The resulting measurement number is naturally 
different for every different image (depending on the 
properties of the image), so using this method we can only 
compare algorithms that work on the same input images. 
It is advised to execute this comparison for every type of 
tissue samples that can typically occur in a real world 
scenario (healthy sample, diseased sample, erroneous 
sample, etc), but this can easily be achieved by using the 
aforementioned “gold standard” tests, because this way 
there is a collection at hand with 40 included samples that 
contain tissue samples of different properties. 

III. IMPLEMENTING A COMPARISON ALGORITHM 

The accuracy evaluation method described above 
performs a reasonably precise object and pixel-based 
comparison, while it considers the unique features of cell 
nuclei detection. The very critical point of the evaluation 
is that how the cell nuclei are matched against each other 
in the reference and the test result sets, because obviously 
this greatly affects the final result. Since this pairing can 
be done in several ways (due to the overlapping cell 
nuclei) it is important that from the several possible pair 
combinations we have to use the optimal: the one that gets 
the highest final points. 

Implementing the evaluation method described above 
becomes harder because it has fairly high computational 
needs: there are several thousand cell nuclei in a bigger 
image, and finding the optimal pairing combination from 
all the possible combinations using a simple linear search 
would end up in an execution time that is unsuitable for 
any practical use. Naturally we do not need to try the 
pairing of two cell nuclei that are far away from each 
other, so the number of combinations that we have to 
examine is a lot lower, but still, determining which cell 
nucleus should be paired with which other cell nucleus 
cannot always be determined in one step, especially when 

we have several objects that are close to each other. 

A typical example can be seen in Figure 2. If we try to 
find pairs using a greedy algorithm, then processing the 
R1 reference cell nucleus is the first step. We should pair 
it up with cell nucleus T2 (because the number of 
overlapping pixels is the biggest). As a result, the next 
reference cell nucleus (R2) can only be paired up with cell 
nucleus T1, and it is clearly visible that this is not an 
optimal solution: if we reverse the pairs, then the total 
number of overlapping pixels is greater. This example 
shows that we cannot simply choose the solution that 
looks the best at the moment (in the order of processing), 
but in case of overlapping cells we have to consider the 
other possible choices too. In the example above this 
means the analysis of 2 cases (which becomes 7 distinct 
cases if we allow unpaired cell nuclei as well), but 
naturally the number of possible combinations can be 
even bigger if there is a fifth cell nucleus that overlaps one 
or more of the others (in the practical application, long 
chains of overlapping cells are formed with as much as 50 
cell nuclei in the chain). 

The detected cell nuclei can usually be evaluated 
independently; there is no need to compare every single 
cell nucleus with every other one. It is usually practical to 
create groups from the cells that require further processing 
to find the pairs amongst them. This can be done using a 
method similar to the clustering algorithms [17]: we take 
an arbitrary cell nucleus from the reference set, and we 
consider it as the first element of its group. After this, we 
take the cells from the test set that overlap with this one, 
and we add them to the same group. After this, we loop 
through the reference set again, and we add the cells into 
the group that overlap any of the test cells from the group. 
We continue this iteration of switching between the test 
and reference sets until the group is no longer extended. In 
the end, the group will contain the biggest possible set of 
those elements where it is possible to reach any element 
from any element with a limited number of steps through 
a chain of overlapped cells. 

It is possible (both in the reference set and in the test set 
as well) that there will be some cell nuclei that do not 
overlap with other cells; these will create a group on their 
own. If we perform this grouping for all cell nuclei, then 
we will get some distinct and easily manageable groups 
where every cell nucleus is a member of exactly one 
group, and where there is absolutely no overlap between 
two cells of different groups. Due to this, the paring of the 
cell nuclei can be done within the group, and this greatly 

Figure 2. (a) Blue reference cells: R1, R2; red test cells: T1, T2  

(b) First pairing: R1-T2, R2-T1 (c) Second pairing: R1-T1, R2-T2 

a) b) c) 



reduces the computational needs of the calculation. 

During the practical analysis of the results we found out 
that on areas where cells are located very densely, we 
have to loop through a very long chain of overlapped 
cells, which results in groups that contain very much cell 
nuclei from the test and from the reference sets as well. 
Since increasing the number of elements in a group 
exponentially increases the processing time of the group, 
it is practical to find some efficient algorithm for the 
matching: we use a modified backtracking search 
algorithm [18]. 

