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ABSTRACT
Modeling human blood components and disorders is a complicated task. Few researchers have attempted to automate
the process of detecting anemia in human blood. These attempts have produced satisfactory but not highly accurate
results. In this paper, we present an efficient method to estimate hemoglobin value in human blood and detect anemia
using microscopic color image data. We have developed a logit regression model using one thousand (1000) blood
samples that were collected from Prince George Hospital laboratory. The output results of our model are compared
with the results of the same sample set using CELL-DYN 3200 System in Prince George Hospital laboratory, and found
to be near identical. These results exceed those reported in the literature. Moreover, the proposed method can be implemented in hardware with minimal circuitry and nominal cost.
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1. Introduction
Color image analysis techniques are employed in a wide
range of medical applications including human blood
testing. Blood testing refers to laboratory analysis of
blood. A variety of blood tests are accessible to provide
information about the condition and status of the human
body. The most regular test is the complete blood count
(CBC). CBC is a series of tests used to appraise the
composition and concentration of the cellular components of blood [1]. For example, anemia is a disease
caused by the reduction of red blood cells (RBC) count
and/or the hemoglobin (Hgb) level in human blood [2].
In general, a microscopic color image is a multi-spectral image with one band for each of the three primary
colors (red, green and blue), assuming that we are working with RGB color model. Based on this understanding,
color images are produced by a weighted combination of
these three primary colors for each pixel. The color of an
image also depends on the light source illuminating the
image object and on the color of the surrounding region
of that object or simply the ambient. At present, color
images are extensively used in a wide range of applications and are exploited by researchers and developers in
almost every aspect of real life applications.
In this paper, we present a new method for estimating
hemoglobin level in human blood to detecting anemia
using microscopic color images.
Copyright © 2010 SciRes.

The remaining part of this paper is organized as follows: In Section 2, we introduce the current methods for
testing CBC and present previous work related to cell
count, cell analysis, and hemoglobin estimation to provide the necessary information and appropriate background for this research. In Section 3 we present the
proposed model, and finally, in Section 4 we provide our
results and conclusions.

2. Previous Related Work
In this section, we briefly describe the main methods used
to calculate or estimate human blood components. Table
1 depicts male and female hemoglobin components and
their normal ranges as analyzed by CELL-DYN 3200
System. The CELL-DYN 3200 system is popular and is
being used by Prince George Regional Hospital (PGRH)
Laboratory where we obtained the blood samples and
with which we will compared our output results.
There are two main types of procedures to compute
CBC and hemoglobin level: 1) manual; and 2) autoTable 1. Hgb reference intervals for CELL-DYN 3200 System
Parameter

Normal range

132–159 g/L for male *
Hemoglobin
123–151 g/L for female
* The content is taken from Reference [3]
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mated. The following are some examples on both procedures.

2.1 Manual Procedures for Determining
Hemoglobin in Blood
A manual also called spectrometric procedure is straightforward and requires the use of spectrophotometer. The
spectrophotometer is a device that measures the monochromatic light transmitted through a solution to determine the concentration of the light absorbing substance
in that solution. The light from the lamp passes through
the prism, which allows light of only a predetermined
wavelength to pass through the cuvette. The transmitted
light strikes a detector, where it is converted into electrical energy and presented to the readout device [4]. This
procedure is satisfactory but requires the presence of an
attendant and consumes a significant amount of time to
perform. In short, this method is acceptable but not efficient nor economic.

