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 Platelets play an important role in the diagnosis and detection of various diseases, the 
course of the disease in the future, and the possibility of justifying treatment methods. In this 
aspect, platelet counting is of key importance. For these purposes, it is important to correctly 
identify such objects. This served as the basis for the development and generalization of an 
appropriate medical image analysis procedure. The purpose of this study is to construct a 
generalized procedure for platelet identification in medical digital images. The work examined 
at least 30 images containing objects such as platelets. These images are approximately the 
same type, but with different intensity of the presence of the main objects in the blood smear. 
Similar but noisy images are also considered. These images were noisy with different types of 
noise. Thus, a total of at least 120 images were examined. In general, this allows us to evaluate 
the effectiveness of the proposed procedure for identifying platelets in medical images. This 
procedure includes simple methods of image analysis such as: binarization, morphological 
analysis, taking into account the influence of the sizes of different objects and comparative 
analysis of images at intermediate stages of the study. To summarize the results, estimates 
such as the percentage of false detection of platelets and the percentage of missed platelets 
were considered. The platelet identification results that were obtained for non-noisy images 
are as follows: false platelet isolation was less than 0.1%, missed platelets were within 2-2.5%. 
The worst result for noisy images is false platelet isolation – within 10% (for images with 
multiplicative noise), missed platelets – within 7.5-8% (for images with multiplicative noise). 
It should also be noted that noisy images are characterized by identification of platelets with 
distortion of their sizes: these sizes are reduced or increased. The percentage of such distortions 
does not exceed 1.3% (for images with Poisson noise).The problematic aspects of platelet 
identification in digital medical images are considered. Particular attention is paid to simple 
methods of digital image processing. Among the problematic aspects of the proposed approach 
there is a need to clearly take into account the geometric dimensions of platelets. The results 
obtained are acceptable and can be used as the basis for an automated blood smear analysis 
system.
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 Analysis, as a component of the diagnostic 
process, plays an important role. Moreover, such 
an analysis should be considered not only as an 

element of diagnosis, but also as an element of 
research 1-3. This is most relevant for the medical 
field, when it is necessary to make the most 
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effective decisions without dramatically affecting 
the human body. For these purposes, it is advisable 
to consider digital medical images. These images 
allow us to explore the possible problems of the 
issue based on non-contact analysis, considering 
the microcosm of a person.
 Blood is primarily considered as the object 
of such research. Blood, as a liquid and mobile 
connective tissue of the internal environment 
of the body, allows one to judge the possibility 
of the development of many diseases 4-6 . Blood 
consists of a liquid medium - plasma, and formed 
elements suspended in it: erythrocytes, leukocytes 
and platelets7. There are many different works that 
study blood components such as red blood cells and 
white blood cells based on medical digital images 
8-10. This is due to the relative simplicity of such 
analysis compared to medical imaging of blood 
elements such as platelets. In particular, this feature 
is the size of platelets.
 Platelets also called thrombocytes are the 
smallest blood component produced from the very 
large bone marrow cells called megakaryocytes 
under controlling of thrombopoietin hormone and 
they play a fundamental role in thrombosis and 
hemostasis 11. Platelets, which circulate within the 
blood, are the essential mediators that trigger the 
mechanical pathway of the coagulation cascade 
upon encountering any damage to the blood 
vessels. Platelets encourage primary hemostasis 
via three major processes: activation, adhesion, 
and aggregation. When the integrity of the vascular 
endothelium is interrupted, various macromolecular 
elements of the vascular subendothelium become 
exposed and readily accessible to platelets 12,13. 
Platelets possess important secretory functions. 
During the process of activation, platelets express 
internal membrane proteins and release adhesive 
proteins, coagulation and growth factors. Some of 
the proteins facilitate the crosstalk of platelets with 
leukocytes and endothelial cells 14. The platelets 
function depends on the number (quantity) and 
structure (quality) and when platelets do not 
function properly, people are at risk of excessive 
bleeding due to injuries or even spontaneous 
bleeding 15. The normal platelet count in humans 
ranges from 150×109/L to 400×109/L. We take 
into account that platelets have a circulating 
lifespan of around 10 days, and that about one 
third of platelets are sequestered in the spleen. A 

