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Abstract 
We describe the development of an 
autofocusing algorithm for a smart microscope 
currently under development in the UCT/MRC 
Medical Imaging Research Unit. Different 
focusing techniques are explored with 
emphasis on passive focusing. Three different 
focus measures (namely Energy of the image 
Laplacian, Variance of the log-histogram and 
First order Gaussian derivative) are tested on 
three different sets of slide sequences. The 
Energy of the Image Laplacian performs best 
in this application. A combination of search 
methods is then applied in conjunction with the 
focus measure in order to find the focus point.  
 

1 Introduction 
The WHO has declared that Tuberculosis (TB) 
is a global emergency. With the common 
combination of TB and AIDS in sub-Saharan 
Africa, the number of people dying from TB 
has increased enormously. Currently the health 
services are overwhelmed with the number of 
people suffering from TB. This leads to 
problems such as a high mortality rate during 
treatment, a low TB cure rate, high rates of re-
infection and high rates of drug resistance. The 
diagnosis of TB is also compromised due to lab 
technicians being overworked; thus there is an 
over-diagnosis of sputum smear-negative TB 
and under-diagnosis of sputum smear-positive 
TB (WHO, 1996). 
 
A smart microscope is under development in 
the MRC/UCT Medical Imaging Research Unit 
that would considerably aid the fast detection 
and tracking of TB. The microscope will 
automatically detect the presence of TB bacilli 
in sputum smears. The microscope will consist 
of a digital camera, motorised stages, and a 

processor that will contain the algorithms for 
autofocusing the microscope and for 
automatically identifying TB bacteria on the 
Ziehl-Neelsen stained slides. Representative 
images of the slides will be stored for human 
review.  
 
The smart microscope would contribute to 
superior TB control in the following ways: 

• It would form the basis for a low-cost 
microscope substitute for use in any 
TB screening laboratory with access to 
electricity. 

• It will allow a greater number of slides 
to be screened, thus increasing the 
screening efficiency and reducing the 
demands on laboratory staff. 

• Reduced human involvement in the 
screening process will mean that less 
technically experienced staff could 
perform TB screening. 

• Reduced human involvement could 
reduce the risk of laboratory staff 
contracting TB. 

• It will be able to scan a greater number 
of fields with higher diagnostic 
accuracy.  

 

 
Figure 1: The current microscope 



Identification of TB is routinely done by 
analysing sputum smears with a microscope. 
However, manual screening for the bacilli is 
labour intensive and there is a high false 
negative rate (Forero et al., 2004).  
 
Both Forero et al. (2004) and Veropoulos et al. 
(1998) developed bacilli-detection techniques 
that automatically detect TB bacilli in sputum 
samples stained with fluoroscope auramine. 
This automated screening has many 
advantages, such as decreased workload for 
clinicians and improved sensitivity and 
accuracy in diagnosis due to the increased 
number of images the computer can scan. 
However, the fluorescence microscope used to 
analyse the auramine stained smears in this 
technique is prohibitively expensive, and thus 
not suited for low-income countries. Currently 
no studies have been conducted on the 
automatic detection of TB bacilli in sputum 
using Ziehl-Neelsen (ZN) stains. ZN stained 
sputum analysis is done on a light microscope, 
which is far more accessible to low-income 
countries. 
 
Automated detection of TB bacilli in ZN-
stained sputum smears requires automated 
focusing of the microscope as a preliminary 
step. This paper describes such an autofocusing 
algorithm. 

2 Focusing 
 
In general there are two ways to approach 
autofocusing; the first uses knowledge of the 
image formation process to find the degree of 
defocus in the images, this is known as active 
autofocusing (Nicolls, 1995). The second 
involves using a predefined focus measure, 
which is then searched to find the optimal focus 
position; this is known as passive autofocusing.  
 

2.1 Active Autofocusing 

This method involves analysing the captured 
images and then relating them back to the 
system’s parameters. Knowledge of the precise 
way in which the imaging system affects the 
image is required to be known in order to relate 
information from the blurred image to a system 
parameter. The amount of defocus of an object 
in an image is often used to obtain the distance 

to the object. This depth-from-defocus can be 
used for autofocusing. By knowing the distance 
to the object the focal length can be corrected 
to bring the object into focus. A requirement of 
this method is a means of translating the 
amount of blur into the required variable 
(normally the distance-to-object). There are 
two approaches to this translation: the use of 
look-up-tables or the use of models (Nicolls, 
1995). 
 
