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ABSTRACT 
 

The high level of manual work flow in the diagnostic procedure for Mycobacterium Tuberculous (TB) 

introduces varying degrees of subjectivity at different stages in the process. This affects the final accuracy and 
increases diagnosis time. This paper presents an automatic method of segmenting TB bacilli using cascade 
threshold filters. A multi layer artificial neural network (ANN) with scaled conjugate gradient descent 
algorithm was used to classify the presence or absence of TB bacilli in the processed images. Results of the 
ANN classifier gave a MSE of 0.025 and accuracy of 94.7%. These results suggest that the proposed procedure 
can help detect the presence or absence of TB bacilli in Ziehl-Neelsen (ZN)-stained sputum smear samples 
with high accuracy. 
 
Keywords: Mycobacterium Tuberculosis, sputum samples, Microscopy Images, Cascade adaptive thresh-

holding, Multi-Layer Neural Network Structure 

1. INTRODUCTION 
 
Tuberculosis (TB) is a contagious disease that can 

cause death at the height of its intensity or attack. 

It is an infectious disease caused by 

mycobacterium tuberculous bacilli which mostly 

attacks the respiratory system, especially the lungs. 

It is spread through air borne droplets created 

when persons with active TB cough, sneeze or 

otherwise expels it as contained in the World 

Health Organization (WHO) report. Although high 

cure rates have been documented the diagnosis of 

the disease still poses a major challenge (WHO, 

2015).  Despite being curable with inexpensive 

short term therapy, the disease records high death 

rate in the third world countries mostly due to 

malnutrition, poverty, HIV reduce resistance and 

illiteracy. Other contributing factors include: poor 

funding, poor accessibility in rural areas, non-

availability of skilled personnel, and cumbersome 

diagnosis procedures. In addition, the salient 

problem of subjectivity due to the high level of 

manual work flow greatly affects the accuracy of 

the diagnosis (Junioret al., 2010; Zhai et al., 2010; 

Stefanet al., 2014; Goyal et al., 2015). This by 

extension affects accuracy of its diagnosis and 

leads to late detection. An engineering solution to 

reduce or remove this subjectivity in thus required. 

In this paper an automated method for diagnosis of 

TB from sputum smear microscopy images using 

cascade threshold approach is presented. This will 

allow more sample screening, earlier detection, 

and more objective diagnosis. 

The paper is organized as follows: Section 2 

briefly reports related works carried out in the 

area. The proposed cascaded threshold method is 

presented in section 3. Results and discussion are 

reported in section 4. Finally, conclusions are 

drawn in section 5. 

2. LITERATURE REVIEW 

 
There exist many accepted TB diagnosing methods, but sputum smear examination of 
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conventional microscopy is the technique mostly 

used in the developing countries due to its low cost 

and eases of maintenance. There are many 

disadvantages for the manual method for detection 

of TB bacilli from microscopic images as it is a 

time consuming process, needs well trained or 

experienced clinicians, requires mental 

concentration and causes eye strain Saini et al. 
(2016). The above limitations can be eliminated by 

using automated or computerized method for the 

diagnoses of TB. 

Several studies on the use of image processing 

along with ANNs for automatic detection and 

diagnosis of TB have been presented by many 

researchers in the past. Early researches include 

works of (Veropolouset al., 1999). Their work is 

based on segmentation of the TB bacterium using 

gray images of the samples, shape descriptors were 

then extracted and passed to ANN for 

classification. The result of their work showed 

94% sensitivity of true positive against total 

positive. In another work, Wilkinson (1996) uses 

rapid multi resolution segmentation technique 

based on computing different thresholds for 

different areas of a monochromatic gray level 

image. El-Solhet al. (1999) presented a new 

method that diagnose and predict active pulmonary 

TB using Radiometric broth medium with 

auramine-rhodamine fluorescent stain to detect 

acid fast organisms on respiratory specimens. 

Mycobacterium Tuberculous isolates were 

confirmed with nucleic acid probes, gene-probes. 