constant balance is, therefore, required between 
thrombopoiesis, and platelet consumption and 
senescence 16. Low platelet concentration is called 
thrombocytopenia and is due to either decreased 
production or increased destruction. Elevated 
platelet concentration is called thrombocytosis, and 
is either congenital, reactive (to cytokines), or due 
to unregulated production 17.
 Therefore, platelet counting is an 
important task in blood analysis and diagnosis of 
possible disease 18.
 Now platelets are counting is included 
in a complete blood count (CBC), a panel of tests 
often performed as part of a general health exam 
by using hematology analyzer, this technique is 
based on the modification of the impedance of 
calibrated aperture soaking in an electrolyte and 
going through a constant course delivered by two 
electrodes located on both sides of the aperture 
then count sample are counted automatically 18. 
Up to date, the only “Gold Standard” in platelet 
counting available to assess any degree of accuracy 
of the automated count has been the manual 
phase-contrast microscopic method. The manual 
method itself has significant limitations in terms of 
performance, particularly in the area of imprecision 
19.
 Based on the discussion above, the main 
purpose of this study is to review some procedure 
for platelet identification in medical images. In the 
future, this procedure will be the basis for automatic 
platelet counting. Therefore, the basics of platelet 
identification using image processing technologies 
are discussed next, the procedure is summarized, 
and the results of the related analysis are presented.

Material and Methods

 In order to identify platelets in medical 
images, it is advisable to consider some approaches 
to medical image processing. It should be 
emphasized that in this case it is necessary to pay 
attention to the so-called small-sized objects. This 
is based on the fact that the image of platelets refers 
to such objects.
 A general technique for identifying objects 
in medical images is the use of binarization of the 
original image. This is because the blood smear 
is usually stained for phase contrast microscopy. 
In this case, components of the blood smear 
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such as red blood cells, leukocytes and platelets 
differ significantly from the general background 
(plasma). Then it becomes possible to binarize the 
image and isolate the main components of blood. 
An example of the use of this approach is the study 
of M. Habibzadeh, A. Krzyzak, T. Fevens and A. 
Sadr 20 or B. Azam, R. J. Qureshi, Z. Jan and T. A. 
Khattak 21. But in the simplest case, it is advisable 
to use conventional binarization by threshold 22-24.
 However, for example, S. Rahman, B. 
Azam, S. U. Khan, M. Awais and I. Al note that for 
effective binarization it is necessary to normalize 
the intensity of the input image 25. However, even 
in this case it is impossible to obtain an ideal 
resulting image. This is because many medical 
imaging devices experience non-linear brightness 
effects. Moreover, it can be enhanced as a result of 
uneven distribution of the coloring matter. Thus, 
some interference occurs which introduces errors 
in the corresponding identification. This problem 
can be solved by filtering the original image or 
processed image. But then some data may be lost, 
as noted by various authors 26, 27.
 The complexity of solving the problem 
of binarization when isolating platelets in medical 
images is noted in 28. For these purposes, the 
authors use the droplet detection method, which 
considers the quantitative assessment of clinically 
significant signs of such droplets.
 At the same time, the work 29 uses 
segmentation and machine learning procedures to 
solve binarization problems for medical images. 
For these purposes, the authors pre-process 
the original images, removing duplicate data 
and outliers. Ultimately, this simplifies platelet 
identification. However, in this case, the presence 
of a person is required to remove such unnecessary 
information.
 In this case, to solve the problem, various 
morphological operations are used: combining 
individual elements, filling empty space, clarifying 
the boundaries of objects, etc. These operations are 
also widely used in processing various medical 
images and more 30, 31. In this context, we operate 
with objects that are predominantly round or 
close to a circle, which makes it easier to use such 
operations for our research.
 The geometric dimensions of platelets 
should also be taken into account. This will help 
separate them from the white blood cells and red 