The advantage of active focusing is that the 
entire search process associated with passive 
focusing is avoided. However the system must 
be calibrated before the distance to the object 
and thus the focal length can be found (Nicolls, 
1995). According to Subbarao and Tyan (1998) 
depth-from-defocus autofocusing methods are 
less accurate than search based methods. 

2.2 Passive Autofocusing 

2.2.1 The Focus Measure 

The focus measure is an indication of how in-
focus an image is. It can be generally obtained 
from the image in the following manner: first 
the image is normalised for brightness, it is 
then convolved with the focus measure filter 
(FMF) and then the energy in the filtered image 
is computed. This energy is the focus measure. 
Blurring an image is equivalent to passing it 
through a low pass filter (high frequency 
attenuation), thus most FMFs correspond to 
filters that emphasise high frequencies 
(Subbarao and Tyan, 1998). Different authors 
have proposed a number of different focus 
measures.  
 
Focus measures can be grouped into five 
different classes depending on the information 
they use from the image (Santos et al. 1997). 
These are gradient, peaks/valleys, variance, 
histogram and correlation. Kautsky et al. 
(2002) laid out some basic requirements that 
any focus measure should meet: it should be 
content independent (should not be based on 
any particularly bright structures in the image); 
it should be monotonic with respect to blur (the 
more blurred the image, the less the focus 
measure should be); and the measure should be 
robust to noise. Geusebroek et al. (2000) give 
the following criteria for good focusing: 
accuracy, reproducibility, general applicability 
and insensitivity to other parameters. 



 
Although autofocusing is a long standing topic 
in literature, there is no generally applicable 
solution. Methods are often designed for one 
kind of imaging mode (Geusebroek et al. 
2000). Forero et al. (2004) when designing 
their automatic TB detection algorithms 
considered four standard and one novel focus 
measure before designing their own. They 
found that none of the standard measures 
provided meaningful results when applied to 
their data, as the contribution of the TB bacteria 
to the total image was so small. Thus they 
found that the novel approach, the variance of 
the log-histogram, provided the best focus 
measure.  
 
The only generally applicable solution for 
microscopy is given by Geusebroek et al. 
(2000) and they propose the use of a first-order 
Gaussian derivative to measure the focus score. 
They tested their autofocus algorithm on a 
number of different applications. To evaluate 
the performance of the autofocusing algorithm 
unfocused, arbitrarily selected fields were 
visited and manually focused by two 
independent experienced observers. The focus 
positions were recorded for both observers and 
were then compared to the focus position found 
by the algorithm. The results showed a 98% to 
100% success rate for bright light microscopy 
applications, a greater than 99% success rate 
for fluorescent microscopy applications and a 
100% success rate for phase-contrast 
microscopy applications. 
 

2.2.2 Finding the position of Optimal 
Focus 

In real-time autofocusing applications, the 
bottle-neck is not caused by the computational 
time but rather from the time taken for the 
mechanical motion of the lens from one 
position to another (Subbarao and Tyan, 1998). 
Once the focus measure has been found the 
next step is to move the lens to the position of 
the optimal focus measure, thus ensuring that 
the system is in the correct focused position. A 
large number of different techniques can be 
used.  
 
The most obvious method is global searching. 
In this technique the peak position is found by 
scanning though all of the lens positions in a 
forward manner.  Thus there is no chance of 

falsely obtaining a local maximum. However 
this method is very slow and is only effective if 
the focus range is narrow (Kehtarnavaz and Oh, 
2003). 
 
The most computationally effective search 
algorithm is the Binary or Fibonacci search, 
which uses a ‘divide-and-conquer’ approach. 
However, as this method passes the optimal 
focus position every time, the mechanical 
motion is extensive and thus causes this 
method to be very time consuming (Svahn, 
1996). 
 