Input patterns were gotten using 21 distinct 

parameters in 3 inputs vectors named demographs, 

constitutional symptoms, and radiographical 

findings respectively. The classifier used was the 

general regression multilayer neural network. The 

result showed the ANN had a performance index 

with mean square error of 0.009 and sensitivity of 

100%, specificity of 72%, and 92.3% diagnosis 

accuracy. In another work, Orhanet al. (2010) 

developed a diagnosis method for chest related 

diseases among which TB is one of them. They 

used multilayer neural network (MLNN), 

Probabilistic neural network, Learning vector 

quantization (LVQ)  neural network, Generalized 

regression (Bayesian) neural network, and Radial 

basis function neural network to diagnose the  

chest diseases. The classification accuracy of TB 

for the different neural networks used ranged 

between 84% - 90%. Siena et al. (2012) presented 

a color segmentation based method using 

decorrelation stretching, morphological and shape 

descriptors of eccentricity to isolate TB bacilli 

from images of Ziehl nelson (zn). Nine image 

samples were used to test the system, while 929 

TB bacilli shapes based on eccentricity and 

compactness were used to train the neural network. 

The performance index showed 88% accuracy. Er, 

et al., (2010) used thirty-eight shape features to 

train the networks and reported about 93.3% 

accuracy for their generalized regression neural 

network, and 95% accuracy for the multilayer 

neural network with two hidden layers trained with 

Levenberg Marquard algorithm. Hogeweget al. 
(2015) employed computer aided system that 

combined textural features with supervised 

classifier for the detection of tuberculosis on the 

chest radiograph (CXR) images. The combined TB 

score performed better than the individual sub-

scores and approaches performance of human 

observers with respect to the external and 

radiological reference.  

 
 

3. METHODOLOGY 
 

3.1. Data Acquisition  

The main procedure for ZN-stained microscopy 

image for TB diagnosis in this study is as shown in 

Figure 1.  

 

 

 

 

 

 
 

 

MATLAB programming software was used in 

developing the proposed architecture. The 

proposed method takes sputum smear samples as 

input and returns a TB positive or TB negative 

output result. 

The raw data used for the study were sputum 

samples of patients being investigated for 

Tuberculous infection of the lungs. The labeled 

stained sample slides were obtained from the TB 

Centre of Aminu Kano Teaching Hospital (AKTH) 
Kano. The image samples were captured at the 

Department of Pathology of same hospital. 

 

Figure 1: Block diagram of the proposed method 
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Verified and confirmed TB positive and negative 

color image samples were selected. Each sample 

was prepared as described in section 3.1.1. 

It should be noted that all the samples used for this 

work were earlier marked by human experts as 

positive or negative sample. Thus, the expert 

knowledge was used in validating the results. 

 

3.1.1. Sample Preparation and Microscopy Images: 

In the laboratory the sputum samples for TB bacilli 

detection are prepared based on the ZiehlNeelsen 

staining (also known as Acid Fast Bacilli (AFB)) 

technique. It is a technique that is applied in the 

medical test laboratory to stain the micro organism 

of interest with a particular standard color if 

present in a test sample, and is then viewed with a 

light microscope. It involves 0.01 ml of the sputum 

samples being smeared in an area of 200 mm
2
 on a 

typical slide and then being flooded with 

ZiehlNeelsenCarbolFuchsin reagent as the primary 

stain. Other laboratory processing is carried out till 

the slide is finally developedas recommended by 

(Elveren and Yumuşak, 2011) and also as 

highlighted in the factsheet of Centre for Disease 

Control and Prevention TB USA (2016). 

3.1.2. Sample Microscopy Images: The air dried 

sample slides were examined using a Zeiss 

Axiophoto photomicroscope with a high sensitive 

digital camera attached (Olympus U-TVO 63XG 

7E/1O89, Japan). Each sample is carefully and 

manually examine before being captured by the 

attached camera.  This gave images of size 1536 x 

2048 pixels which can be viewed on screen as well 

as being stored in a computer. Figure 2 shows a 

close up positive TB sample image, while Figure 3 

shows a close up image of a negative TB sample. 