The sub-problem of the backtracking search is finding 
one of the overlapping cell nuclei from the test results and 
assigning it to one of the reference cell nuclei. For this, we 
have to collect the reference cell nuclei from the group, 
and assign an array to each of them. Then we have to fill 
the array for every reference cell with test cells from the 
group that overlap with the given reference cell (PTCL-
Potential Test Cell in this Level), because we only have to 
perform the search for the elements of this array. Due to 
the special nature of the task, we do not expect to solve all 
sub-problems, so it is possible that there will be some 
reference cells with no test cell nucleus assigned to them. 
For the same reasons, it is also possible that there will be 
some test cells with no assignment at all. 

The final result of the search is the optimal pairing of 
all the possible solutions (we want the solution where 
(using the evaluation described above) we can achieve the 
biggest possible pixel-level accuracy within a group). The 
number of possibilities that have to be examined is still 
pretty high, but we can reduce this even more using an 
additional backtrack condition: for every reference cell 
nucleus we calculate and store a value (LO) that represents 
the local optimal result, if we always choose the best 
overlapping test cell that seems optimal at the moment. 
During the search, the algorithm will not move to the next 
level if it is found out that the calculated value will always 
be worse than this LO value even if we choose the most 
optimal choices on all the following levels. 

According to these, the following pairing will be 
performed by algorithm 1. Inputs: 

 level – the level currently being processed by the 
backtracking search; 

 RES – The array that holds the results. 

Utilized functions: 

 SCORE(X) – it returns the value for the pixel-
level comparison using input X (which is a pair 
of a test and a reference cell nuclei). 

Algorithm 1 will search and return the optimal pairing 
of a group containing test and reference cell nuclei. The i

th
 

element of the MAXRES array shows that the i
th
 reference 

cell nucleus should be paired with the MAXRES[i] test 
cell nucleus (or if the value is , then the reference cell 
should be left alone). 

The algorithm above should be executed for every 
group, and this way the optimally paired elements can be 
located (including the elements that are alone in their 
group and the elements that cannot be paired at all). After 
this, we can apply the evaluation described above for 
every pairs (and single elements), and after summing up 
the values, we can determine the weighted total TP, FP, 
FN pixel numbers that represent the whole solution. These 
can be interpreted on their own (for example this might be 
required when setting some parameters automatically), or 
in a simple way (for a more spectacular comparison) using 
the aforementioned accuracy equation:  

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

The accuracy could of course be calculated for the 
individual cell nuclei pairs as well (in this case, we should 
leave out the TN values from the equation), and the results 
we can obtain this way can be interpreted in many ways. 
For example, there could be a practical use of this for 
determining that how many cell nuclei were successfully 
detected within a given class of accuracy. The 
measurement number described above is more practical 
because we do not need to individually apply weights to 
the individual cell nuclei, because the pixel-level results 
already contain weighting factors. 

IV. PRACTICAL EXPERIENCES 

We have implemented the above described algorithm 
and we have compared three cell nuclei detection 
algorithms. This section contains the comparison results. 

Region growing was the first examined segmentation 
method. The basic approach is to start from a set of seed 
points and then appending to each one the most promising 
neighboring pixels that satisfy a predefined criterion based 
on similarities in color or intensity [19]. In some cases 
these growing processes can be executed in a parallel way, 
therefore we analyzed the single-thread implementation 
running on a CPU [7] and a multi-threaded 
implementation running on a GPU [20]. 

The third examined segmentation method was the  
K-means algorithm. This is a classical clustering method 
and in this case we used the segmentation of the image to 
find the pixels of the cell nuclei. We have used the K-
means implementation prepared by the Biotech group of 

Try(level,RES) 

  for(TCPTCL[level]) 

    if(TCRES[1..level-1]TC=) 

      RES[level]TC 

      if (level=N) 

        if (score(RES)>score(MAXRES)) 

          MAXRES←RES 
      else       

     if (score([RES[1..level] LO[level+1..N]])<score(MAXRES)) 

          Try(level+1,RES) 

  return MAXRES 

Algorithm 1. – Backtracking core algorithm 



Óbuda University. After this clustering we have to split 
these areas to separate the independent nuclei. To achieve 
this, we use erosion to locate the center (or centers if we 
assume that the detected region consists of two or more 
nuclei) of the region. After we have located these centers, 
we must use a simplified region growing to find the actual 
areas of nuclei. 