The ‘difference of signs’ approach computes 
the gradient of the function to be maximised 
and then moves in the negative direction. This 
involves computing the focus measure for one 
lens position, moving to another position and 
calculating the focus measure. The difference 
of the two focus measures is then obtained and 
if it is negative, the lens has moved in the 
wrong direction. Although this method is very 
simple to implement it can only be used for 
unimodal functions (Svahn, 1996). 
 
Focus measure functions tend to take the form 
of a Gaussian bell. Thus a function can be fitted 
to the collected data points and the maximum 
found. This maximum should correspond to the 
maximum of the focus measure (Svahn, 1996). 
 
Subbarao and Tyan (1998) propose an 
algorithm that combines a difference-of-signs, 
a coarse binary or Fibonacci search and 
interpolation to minimise the lens motion. 
Initially a difference-of-signs is taken to 
indicate what direction the lens should be 
moving in. A coarse search is then performed 
in this direction to narrow the search interval. 
The focus measure is then taken at three 
different points in this interval and a Gaussian 
is fitted to these points. The maximum of the 
Gaussian is taken to be the maximum focus 
measure.  
 

2.3 Slide Quality 

Passive autofocusing algorithms will fail to 
correctly focus a slide if there is a shortage of 
content in the field to be imaged. When the 
maximum focus measure found is not 
significantly larger than the measures at the end 
of the focus interval then the focus position 



must be rejected. The microscope should then 
attempt to focus a neighbouring field 
(Geusebroek et al., 2000). If a predetermined 
number of fields do not contain enough content 
the slide should be rejected and flagged for 
human inspection.  
 

3 Implementation 
A passive autofocus algorithm can be divided 
into two main components: 
 

1. The Focus Measure 
2. The Search Algorithm 
 

Before the focus measure can be found the 
image of the slide must be acquired. This was 
done by using a Lumenera digital camera. The 
camera was controlled by a laptop computer 
and images were downloaded from the camera 
to the laptop. The images were then imported 
into the MATLAB version 6.5 programming 
environment. Each image was then converted 
from a colour RGB image to a greyscale image 
and then its brightness was normalised by 
dividing the image by the mean of the image 
brightness. Once this was complete the focus 
measure of the image could be found. 
 

3.1 The Focus Measure 

The focus measure can be found in many 
different ways. However according to Subbarao 
and Tyan (1998) the number of candidate focus 
measures that should be considered for good 
performance is limited. Thus the focus 
measures that were considered are: 
 

1. Energy of the image Laplacian 
(Subbarao and Tyan, 1998). This can 
be found by applying the following 
equation to the image: 

 
 
 

 
 
Where g(i,j) is the image’s grey level 
function at pixel (i,j) 

 
2. Variance of the log-histogram 

(Forero et al., 2004). The equation to  
 

find the variance of the log-histogram 
is as follows: 
 
 
 
Where pl is the probability of intensity 
level l in the image and where  

  
 

 
 

is the expected value of the log-
histogram.  
 
As these equations were designed for 
use in fluorescence microscopy the 
bacteria would show up bright against 
a dark background. The reverse occurs 
in light microscopy, the bacteria are 
dark against a light background. Thus 
in order to apply the variance of the 
log-histogram equations to a light 
microscopy image, the inverse of the 
image must be used instead of the 
original image. 

 
3. First order Gaussian derivative 

(Geusebroek et al., 2000). This 
involves the convolution of each pixel 
in the image with the derivative of a 
Gaussian smoothing function at that 
point. The equation is: 

 
 
 
 
 
 

where f(x,y) is the image’s grey value 
at pixel (x,y) and Gx(x,y,σ) and 
Gy(x,y,σ) are the first order Gaussian 
derivatives in the x and y directions 
respectively, at a scale of σ (the 
standard deviation).  