 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Magnified microscopy image of ZN-stained sputum 

smear positive TB sample 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: Magnified microscopy image of ZN-stained sputum 

smear negative TB sample 

 

3.2 Input Data Pre-processing 

 

Image pre-processing involves a collection of 

techniques that are used to improve the visual 

appearance of an image, or to convert the image to 

a form which is better suited for human or machine 

interpretation. This is achieved by manipulation of 

image’s pixel brightness values to improve its 

visual impact. A good image pre-processing 

always guarantees a successful performance of the 

subsequent stages. In many practical applications 

the choice of what type of pre-processing to 

implement is one of the most significant factors in 

the development of the solution, or in determining 

the performance of the final system. Majority of 

neural network applications require that the 

original input variables be transformed by some 

form of pre-processing so that significant features 

related to the decision making process can be 

extracted and numerically expressed to fully 

represent the input sample. The pre-processing and 

if necessary the post- processing of outputs may 

consist of simple transformations determined by 

manual calculations or may involve some adaptive 

processes which are driven by the data Gupe 

(2007) and Gonzalez (2002). The nature of the raw 

input data for this work requires that a digital 

image processing procedure be carried out to 

obtain the numerical inputs that can be used to 

train artificial neural network. The image 

processing stage in the block diagram of Figure 1 

is implemented as shown in Figure 4. 
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Figure 4: Flowchart of image processing used in the study 

 

 

3.2.1. Image segmentation: Segmentation was 

accomplished via cascade adaptive thresh-holding 

based on the distribution of the intensity values of 

the image pixels. Thresh-holding is a fundamental 

approach to segmentation that enjoys a significant 

degree of popularity because of its intuitiveness 

and simplicity of implementation. In general, 

thresh-holding is a technique used to segment or 

separate objects from background or from each 

other based on the threshold values set to separate 

the modes Gonzalez (2002). According to 

ZiehlNeelsen method (Githuiet al., 1993) staining 

of sputum samples results in TB bacilli to stand out 

as pink, red or purple fine rod like structures, 

slightly curved, more or less granular objects of 

average length ranging (1-10) µm and average 

width ranging (0.2 – 0.6) µm standing singly or in 

clusters against a mainly white background with 

some other objects or debris (if present) that 

appears blue or light blue (Veropoulos, 2001). 

Thus, the procedure used for the diagnosis of the 

TB bacilli starts with image segmentation based on 

color information. 

3.2.2. Conversion of colored sample images 

(RGB) to grayscale: Images are converted to 

grayscale by the elimination of the hue and 
saturation information while retaining the 

luminance. The resultant grayscale image is a data 

matrix whose values represent intensities within 

some specified range (Mark et al., 2011). Most 

image processing operations start with the 

conversion of color image to grayscale as this 

simplifies further processing. The samples used for 

the study were obtained as RGB colored images. 

These were converted to grayscale before 

implementation of next step. 

 

3.2.3. Cascade adaptive thresh-holding: One of the 

challenges faced in segmenting ZN-stained images 

of TB samples is the variation of the TB bacilli 

color intensity across the microscopy images 

(photomicrographs). The TB bacilli may appear 

pinkish, purplish, or red all in one sample image or 

in different sample images. Another challenge is 

staining errors resulting from under staining, over 

staining which produce highly bluish and other 

colors in background due to improper reagent 

preparation, staining skills, and procedures. These 

make it difficult if not impossible to apply a global 

(fixed) threshold segmentation level across all 

samples.  