2.2 Automated Procedures for Determining
Hemoglobin in Blood
The CELL-DYN 3200 System is a modern automated
CBC analyzer and hemoglobin estimator. It combines
spectrophotometry and modified cyanmethemoglobin
method for hemoglobin determination. In the cyanmethemoglobin method, the whole blood is mixed with a
solution of potassium ferrycyanide to convert hemoglobin in the ferrous state, to methemoglobin in the ferric
state, which then reacts with potassium cyanide to form
cyanmethemoglobin. This final product is also called
hemiglobincyanide (HiCN). HiCN is very stable and has
a wide absorption maximum of about 540 nm. The absorption of the solution at 540 nm is directly proportional
to the amount of Hemoglobin present in the blood [5].
The CELL-DYN 3200 system measures hemoglobin
within a sample in a hemoglobin Flow Cell. The hemoglobin dilution that is analyzed in the Flow Cell is a
mixture of the sample plus reagent. The system takes five
reference readings. The lowest and highest readings are
discarded, and the remaining three readings are averaged
to produce the final hemoglobin reading. This is done to
eliminate the extreme values. The hemoglobin dilution is
analyzed at 555 nm in the hemoglobin Flow Cell; the
system receives, and then saves the results [6].
At present, both CELL-DYN 3200 and CELL-DYN
4000 systems are being used in hospital laboratories in
around the world. Both systems are considered to be reliable. As for the cost of the equipment, both systems are
considered to be expensive and require attendants presence compared to the proposed method which is highly
efficient and inexpensive.
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detecting anemia. A flow chart of this method is shown
in Figure 1. This method comprises of two main components. The first is concerned with the development of
the logit regression model, (LRM) shown in the upper
rectangle of the figure and the second component is concerned with testing of new blood samples, shown in the
lower rectangle of the figure. The major elements of the
first component are: 1) blood samples collection; 2) capturing microscopic images of the blood samples; 3) image preprocessing and color information gathering; and 4)
the development of the logit regression model. The second component handles detecting anemia, if it exists, in
new blood samples. The process of doing that are similar
to those in the model development component except for
the last step which is the employment of the regression,
LRM, model. The following is a brief description of the
proposed method:

3.1 Blood Samples Collection
To build our regression model, we have collected one
thousand (1000) blood samples from Prince George Regional Hospital Laboratory, British Columbia. These
samples are randomly chosen from the general public
and we arranged them in a specific numbering scheme so
as to protect their identity. The blood samples were
smeared on glass slides by the hospital-automated system.
At that point, we captured microscopic color images of
the samples using a digital camera mounted on a microscope with 10 × magnification. Our original plan was to
use the whole size of sample image for processing but as
most of the sample images were distorted at the borders
due to the staining process and the nature of blood smea-
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3. The Proposed Model
In this section, we introduce the proposed method for
Copyright © 2010 SciRes.

Figure 1. Flow diagram of the proposed scheme
JSEA

A Novel Regression Based Model for Detecting Anemia Using Color Microscopic Blood Images

758

ring, our choice was to select a segment that is uncorrupted of a window size (256 × 256 pixels) from each
image. The choice of the segments was done randomly.
The clipped images are saved in a separate file for further
processing. Figure 2 shows six (6) clipped images from
the blood samples. The samples shown in the figure are
of samples 1, 5, 6, 10 and 15.

3.2 Blood Color Image Analysis
For each sample image, we calculate the pixels’ color
information as a function of red, green, and blue (f(R, G,
B)) using Matlab 7 software. To do so we created three
planes that represent the three colors (red, green, blue) of
the pixels’ values of the images. Then, the average of all
red values, green values, and blue values of the three
planes were calculated to produce three single values for
each image: the red value, R, the green value, G, and the
blue value, B. These three values were stored in a matrix
of size 3 × N, where N is the number of images as shown
in Figure 2. In our case N is equal one thousand (1000)
and hence the size of our matrix is 3 × 1000. In the Figure 3 the values r1, g1, b1 belongs to sample one 1 and rl,
gl, and bl belongs to the last sample, which is sample
number 1000.

1

5

3.3 Building the Model
Prior to model the data, i.e. the RGB values, we have
represented them visually to acquaint ourselves with
some of their statistics and properties. Fore example, we
plotted their histogram as shown in Figure 4.
As expected, in most cases, the red color values (plotted in dark blue) is the highest value, followed by green
color values (plotted in pink), and finally the blue color
values (plotted in yellow) is the smallest value of the
three components. Examining the statistics of the hemoglobin values of the test samples supplied by the Prince
George Hospital Lab. including the maximum and
minimum values of the set, we found that the set maximum value is 185 g/L, and the minimum value is 57.30
g/L, and the average value is 132.51 g/L. This statistics
helps determine the range of the set, which facilitates
modeling the data. The hemoglobin values of 900 samples histogram is plotted and shown in Figure 5 and the
last 100 samples are plotted and shown in Figure 6 for
clarity and ease of tracking.
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Figure 4. Histogram of the blood samples color ranges
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Figure 2. Six blood test samples

Figure 3. RGB analysis of each sample image
Copyright © 2010 SciRes.