 
σ must be chosen such that noise in the 
image is maximally suppressed while 
the response to details of interest in the 
image is preserved. For bar-like 
structures such as TB bacilli an 
approximate value for σ can be found 
as follows: 

 
 

ML = Σ ( g(i-1,j) + g(i+1,j) + g(i,j-1)  

+ g(i,j+1) – 4g(i,j))2  
  

i, j

Mlog = Σ (l – Elog{l})2 log(pl) 
l

Elog{l} = Σ l log(pl) 
l

F(σ) =   Σ  [f(x,y) * Gx(x,y,σ)]2  

         +[f(x,y) * Gy(x,y,σ)]2  
x,y

  1 
 
NM 

σ ≈ (d/2 )√3 



where d is the thickness of the bar 
(which is 4µ for TB bacilli). 
 

Each of the above focus measures was tested 
on a number of slides that had varying amounts 
of image density. These slides were obtained 
from the Tuberculosis Laboratory at the 
National Health Laboratory Service in 
Greenpoint, Cape Town.  
 
In Table 1 plots of focus measure versus image 
number for three different slides are shown. To 
generate each plot the following procedure took 
place: 

1. A number of images of each slide were 
obtained ranging from out-of-focus to 
in-focus to out-of-focus again. 

2. The focus measure of each image was 
found. 

3. The focus measure was then plotted 
against the image number. 

 
The procedure of calculating the focus measure 
for all the images was timed, as calculation 
time is an important factor in choosing the best 
focus measure.  
 
In figure 2 an example of a focus measure plot 
is shown. The image with image number x 
would be the image that is in focus as it has the 
highest focus measure.  
 

Figure 2 An example of a focus measure plot. 
 

3.2 The Search Algorithm 

Subbarao and Tyan (1998) recommend a 
combination of search algorithms. First the 
difference-of-signs method is used to move the 
lens in the correct direction. A sequential 
search is then initiated by moving the lens in 

small steps until the focus measure decreases 
for the first time. Then a binary search is begun 
in the interval containing the last three lens 
positions until the search interval has been 
narrowed to a certain size. A quadratic or 
Gaussian is then fitted to three or more points 
until the maximum focus measure is found. 
This algorithm was designed to minimise the 
lens movement. 
 
This method was applied to the same set of 
slides as shown in Table 1. The search worked 
well except for the fact that a binary search 
could not be implemented. This is due to the 
fact that the system cannot tell where in the 
focus measure curve it is. It has no way of 
knowing whether the correct in-focus position 
is in front of it or behind it. Thus no binary 
search could be implemented as in a binary 
search the data that is being searched is in order 
and the exact position of the required data is 
known. 
 
As no binary search was implemented a 
sequential search with smaller intervals was 
used in the interval outlined by the sequential 
search with larger intervals. A quadratic curve 
was then fitted to three points within the final 
interval and the turning point found. This 
turning point gives the position of the 
maximum focus measure. 
 

4 Results 

4.1 The Focus Measure 

Table 1 shows the “in-focus” slide in each of 
three series of approximately 30 slides. Below 
each slide are the corresponding focus measure 
plots calculated using the three different focus 
measures being investigated. In terms of shape 
(smoothness and monotonicity) the First Order 
Gaussian derivative focus measure plots are the 
best; however the amount of time it took for the 
focus measures to be calculated is far too long 
for this focus measure to be feasible. The 
Energy of the Image Laplacian focus measure 
also has a good shape, however it less smooth 
than the First Order Gaussian derivative. But 
the Energy of the Image Laplacian takes 
significantly less computing time than the First 
Order Gaussian derivative, thus making it a 
much more sensible choice. The Variance of 
the log-Histogram plots have a very poor shape 
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and are not unimodal.  Thus the focus measure 
to which the search algorithm was applied, was 
the Energy of the Image Laplacian. 
 

4.2 Comparison with a Human 
Observer 

Whether a slide is in focus or not is a subjective 
issue. Geusebroek et al. (2000) compared their 
autofocusing algorithm against two 
experienced microscope observers. The 
maximum error between the two observers was 
1.27µm and the autofocus versus observers was 
1.12µm. Thus they concluded that their 
autofocus performance was comparable to 
experienced observers. 
 