blood cells. In general, the geometry of an object 
plays an important role in the study of medical 
images 32. It is also advisable to compare the 
obtained images at different stages of the study. 
This method can be viewed as a logical analysis 
of the relationship between individual processing 
steps.
 Then, among the main stages of platelet 
identification one can highlight: binarization, 
morphological analysis, taking into account the 
influence of the sizes of different objects and 
comparative analysis of images at intermediate 
stages of the study.
 Thus, a generalized algorithm for 
identifying platelets on digital images can be 
presented in accordance with Fig. 1.
 The general mathematical formalization 
of the generalized algorithm for identifying 
platelets on digital images may be represented in 
next way:

rkmsbv IIIII →→→→ ,
where

vI  – original image,
bI  – image after the binarization procedure,

msI  – image after morphological processing taking 
into account platelet sizes. This is an image where 
there are only platelets,

kI  – comparative analysis, which allows platelets 
to be identified in the original image,

rI  – the resulting image after all stages of 
processing.

 To implement the binarization procedure, 
a threshold (a) is selected, which allows you to 
select only those points that belong to platelet 
images. This can be done based on a histogram of 
where the platelet images are the brightest. Then if 
such a threshold is reached, the point on the input 
image is designated 1, otherwise – 0:
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 Morphological analysis is performed 
based on standard image analysis techniques 21, 22, 

27.
 At the same time, the image comparison 
procedure consists of comparing the original image 
and the image after morphological processing, 
taking into account the platelet size. Then the 
procedure for obtaining the resulting image can 
be expressed as follows:

msvkr II)I(I ∩= .
 It is also important to emphasize that 
generalized result issues are also discussed here. 
This result was obtained based on the analysis 
of at least 30 different images where platelets 
are present. One of the typical such images is 
presented below. Thus, the platelet identification 
procedure for a certain class of medical images is 

actually considered. It should be emphasized that 
this work does not use any methods of statistical 
analysis and inference. The effectiveness of the 
proposed approach is determined by the sequence 
of implementation of known algorithms, which 
are themselves reliable. The performance of the 
procedure considered is also determined by the 
level of platelet identification and comparison 
of this result with known approaches (see the 
“Discussion” section). Additional research is also 
being carried out in the form of superimposing 
various noises (a few words about this below).
 At the same time, the study noted the 
percentage of false detection of platelets and the 
percentage of missed platelets. In general, this 
gives a general picture of the performance of the 
considered procedure for identifying objects such 
as platelets.

Fig. 1. Generalized algorithm for platelet identification in digital medical images

Fig. 2. Example of original image with platelets
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 To extend the related research, noisy 
images are also considered. To do this, various 
types of noise are superimposed on the original 
images. Moreover, this overlay of noise on an 
image is a standard procedure that is used in 
the development and analysis of various image 
processing procedures. In fact, this is an artificial 
distortion of real images. This allows one to 
understand the limits and reliability of some image 
analysis procedure, in this case platelet detection. 
However, such noise may not occur in real practice.

results

 Fig. 2 shows a typical image where 
platelets can be seen as round blue objects 33, 34. 
To the right is the original image, and to the left is 

part of it, as indicated by the corresponding arrow. 
These objects have different sizes and their colors 
also vary from light blue to dark blue.
 The figure below shows the results of 
binarization of the original image Fig. 2 (for the 
data in the picture to the right). This binarization is 
carried out based on the data of the corresponding 
histogram. This data can be unified and generalized 
to automatically binarize the original image. Here, 
the binarization threshold is selected in such a 
way that all elements of the blood smear except 
the background (plasma) are visible in the field of 
view.
 The image after binarization has many 
errors in the form of empty areas in areas of 
interest, as well as many edge objects that may not 
be accurately identified. Therefore, morphological 

Fig. 3. Results of binarization of the original image

а) histogram of the original image                  b) binarization of the original image