In order to reduce the effects of the 

aforementioned problems without losing the TB 

bacilli objects in the sample images, this study has 

proposed a multistage adaptive thresh-holding 

technique for image segmentation. It is basically 

consists of two stages as follows: 

 

i) First stage: The cascade adaptive threshold is 
developed based on computations from 
varying pixel values of the TB bacilli in 
different quality of sample images. A lower 
limit of 130 and upper limit of 170 was 
generated experimentally. The range was 
able to threshold the sample images 
adaptively separating almost completely all 
bacilli objects from background as well as 
some noise (non bacilli objects). The 
function of the first stage of the cascade 
adaptive thresh-holding is to separate all 
likely TB bacilli objects from the 
background. The range of pixel values used 
in this study is as shown in Table 2.  

Table 1: Ranges of pixel values of TB bacilli objects 

 

 

 

 

 

 

Minimum Maximum 

100 146 

130 171 

       140 175 

147 176 

160 180 
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ii) Second stage: The second stage of the 
adaptive thresh-holding uses a new set of 
thresh-hold range computed only after the 
first stage has been implemented which 
further segment TB bacilli objects from non 
bacilli objects. A range of less than or equal 
to 130 pixel value was found adequate.  

 

3.2.4. Median filtering: A median filter is a non-

linear filter that retains edges information and 

removes impulse noise such as salt and pepper 

noise MATLAB (R2011a). It is implemented using 

N x N window (where N is an odd number). The 

output of a median filter at any point is the median 

value of the input data within the window centered 

at the point under consideration. In this study, in 

order to remove salt and pepper noise, as well as 

reduce processing time for the next step, an N = 11 

median filter was found suitable for processing 

most of the sample images. 

 

3.2.5. Feature extraction: Blob-analysis is a 

function that returns the statistical properties of the 

detected or foreground object. It is used to 

compute and extract properties of connected 

regions in a binary image Gonzalez (2002). The 

input for Blob-analysis is a black and white (BW) 

image, as such the output from the previous step 

(median filter) was converted to BW before 

applying Blob-analysis to extract features that can 

be used to validate whether a segmented region is 

a region of interest that is, TB bacilli object, or 

persistent segmented noise that has remained due 

to staining errors such as over staining. In the 

manual procedure the clinician identifies TB 

bacilli in the microscopy mainly by its color, size, 

and shape. Identification by color was 

implemented by the color based segmentation of 

the previous stage Section 3.2.1, in this stage, 

blob-analysis is used to extract TB bacilli object 

features based on detected object’s size and shape. 

Visual inspection across samples indicated the 

average blob area of each sample image is about 

10 mm. As such 10 mm was set as the maximum 

number of blobs area to be considered from each 

sample image, which was subsequently cascaded 

to form a feature vector for each sample image 

(Zhai et al., 2010). The feature vectors of the 

variables used and their sizes are shown in Table 3. 
 

 
 

Table 2: Feature variable and vector size for sample images 

used 

 

 

 

 

 

 

 

 

 

 

 

 

The individual features were then concatenated to 

generate a 1 x 100 feature vector for each sample 

image considered. Thirty-eight sample images 

were used in this experiment; this gave a feature 

matrix of samples size 38 x 100 and a target matrix 

of size 38 x 1.    

 

3.3 Image Classification 

 

Classification of the microscopy images after pre-

processing was accomplished through the Multi-

Layer Neural Network (MLNN). It is the most 

preferred ANN architecture because of its 

capabilities in performing arbitrary classifications 

very well (MATLAB
®,

 R2011a). It is a fully 

connected feed-forward supervised neural 

network.  

3.3.1. Multi-Layer (ML) Neural Network 

Structure: The ML neural network used has an 

input layer with 100 inputs to handle 100 input 

feature vectors. It has one single hidden layer with 

30 neurons having tansigmoid activation function. 

The output layer also has one neuron with 

tansigmoid activation function. The choice of the 

number of input vectors and the output neurons 

was defined by the problem being solved. While 

the number of hidden layers, the number of 

neurons in the hidden layer was determined 

through experimentation. Figure 5 shows the 

structure of ML neural network used in the study. 