The autofocusing algorithm has produced good 
results on 5 test images, with the maximum 
difference between the focal point chosen by 
the algorithm and that chosen by one of the 
authors (MJR) being 5µm or 0.005mm. The 
differences between the focal point chosen by 
the algorithm and that chosen by the human 
observer are shown in figure 3. The slide 
numbers refer to the following slide sequences: 
 

• Slide 1: The high content slide 
• Slide 2: The medium content slide 
• Slide 3: The low content slide 
• Slide 4: A test slide 
• Slide 5: A blood smear slide 
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Figure 3 

 
Figures 4 and 5 show focused images obtained 
by the human observer and the automated 
algorithm, respectively. It is very difficult to 
decide, by visual inspection, which image is 
most in focus. 

 
The algorithm developed by Geusebroek et al. 
(2000) took between 1.5s and 2.8s to focus the 
microscope. This is in the same time range as 
experienced microscope observers. This is a 
considerably shorter time than that taken by the 
current autofocus algorithm, which takes up to 
35s to focus. 
 

 
Figure 4 The test slide image the human observer 
chose as being most in focus 

 

 
Figure 5 The test slide image the autofocus 
algorithm chose as being most in focus 

 

5 Conclusion 
 
An autofocusing algorithm has been developed 
for the smart microscope. Preliminary testing 
has shown the algorithm to be successful in its 
task, although the time taken to autofocus the 
microscope is lengthy compared to what has 
been reported by other researchers. Further 
work will attempt to reduce the focusing time. 
 



Acknowledgment 
 
We thank Dr Genevieve Learmonth for sharing 
her expertise in sputum smear microscopy 

References 
 
Forero M, Sroubek F, Cristobal G, ‘Identification of 
tuberculosis bacteria based on shape and color’, Real-
Time imaging, 2004, 10, pages 251-262 
 
Geusebroek J, Cornelissen F, Smeulders A, Geerts H, 
‘Robust focusing in Microscopy’, Cytometry, 2000, 39, 
pages 1-9 
 
Kautsky J, Flusser J, Zitova B, Simberova S, ‘A new 
wavelet-based measure of image focus’, Pattern 
Recognition Letters, 2002, 23, pages 1785-1794 
 
Kehtarnavaz N, Oh H.-J. ‘Development and real-time 
application of a rule-based auto-focus algorithm’, Real-
Time imaging, 2003, 9, pages 197-203 
 
Nicolls F. ‘The Development of a Predictive Autofocus 
Algorithm using a General Image Formation Model’, 
MSc(Eng) Thesis, University of Cape Town, 1995 

 
Santos A, Ortiz de Solorzano C, de la Pena J, Vaquero J, 
Malpica N, del Pozo F. ‘Evaluation of autofocus functions 
in molecular cytogenetic analysis’, Journal of 
Microscopy, 1997, 188, pages 264-72 
 
Subbarao M, Tyan J.-K. ‘Selecting the Optimal Focus 
Measure for Autofocusing and Depth-from-Focus’, IEEE 
Transactions on Pattern Analysis and Machine 
Intelligence, 1998, 20, no. 8, pages 864-870 
 
Svahn F. ‘Tools and Methods to Obtain a Passive 
Autofocus System’, Masters Thesis, Tekniska Högskolan 
Linköping, 1996, pages 9-34 
 
Veropoulos K, Campbell C, Learmonth G, Knight B, 
Simpson J, ‘The Automated Identification of Tubercle 
Bacilli using Image Processing and Neural Computing 
Techniques’, Proceedings of the 8th International 
Conference on Artificial Neural Networks, 1998,  2, pages 
797-802 
 
WHO (World Health Organization), ‘TB and HIV 
Clinical Manual’, 1996 
 
 



 
Table 1 Showing the different focus measures obtained from slides with different densities and the 
time it took for each focus measure plot to be calculated 

 Slide 1 Slide 2 Slide 3 

Focused 
Image 

 
High Density 

 
Medium Density 

 
Low Density 

Energy of 
the image 
Laplacian 

   
Time Taken 

(s) 
25.0560 

 
21.8510 

 
25.5160 

 

Variance 
of the log-
Histogram 

   
Time Taken 

(s) 
26.5380 21.1810 23.2240 

First-
Order 

Gaussian 
Derivative 

   
Time Taken 

(s) 
3729.7 3296.7 3866.3 

 
 
 
 