Fig. 4. Original image after binarization and 
morphological operations

operations are used to eliminate such defects (see 
Fig. 4, cleaned binary image of blood smear). This 
identification step can also be automated.
 Image in Fig. 4 includes all major blood 
smear objects except plasma. However, only 
platelets need to be isolated. This sequence is 
implemented in two stages. First, the platelet size 
data in the image was used (see Fig. 5a), and then 
compared Fig. 4 and Fig. 5a, only platelets are 
highlighted (see Fig. 5b). This procedure can be 
fully automated. At the same time, it is important 
to know the geometric dimensions of the platelets 
in the image.
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Fig. 5. Isolation of platelets

а) binary image of a blood smear without platelets                    b) platelets only

 Platelets can now be identified in the 
original image. To do this, a logical comparison of 
the data is made Fig. 2 (for the data in the picture 
to the right) and Fig. 5b. The result is presented in 
Fig. 6.
 It should be noted that in this case, almost 
all platelets were identified with the exception of 
one, which has a non-standard geometric size. This 
confirms the fact that taking into account platelet 
size geometry is one of the key factors. However, 
no false platelets were detected in this case.
 An analysis of the effectiveness of the 
considered procedure for identifying platelets in 

Fig. 6. Platelet identification result for original image

Fig. 7. Results of identifying platelets in an image that are subject to various types of noise
a) Gaussian white noise                           b) Poisson noise                                    c) multiplicative noise

images that are subject to various types of noise 
was also carried out. The final results of such 
identification for this example are presented in Fig. 
7. Here we consider such noise as: Gaussian white 
noise with zero mean value and variance 0.01; 
Poisson noise; multiplicative noise, with mean 0 
and variance 0.05.
 Overall, the results are satisfactory. 
There is some degradation in the proposed platelet 

identification procedure. But this deterioration is 
not critical, as will be shown below. Moreover, 
the likelihood of exposure to such noise is 
unknown. This is artificial noise (see comments 
in the previous section). In this case, a violation 
of the geometric dimensions of platelets was also 
detected. But this violation is not significant (no 
more than 1.3% of such distortions from the total 
number of platelets). There was no statistical 
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significance between size distortion and the number 
of false platelet detections or platelet identification 
in general. These results are presented in more 
detail in Tabl. 1 (summarized data for all images 
that were considered in the work).
 From the above data it is clear that the 
main problem is missed platelets. This problem is 
solved at the stage of image processing, taking into 
account the geometric dimensions of platelets. In 
particular, it is possible to isolate different groups of 
platelets, and then, after identifying them, combine 
everything into one. However, platelet size and 
its correct accounting is one of the factors that 
determines the scope of application of the proposed 
approach. Next we will also discuss other aspects 
of what was discussed above.

discussion

 As already noted, blood smear analysis 
and platelet identification in particular are the basis 
of many studies.
 For example, work 35 considers the 
possibility of classifying platelets based on a 
combination of their statistical characteristics. 
This approach can be used as a basis when image 
analysis is performed taking into account the 
geometric dimensions of platelets. But here it 
should be taken into account that the accuracy of 
such classification, according to the authors, does 
not exceed 83.67% 35. Thus, this approach may 
introduce errors in platelet identification.
 Study 36 describes a generalized automated 
procedure for counting platelets in a blood smear. 

table 1. Platelet identification results based on the procedure reviewed

Image type  Evaluations
 False platelet  Missed  Additionally
 isolation, % platelets, %

Images without noise less than 0.1% within 2-2.5% –
Images with Gaussian  within 1.5-2% no more than 6.2% Some areas of platelets are 
white noise   distorted: reduced or enlarged. 
   No more than 1%
Images with Poisson  no more than  0.5% no more than 6.5% Some areas of platelets are 
noise   distorted: reduced or enlarged. 
   No more than 1.3%
Images with multiplicative  within 10% within 7.5-8% Some areas of platelets are 
noise   distorted: reduced or enlarged. 
   No more than 1.2%

table 2. Comparison of platelet identification results presented on a medical image

Method  Evaluations
 False platelet  Missed  Generalized identification 
 isolation, % platelets, % accuracy, %

