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Abstract—Detection of messenger Ribonucleic Acid (mRNA)
spots in fluorescence microscopy images is of great importance
for biologists to better understand cell function. Fluorescence microscopy and specific staining methods make biological molecules
appear as bright spots in image data. Manual analysis of such
data is both time consuming and laborious and can lead to errors.
In this study we compare several computer-based methods for
detection of spots in fluorescence microscopy images. The algorithms under comparison are, Isotropic Undecimated Wavelet
Transform, Feature Point Detection, H-Dome transformation and
Laplacian of Gaussian. The performance of the algorithms is
validated using synthetic and real image data. The synthetic
images were corrupted by Gaussian noise of different levels and
the real images were obtained using fluorescence microscopy.
Algorithm performance is compared based on detection accuracy.

I. I NTRODUCTION
In recent years, advances in molecular and cell biology have
triggered the development of a highly sophisticated imaging
tool known as fluorescence microscopy [1]. Fluorescence
microscopy is used to visualize and study intracellular
processes. This is accomplished using a specific staining
method to make the biological molecules appear as bright
particles (spots) when viewed through a microscope, as
shown in Figure 1. These bright particles are local intensity
maxima whose intensity level is significantly different from
their neighbourhood.
Spot detection is a fundamental step for biologists to better
understand intracellular processes. The goal of spot detection
is to obtain information about the location and properties of
the features (spots). However, quantitative analysis of these
spots is often still reliant on manual evaluation which is a
tedious process involving many hours of human inspection,
and is impractical for use on large data sets. Therefore it
is useful to use computer based-algorithms to automate this
process. Hence, there is a great demand for the automation of
spot detection methods and it is attracting increased research
attention.
Over the past years, a number of computer based detection

Fig. 1.

Sample image obtained using fluorescence microscopy.

methods have been proposed to address the task of manual
analysis. These methods are based on gray-scale opening of
top-hat filter [2] and adaptive thresholding [3]. These methods
do not give satisfactory results with biological images for
two main reasons: first, biological images have low signal to
noise ratios (SNRs) and second, the image may present an
uneven background [4]. Recent methods are based on wavelet
transform techniques such as isotropic undecimated transform
[4], improved wavelet transform [5] and multiscale variance
stabilizing transform [6].
In this work we compare the performance of several detection
methods used to detect bright particles in fluorescence
microscopy images, using both synthetic images and real
images. The methods under comparison are Isotropic
Undecimated Wavelet Transform (IUWT) [4], Feature
Point Detection (FPD) [7], H-Dome transformation [8] and
Laplacian of Gaussian (LoG) [9]. The first three methods
have performed well in previous studies [10, 11], however

no comparison was done with LoG, though it has been
used successfully in microscope image analysis [9]. Our
comparison takes into account various conditions of spots eg.
different intensity and radius of spots as well as noise and
non-uniform background intensity.
The layout of the paper is as follows: Section II discusses the
related work and section III describes the various algorithms
used in the experiments. Section IV presents the performance
measures and in section V experiments are discussed. Section
VI discusses the experimental results, and finally, the conclusions are given in section VII.
II. R ELATED W ORK
A lot of research effort on spot detection methods has been
performed during the last few years. Recent work can be
found in [10, 11]. This can be divided into two groups of
detection methods, supervised and unsupervised detection
methods. Supervised methods require learning as the first
step while unsupervised methods do not require learning. In
our study we considered four unsupervised detection methods.
Smal et al. (2010) [10] recently performed a quantitative
comparison of various spot detection methods used in
fluorescence microscopy imaging. The methods under
comparison consisted of seven unsupervised and two
supervised methods. The experiments were conducted on
synthetic data of three different types, for which the ground
truth was available. The experiments were also conducted on
real image data obtained from two different biological studies.
The results suggested that at a very high noise the supervised
methods perform best overall. A similar study was conducted
in [11] consisting of eleven spot detection algorithms from
various application fields and tests were performed using
both synthetic and real images. Their studies found major
differences in the performance of different algorithms, in
terms of both object counts and segmentation accuracies.
Olivo-Marin (2002) [4] introduced a method for detecting
spots in 2D fluorescence microscopy images which was
further modified to deal with 3D images in [12]. The method
is based on the multiscale product of subband images resulting
from the a trous wavelet transform [13] of the original image
and can extract information such as the number and position
of spots in an image. The algorithm showed good detection;
however, failed to detect spots when SNR was low and when
spots were far from the focal point.
In addition, [14] introduced a technique for detecting spots in
fluorescence microscopy images. The method is based on Tophat transformation by Rotational Morphological Processing
(RMP) and a structuring element (SE). The method was
reported to perform better than the H-dome transformation
and top-hat filter.
III. S POT D ETECTION M ETHODS
The following are detection methods considered in our study.