Figure 5. Histogram of the hemoglobin values of the 900
blood samples
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Figure 6. Histogram of the last 100 blood samples

From the data and the graph in Figure 5, we found
that there are 10 samples outside the range (75-to-175
g/L) in the whole set which represent 1.0% of the total
sample set. Based on this observation, we introduced an
upper and a lower cut-off threshold values to eliminate
those extreme values on both end of the range. We did
that by equating any Hgb value greater than the upper
threshold value to 175 g/L and any value that is less than
the lower threshold to 75 g/L. Doing so does not alter
any sample value group affiliation (i.e., from high hemoglobin (healthy) to low hemoglobin (anemic). In addition
such action will create a range of 100 (i.e., 175-75g/L),
which is easy to use.
At this point, several modeling methods were considered. In this paper, we used Eviews-5 software to produce the Logit regression model for this sample. Using
Eviews software and the values of the R, G, and B, of the
samples and if the sample indicates anemia or not, we
produced the following Logit model:
L=(e–1.922 + 0.206R – 0.241G + 0.012B)/(1 + e–1.922 + 0.206R – 0.241G + 0.012B)

Where L is the hemoglobin level and R, G, and B are the
color values of the blood sample.

3.4 Detecting Anemia
To determine if a person is anemic, we take a few drops
of his or her blood, smear it on a glass and take its picture using a simple digital camera. Then we calculate the
R, G, and B values of the image. We plug the values of
the R, G, and B values in our LRM model and find the
result. This method is simple and cost effective

4. Experimental Results
CBC has been a target for several automations attempts
by researchers from different fields. None of the published paper attempted to model Hgb via regression
models and images analysis. Zahir and Chowdhry [7]
Copyright © 2010 SciRes.
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have presented a combined method that is based on artificial neural network (ANN) in conjunction with color
image analysis. They presented results that are far better
than those reported in [8]. In this research, Hgb value is
sought to determine anemia. They reported that the network is trained with fixed training rate of 0.4 and for
accuracies of 20% and 15%. They claim that accuracies
below 15% demand more computing time. They added
that the computing time is about 20 hours to realize an
accuracy of 5%. The authors did not include explanation
to support their claims nor that did they explain how can
they train the NN to improve the results by 10% to 15%
by increasing the computing time.
To test the performance and effectiveness of the LRM
model, we have tested one thousand samples using this
Logit model and compared them with the results of the
hospital results and found to be almost identical. Table 2
depicts the results we obtained and the number of faulty
samples in each of the hemoglobin ranges shown. This
Table shows the number of total errors is 65. This produces a 93.5% efficiency of the model. Out of this total
38 samples were in the hemoglobin range of 90-100.
This range is a borderline level and in most cases doctors
recommend that patients redo the test at a later time and
recommend a specific diet. If these samples are not
counted, then the efficiency of our model will be increased from 93.5% to 96.2 % accuracy. In addition, only
5 samples were at error when the person was anemic and
the results shows he is not. Although this is a serious
mistake but it rarely occurred and represent only 0.005%
of the total sample.

5. Conclusions
The literature is scarce when it comes to simple, economical, and reliable automated methods for diagnosing
anemia. There are, however, few methods like cyanmethemoglobin, which is reliable but very expensive and
the WHO Hemoglobin Color Scale (HCS) method,
which is inexpensive but not so reliable. In this paper, we
Table 2. Results of the logit regression model
HEMOGLOBIN MODEL RESULT
No.

Hgb Range

# of Samples

# of Errors

1

0-80

8

1

2

80-90

29

4

3

90-100

66

38

4

100-110

81

15

5

110-120

104

4

6

120-130

134

2

7

130-140

186

2

8

140-175

Total

392

0

1000

65
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introduced a new logit regression based model that uses
image analysis data to detect anemia. The simulation
results of the proposed model are significantly higher
than the published results. For a set of 1000 sample, our
results show an accuracy of 96.2% if we do not consider
38 samples on the borderline between anemic and not
anemic which is a grey area for all testing methods. Considering all samples, our model accuracy is 93.5%. In
addition to its high accuracy, the proposed model is easy
to implement and inexpensive. This model can be build
in hardware at a cheep cost.
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