Proposed approach less than 0.1% within 2-2.5% 97.4%
From [35] – – 83.67%
From [37] – 3-4% 59%
From [38] – 4-5% 86%
From [39] – – 86.7-91.2%
From [29] – – 97-98%
From [41] – – 92.5-97.36%
Manual counting method from [42] – – 75-90%
Impedance method from [44] – – under 80%
Impedance method (PLT-I) from [45] – – 76.4% or lower
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For these purposes, platelet identification is based 
on the application of a segmentation procedure. 
However, such segmentation must take into 
account the color conditions of the blood smear, as 
well as the geometric dimensions of the platelets. 
Thus, the authors also face a number of problematic 
issues, which we also highlight. The authors offer 
their own solution to such issues, which in general 
does not contradict our approach.
 The paper 37 considered the possibility 
of automating the counting of platelets in a blood 
smear to identify cases of dengue. This shows 
the importance of the problem we examined in 
our study. The authors justify simple solutions 
for such analysis. The work noted that the system 
they proposed in 11 cases out of 19 gave 100% 
results. But this result applies only to 59% of 
cases. In this regard, our result is more effective.  
At the same time, platelet skipping in other cases is 
3-4%. However, the paper notes that automatic and 
manual platelet counting does not have statistical 
significance with a kappa coefficient of 0.6 35.
 The study 38 focused on platelet detection 
and counting. This platelet identification is based 
on models such as Single Shot Multibox Detector 
(SSD), RetinaNet, Faster_rcnn and You Only Look 
Once_v3 (YOLO_v3). However, the authors pay 
attention to the YOLO_v3 model. As a result, more 
efficient platelet detection algorithms have been 
obtained. The modified YOLO_v3 model showed 
1.8% higher average accuracy. The generalized 
efficiency of such identification is at the level of 
86%. But there also remain issues of platelet false 
detection and missed detection.
 The work 39 discusses platelet detection 
based on deep neural networks. The accuracy 
of this detection is about 86.7-91.2%, which is a 
pretty good result. In this case, an essential aspect 
of such an analysis is the possibility of overlapping 
individual elements of a blood smear. We did not 
consider such aspects in our study.
 The works 28 and 29 addressed the issues 
of platelet detection in medical images. In 28 the 
authors use a droplet detection method based on 
clinically relevant features. This method allows 
for platelet detection at a level of 96.4%. The 
basis of such a calculation is a comparison with 
a similar calculation with the participation of an 
experienced laboratory assistant. The study 29 uses 
various classifiers, which provide an accuracy of 