A. Feature Point Detection (FPD)
The method of feature point detection was proposed in [15]
and used for the detection and tracking of particles in cell
images in [7].
The algorithm consists of four steps:
1) Image restoration: this step corrects imperfections in the
image using a box-car average estimation and simultaneously enhances spot-like structures by convolving with
a Gaussian kernel. The convolution kernel is given by:
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where K0w and B are normalization factors, λn defines
the kernel width and w is a user-tunable constant, thus
the final image after restoration is given by:
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where(x, y) and (i, j) are pixel coordinates in the image
and kernel, respectively.
2) Estimating the particle location: this is done by locating
local intensity maxima in the filtered image, If (x, y). A
local maximum is considered to be a spot if it has the
highest intensity within a local window and the intensity
is in the rth highest percentile.
3) Refining the particle location: this step reduces the standard deviation of the position measurement. It is based
on the assumption that the local intensity maximum of
point P at (x̂p , ŷp ) is near the geometric center (xp , yp )
of the spot. The offset is approximated by the distance
to the gray-level cetroid in the filtered image, If (x, y):
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Factor m0 (p), is the sum of all pixel values over feature
point P given as:
mo (p) =

X

If (x̂p + i, ŷp + j).

(3)
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Then the refined location estimate is determined as:
(x̃p , ỹp ) = (x̂p + εx (p), ŷp + εy (p)).

(4)

4) Non-particle discrimination: this step rejects false identifications from sources such as auto fluorescence and
dust. This step is based on the intensity moments of
order 0 and 2, and identifies true particles as those within
a cluster in the m0 , m2 plane. A detailed description of
the discrimination step can be found in [7].

B. H-Dome Transformation

D. Laplacian of Gaussian

The method of H-dome transformation was proposed in [8].
The method is based on the mathematical morphology:

The method of Laplacian of Gaussian (LoG) was proposed
in [9] for the detection and counting of mRNA spots. This
methods counts the number of bright particles (spots) in
images. The algorithm is based on the second order partial
derivative of the Gaussian kernel:
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Hdome(I(x, y)) = I(x, y) − ρI (I(x, y) − h),

(5)

where (I(x, y)−h) denotes the result of subtracting a constant,
h, from a gray-scale image I(x, y), and ρI (I(x, y) − h) is the
morphological reconstruction of the gray-scale image, I(x, y)
from (I(x, y)−h). The gray-level reconstruction is obtained by
geodesic dilation of (I(x, y) − h) under I(x, y). The H-Dome
transform enhances local intensity maxima. In our experiments
we used the Matlab function, imhmax as the implementation
of the H-Dome method.
C. Isotropic Undecimated Wavelet Transform (IUWT)
The method of IUWT was proposed in [4] for the detection of
of spots in biological images. The algorithm is based on the
assumption that spots will be present at each scale of wavelet
decomposition and thus will appear in the multiscale product.
The algorithm starts by convolving the image I(x, y) row by
row and column by column with a symmetric low pass filter
h = [1, 4, 6, 4, 1]/16 , resulting in a smoothed image Ii (x, y).
This process is repeated for J scale levels, augmenting the
filter with 2i−1 − 1 zeros between taps in each case. The
corresponding wavelet coefficients, Wi (x, y), are given as:
Wi (x, y) = Ii−1 (x, y) − Ii (x, y), 0 < i ≤ J.

(6)

Then, a hard thresholding is applied to reduce the effect of
noisy wavelet coefficients with ti = kσi , where σi is the
standard deviation of the noisy wavelet coefficients at scale
i and k = 3.

thard (Wi , ti ) =
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(7)

0,

Wi (x, y) < ti

(8)

Thus, after hard thresholding, a multiscale product of each
wavelet coefficient is computed to get a correlation image,
PJ (x, y),

PJ (x, y) =

J
Y

Wi (x, y).

(9)
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All the values in the correlation image are compared to
predetermined detection level, ld , to discriminate between
particle and background, and get a binary image of particles.
A spot is accepted only at positions where the correlation is
above ld ,

PJ (x, y) =

255,

|PJ (x, y)| ≥ ld .

(10)

0,
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where (x, y) are pixel locations.
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This algorithm reduces pixel noise, and enhances spots in
image, I(x, y), by convolving with a LoG filter. Then the
method proceeds to find spots using connected components
with a user-selected threshold.
IV. P ERFORMANCE MEASURE
In order to test the performance of the four methods, we use
two common measures: True Positive Ratio (TPR) and False
Positive Ratio (FPR), as used in [10],
TPR =

NT P
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(14)
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Because the number of true negatives (TN) is not known, the
modified F P R is given as,
F P R∗ =

NF P
,
NT P + NF N

(16)

where NT P is the number of true positives, NF N is the the
number of false negatives and NF P is the number of false
positives. Best performance is indicated when T P R is high
and F P R∗ is low.
V. E XPERIMENTS
A. Experiments with synthetic data
We have created two types of synthetic images, Type A and
B with a known number of spots, as shown in Figure 2.
Type A images are of size 512 × 512 pixels containing
10 × 4 2D Gaussian spots with decreasing intensity across
the rows and decreasing radius across the columns, as
shown in Figure 2(a). Gaussian noise (σ ranging from 6 to
40) was added to each image resulting in a set of noisy images.
Type B images were obtained using an ImageJ (NIH, USA)
[16] plugin called Synthetic Data Generator [17]. Each image
contains 256 Gaussian spots with SNR ranging from 1 to 5.
These images show large background structures, leading to
non-uniform background, as shown in Figure 2(b).