 

 

 

 

 

 

 

 
Figure 5: Architecture of the one layer ML neural network 

 

Feature variable Feature vector size (nxm) 

Area 1 x 10 

Bounding box 1 x 10 

Centroid 2 x 10 

Major-axis 4 x 10 

Minor- axis 1 x 10 

Perimeter 1 x 10 
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3.3.2 Data partitioning: For an ANN to give affair 

classification result the sample input data and 

targets need to be divided (partitioned) into a 

training set, validation set, and testing set. In this 

study, in order to achieve an optimal value of 

network performance after training, a partitioning 

of 75% for training, 10% for validation, and 15% 

for testing was used. This is to have the network 

exposed to more training samples, as larger 

training samples tend to enable the network 

generalize better on test data. The sets are    

 

i. Training set: This is the set of input data 

samples used to make the network learn 

by the computation of performance 

gradients and updates of weights and bias. 

ii. Validation set: This set of data is used to 

check for best weights and bias when the 

validation error turns to minimum in order 

to stop training based on the error profile. 

iii. Test set: This set consists of samples 

which are used to measure the network’s 

performance during and after training. 

They are used only to evaluate how well 

the ANN will perform on a new data, or 

during its future applications.  

 

 
 

4.0 RESULTS AND DISCUSSIONS 
 

4.1 Results of the Segmentation stage 

The raw data for the study are color images of 

microscopy of sputum samples from patients being 

investigated for TB infection of the lungs. The 

images were pre-processed based on a cascade 

adaptive thresh-holding image segmentation 

technique and feature extraction.  The results from 

the implementation of image processing stage of 

the study are shown in Figures 6 to 8. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
       Figure 6: Validated negative TB test sample image. 

 

 

Figure (6a) is the RGB image of the test sample. 

Figure (6b) shows the same image after applying 

cascaded adaptive thresholding. Here the image 

show small white specks (salt and pepper noise). 

While Figure (6c) shows same image after median 
filtering, the image is now completely blank as the 

salt and pepper noise which were not TB bacilli 

objects have been filtered out. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7: Validated positive TB test sample. 

Figure (7a) is the RGB image of the test sample. 

Figure (7b) shows the same image after applying 

cascaded adaptive thresholding. Here the image 

shows white patches of TB bacilli objects, as well 

as small specks (salt and pepper noise). Figure (7c) 

shows same image after median filtering. The  

white patches of TB objects are retained while the 

salt and pepper noise which were not TB bacilli  

objects have been filtered out. Figure 8is another 

validated positive TB test sample showing 

presence of TB bacilli white patches after image 

processing.  
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Figure 8: Validated positive TB. 

 

4.4.2  Results of Feature Extraction: Results from 

feature extraction stage showed the blob-analysis 

used gave numerical values of feature variables 

considered to be bacilli objects. These features 

were then cascaded to give 38 x 100 feature matrix 

used in training the ANN. A section of the 

extracted feature variables is shown in Table 4.  

 

Table 4.  A section of extracted feature variables of 

sample 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

4.3. Results from Developed Artificial Neural 

Network (ANN) 

The pre-processed input gave a matrix of size 38 x 

100 for 38 sample images which based on the data 

partitioning were used for training, validation and 

testing the ANN. Results obtained are presented as 

follows. 

4.3.1 Mean square error: Mean Square Error 

(MSE) value is among the parameters used in 

evaluating the final performance of an ANN. It 

measures the average squared differences between 
the outputs and targets. An ideal situation is to 

have zero differences. However in practice a very 

small amount of error is tolerated. A MSE of 

0.0250 was obtained in this work. 