identification of blood smear components at the 
level of 97-98%.
 Y. K. A. A. Atmanto, A. A. Abdullah, 
D. Muhadi and M. Arif propose a method for 
determining the platelet count coefficient, which 
is analogous to the detection rate of such blood 
components 40. This ratio is the overall ratio 
divided by the sample size 40. The authors note 
that the total ratio of 254 samples was 4.086. This 
is a significant indicator. However, such data are 
difficult to compare with traditional platelet count 
summaries.
 G. Dra³us, D. Mazur and A. Czmil use 
the training method using deep learning networks 
RetinaNet 41 for platelet recognition purposes. The 
accuracy of platelet recognition is at the level of 
92.5-97.36% (confidence threshold 0.35) 41. As 
the threshold increases, the accuracy of platelet 
identification decreases.
 C. Briggs, P. Harrison, and S. J. Machin 
provide a comprehensive review of various platelet 
counting methods 42. In this case, special attention 
is paid to problematic aspects. In particular, the 
authors note that a decrease in the number of 
platelets in a blood smear leads to a decrease in 
the level of their identification. It is noted that the 
most inaccurate is the manual counting method, 
which leads to errors of various kinds at the level of 
10-25%. It also talks about the influence of platelet 
size on the level of their detection in a blood smear. 
The main message of the study is that platelets are 
more difficult to count than red or white blood cells 
42.
 The study 43 examines the reference 
platelet count method. The authors note that 
this approach showed acceptable identification 
accuracy. No exact data is provided. However, 
it should be noted that this approach cannot be 
compared with our method. This is due to the fact 
that we do not use a reference image of platelets, 
but morphological and geometric features of 
platelets.
 B. Mohamed-Rachid, A. F. Raya, A. H. 
Sulaiman and A. K. Salam compare and analyze 
different platelet counting methods 44. Among 
these methods are considered: optical, impedance, 
immunological and manual methods of platelet 
counting. The results showed that the reliability of 
similarity between such methods ranges from 0.49 
to 0.9 44. The worst result is given by the impedance 
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method, which overestimates the platelet count and 
at the same time does not give any result in 15% 
of samples (in other words, the overall platelet 
detection accuracy is below the 80% level). It is 
also noted that other authors note such a large error 
in the impedance method.
 The work 45 discusses the process of 
selecting methods for automatic platelet counting. 
It is noted that the impedance detection method 
(PLT-I) can erroneously reduce platelet counts 
by as much as 23.6% 45. Then the level of platelet 
detection decreases to 76.4% or lower. However, 
it is also emphasized that there are few studies 
comparing the accuracy of platelet counts.
 A generalized comparison of our platelet 
identification approach with several other methods 
is also presented below.
 Table 2 shows that the proposed approach 
is one of the top three methods for identifying 
platelets in medical images. Also noteworthy is the 
effectiveness of platelet detection under various 
interference conditions (see Tabl. 1). At the same 
time, the considered approach is distinguished by 
the simplicity of its implementation.
 First of all, our approach when working 
with original images (where we do not artificially 
degrade such images with noise for research 
purposes) is at the level of developments that are 
presented in 29,41. Our result with such studies is at 
the level of 97.4% platelet identification.
 In the case of various interferences, we 
obtain a platelet detection result of at least 82%. 
This result is comparable to the results from 35. 
The result obtained is also better than the manual 
counting method and impedance method (see Tabl. 
2), which give less than 82% detection of platelets.
 Thus, in general, it should be noted that 
our results are acceptable and allow us to create 
an automated system for identifying and counting 
platelets.
 If we talk about the basics of such 
automation, we should note the possibility of its 
implementation based on the simplicity of the 
proposed approach. It should also be noted that our 
approach is clearly structured, which is based on 
the appropriate mathematical formalization. This 
allows us to apply different levels of automation. 
Such aspects will be considered in more detail in 
our further studies.

 As for other problematic aspects in 
platelet identification, the following should be 
said. First of all, this concerns the problem of 
geometric dimensions of platelets. In this case, 
a preliminary procedure for analyzing platelet 
geometry and morphology can be introduced. 
Then, at the stage of applying platelet identification 
algorithms based on their geometry, it is possible 
to reduce the number of false results and increase 
the overall detection accuracy. The number of 
false results can also be reduced by creating a 
platelet bank for their subsequent identification 
with real data. You can also use algorithms based 
on the theory of fuzzy sets. This will speed up the 
platelet identification process and improve overall 
results. The use of fuzzy set theory approaches 
will facilitate the consideration of various types 
of images, the selection of the necessary steps to 
generate a general platelet detection procedure. To 
implement a friendly platelet detection procedure, 
it is proposed to use a potential communication 
interface in the implementation of such an analysis. 
This will allow us to understand and identify 
bottlenecks in the proposed approach and eliminate 
them.

conclusion

 The paper examines various problematic 
aspects of platelet identification in digital medical 
images. Particular attention is paid to simple 
methods of digital image processing. A sequence 
of actions has been proposed that allows for 
effective identification of platelets. The strength 
of the proposed approach is its simplicity and 
high efficiency in detecting platelets under various 
interferences that are possible in digital images. 
Among the problematic aspects of the proposed 
approach is the need to clearly take into account 
the geometric dimensions of platelets. A number of 
experiments were carried out on real images. The 
results obtained are acceptable and can be used as 
the basis for an automated blood smear analysis 
system.
 At the same time, among the potential 
directions of this research and areas for improving 
the proposed procedure, we highlight:
• Development of a preliminary procedure for 
automatically determining platelet size in each 
series of corresponding input medical images;
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• Adaptation of the proposed approach to other 
types of input images.
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