In practice the output of the implemented evaluator 
application are some numerical results (number of TP, TN, 
FP, FN pixels; number of excluded pixels: number of 
pixels outside the manually annotated area; accuracy; 
processing speed) and the images that are shown in Figure 
3. We can store these results in image databases for 
further analysis [21]. 

a) Original slide (cropped and scaled for this paper). 

b) Gold standard result (GS) – blue line surrounds 
the annotated area, the red items are the manually 
annotated cell nuclei. 

c) Region growing CPU result (RG-C) – red areas 
are the detected nuclei, different shades indicate 
different nuclei. 

d) Region growing GPU result (RG-G) – red areas 
are the detected nuclei, different shades indicate 
different nuclei. 

e) K-means result (KM) – red areas are the detected 
nuclei, different shades indicate different nuclei. 

f) RG-C compared to GS. Meaning of pixel colors: 
green – TP, white – TN, red – FP, blue – FN, 
yellow – pixel is out of the manually annotated 
area. 

g) RG-G compared to GS (same color markings as 
f). 

h) KM compared to GS (same color markings as f). 

 

  

Figure 3. (a) Original slide 

(b) GS result (c) RG-C result 

(d) RG-G result (e) KM result 

(f) RG-C compared to GS (g) 

RG-G compared to GS (h) 

KM compared to GS 

a) b) c) 

d) e) f) 

g) h) 



Table 1. shows the numerical results are the followings: 

a) Number of TP pixels (RG-C: 4598, RG-G: 4193, 
KM: 13171) 

b) Number of TN pixels (RG-C: 64359, RG-G: 
64378, KM: 45097) 

c) Number of weighted FP pixels (RG-C: 747.44, 
RG-G: 744.46, KM: 22573.2) 

d) Number of weighted FN pixels (RG-C: 
13285.35, RG-G: 13706.97, KM: 4272.0) 

e) Number of excluded pixels (out of the manually 
annotated area, 1227946 in every cases) 

f) Accuracy (RG-C: 83.09%, RG-G: 82.59%, KM: 
68.46%) 

g) Detection time (RG-C: 137505ms, RG-G: 
40785ms, KM: 25999ms) 

h) Detection time/TP (RG-C: 29.9ms/px, RG-G: 
9.72ms/px, KM: 1.97ms/px) 

CONCLUSIONS 

We have used all of these algorithms for the 40 “gold 
standard” slides. Our first observations: 

a) The accuracies of the RG-C and RG-G 
implementations are almost the same. The base 
algorithm is identical; the small differences in the 
results are caused by the different processing order of 
the seed points. 

b) The KM method is spectacularly faster than the RG 
implementations. Although the performance of the 
RG-G implementation is appropriate for practical use. 

c) Mostly (except 4 cases) the accuracy of the KM 
method is below the accuracy of the RG methods. But 
considering its speed, it can be ideal for preliminary 
results. 

d) Both of the RG-C and RG-G methods are too careful 
they left a lot of nuclei unprocessed. We may want to 
reconfigure the parameters of seed searching. 

e) The KM method can find some true positive pixels in 
case of problematic images as well (poorly focused, 
difficult to interpret), but it will find several false 
positive pixels too, therefore the results are not as 
promising as it may look for the first sight. 
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# 
 Input Evaluation results Detection 

Time (ms) 
Detection Time 

/TP (ms/px) Image size Test Ref. TP TN FP FN EXCL Accuracy 

1 1280 × 1024 GS RG-C 4598 64359 747 13285 1227946 83,09% 137505 29.90 

2 1280 × 1024 GS RG-G 4193 64378 744 13707 1227946 82,59% 40785 9.72 
3 1280 × 1024 GS KM 13171 45097 22573 4272 1227946 68,46% 25999 1.97 

Table 1.  Comparison results for tissue sample “B2007_00259_PR_02_validation”, KT = 0.3  