 

4.3.2. Receiver operating characteristics (ROC) 

plot: A measure of how well the artificial neural 

network classifies data can be obtained through 

evaluation of its receiver operating characteristics 

plots. ROCs are mostly used to evaluate the 

performance of artificial neural networks used for 

classification purposes in medical diagnosis. They 

measure the degree of accuracy of correct 

classifications based on the consideration of the 

area under the curve. The plot is that of true 

positive classifications (sensitivity) against false 

positive classifications (specificity) where 

 

 

Sensitivity =
𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆𝒔𝒄𝒐𝒓𝒓𝒆𝒄𝒕𝒍𝒚𝒄𝒍𝒂𝒔𝒔𝒊𝒇𝒊𝒆𝒅

𝑻𝒐𝒕𝒂𝒍𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆𝒔
 … (1) 

 

and 

 

Specificity = 
𝑵𝒆𝒈𝒂𝒕𝒊𝒗𝒆𝒔𝒄𝒐𝒓𝒓𝒆𝒄𝒕𝒍𝒚𝒄𝒍𝒂𝒔𝒔𝒊𝒇𝒊𝒆𝒅

𝑻𝒐𝒕𝒂𝒍𝑵𝒆𝒈𝒂𝒕𝒊𝒗𝒆𝒔
 … (2) 

 

Note that for a given output threshold. The area 

under the curve is a powerful index for measuring 

true classification performance merit; its increase 

towards the top left corner gives a large area under 

the curve and a very small or zero area above the 

curve indicating a small or zero error rates. This 

translates to mean sensitivity is almost 100% and 

specificity is also almost 0%. Figure 9 shows the 

ROC curve of testing for the ANN classifier. It 

gave 0.045 area above the curve and 0.955 area 

under the curve. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9:  Receiver operating characteristics plot. 

 

 

 

 

 



   ISSN: 2449 - 0539 
BAYERO JOURNAL OF ENGINEERING AND TECHNOLOGY (BJET) VOL.12 NO.2, AUGUST, 2017 

 

59 
 

4.3.3 Confusion plot: A confusion plot is used to 

measure how well the ANN has classified the input 

data. It shows the percentage of correct and 

incorrect classifications with colored squares 

plotted across all the sample sets. Correct 

classification percentage are given in green squares 

of the matrices diagonal. Incorrect classifications 

are given in red squares. The total or overall 

classification of correct and incorrect is given in 

the blue square. If the ANN has learned to classify 

properly the percentage in the red square will show 

very small values indicating few misclassifications 

instances. The confusion plot of the developed 

ANN gave an overall correct classification of 

94.7% with 5.3% incorrect classifications. Figure 

10 shows the plot. 

 

 

 

 

 

 

 

4.4. Discussion of Results 

 

4.4.1 Segmentation: In the manual procedure, the 

first thing the clinician does is identify the 

presence of TB bacilli in a sample based on color 

information. This fundamental function is 

implemented by segmentation based on color 

information used in the study method. The images 

presented in Figures 6 after segmentation are black 

blanks the due to the absence of pixel values that 

fall within TB bacilli detecting pixel values used. 

While Figures 7 and 8 show white patches of 

mostly TB bacilli objects detected. The results 

obtained after implementing the segmentation 

procedure show that the method is rugged enough 

to absorb some of the problems that affect the 

quality of images during the ZN- staining stages.  

A fixed threshold value cannot be adequately used 

to process the sample images, while the proposed 

cascade adaptive thresh-holding method applied 

produced stable results across all samples. This 

stability plays a fundamental stage in the diagnosis 

procedure. 

 

 

 

Figure 10: ANN Confusion Plot 

5.0 CONCLUSION 
 

The study is concerned with the diagnosis of TB in 

lungs infected by mycobacterium through 

application of artificial neural network using image 

processing techniques. The aim is to show the 

capability image processing technique plus 

artificial neural network in diagnosing and 

detection TB cases objectively and quickly. This 

will ensure early TB detection, which in turn 

results in early medication thus a serious reduction 

of infection. Results from segmentation stage show 

that the technique can be used to isolate 

tuberculous mycobacterium in the positive images 

of sputum samples after staining. The performance 

of the system gave an mse value of 0.0250 and 

correct classification accuracy of 94.7% which 

means the ANN can classify i.e. diagnose positive 

or negative ZN-stained sputum smear test samples 

for TB very quickly with a high degree of 

accuracy. The proposed TB diagnostic method is 

simple and can be implemented easily. 
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