(a)
Fig. 2.

(b)

Examples of synthetic images used in the experiments. (a) Type A synthetic image, (b) Type B synthetic image

B. Experiments with real images
We also tested the performace of the four methods using
real fluorescence microscopy images, as shown in Figure 1.
Since the ground truth of these images was not available,
we compared the detection results with manual inspection, as
shown in Table III, and all the parameters of each method were
kept to the same values as in the experiments with synthetic
images.
VI. E XPERIMENTAL R ESULTS AND D ISCUSSION
Tables I and II show the results of four detection methods
using synthetic images. The results from Table I indicate that
almost all methods perform best at σ = 6 except for FPD
with lowest true positive ratio of 0.875. However as noise
increases the to σ = 40, there are changes in performance.
The results show that the IUWT has the highest average TPR,
followed by LoG, FPD and H-Dome. However in terms of
average FPR*, the IUWT has the highest value as compared
to the other methods with LoG being the lowest. This shows
that the IUWT is slightly more sensitive to noise than the
other methods.
Noise immunity may be partly dependent on filter selection.
The IUWT method applies a one-dimensional filter to each
row and each column of the image whereas the FPD and
LoG methods each use a two-dimensional, Gaussian filter.
The additional filtering provided by the two-dimensional filter
may be one reason for better noise immunity. The H-Dome
method uses morphological processing and shows very good
noise immunity except at the highest noise levels.
Results from Table II show that at high SN R (= 5) almost
all algorithms perform well with T P R ≈ 1 except for the
FPD which has the lowest TPR(= 0.875). However as SNR
decreases, there is a slight change in performance of the
methods. The LoG method performed best with average TPR
of 0.78 as compared to the other methods.
The results from real images, Table III, indicate that all
methods perform well with TPR≈ 1. Figure 3 shows the

TABLE I
R ESULTS OF SPOT DETECTION METHODS USING TYPE A SYNTHETIC
IMAGES

Dataset
TPR
1 (σ=6)
FPR*
TPR
2 (σ=12)
FPR*
TPR
3 (σ=18)
FPR*
TPR
4 (σ=24)
FPR*
TPR
5 (σ=34)
FPR*
TPR
6 (σ=38)
FPR*
TPR
7 (σ=40)
FPR*
TPR
Average
FPR*

IUWT
1
0
1
0.05
0.975
0.15
0.95
0.4
0.925
0.75
0.9
0.65
0.9
0.925
0.95
0.42

FPD
0.875
0
0.875
0
0.875
0
0.9
0
0.9
0.45
0.9
0.75
0.9
0.85
0.89
0.29

LoG
1
0
0.975
0
0.975
0.025
0.9
0
0.875
0
0.9
0.075
0.8
0.025
0.918
0.018

HDOME
0.9
0
0.9
0
0.875
0.125
0.825
0
0.8
0.125
0.775
0.625
0.775
0.8
0.835
0.24

TABLE II
R ESULTS OF SPOT DETECTION METHODS USING TYPE B SYNTHETIC
IMAGES

Dataset
1 (SNR=5)
2 (SNR=4)
3 (SNR=3)
4 (SNR=2)
5 (SNR=1)
Average

TPR
FPR*
TPR
FPR*
TPR
FPR*
TPR
FPR*
TPR
FPR*
TPR
FPR*

IUWT
1
0
1
0
0.98
0.0039
0.44
0
0.0313
0.0078
0.69
0.00234

FPD
0.875
0
0.84
0
0.79
0
0.75
0.066
0.23
0.21
0.69
0.0552

LoG
1
0
1
0
0.99
0.012
0.81
0.059
0.082
0
0.78
0.0142

HDOME
1
0
0.97
0.0039
0.93
0.066
0.84
0.39
0.058
0.32
0.76
0.156

TABLE III
R ESULTS FOR SPOT DETECTION METHODS USING REAL FLUORESCENCE
IMAGES

TPR
FPR*

Manual
1
0

IUWT
0.98
0.057

detected spots for each method.

FPD
0.95
0.17

LoG
0.98
0.07

HDOME
0.97
0.09

(a)

(b)

(c)

(d)

(e)

(f)

Fig. 3. Results of applying the proposed methods to a real fluorescence image. Detected spots are showed in red circles.(a) Original fluorescence image with the box showing the zoom region. (b) Manual detection. (c) Detected spots using using FPD. (d) Detected spots with IUWT. (e) Detected spots with
LoG. (f) Detected spots using H-Dome

The LoG method applies a user-selected threshold whereas the
other methods are fully automatic. This is an advantage for
the LoG method in cases where a threshold for accurate spot
extraction does, in fact, exist. The LoG method has been used
successfully for spot detection in fluorescence microscopy
images [9] but it may not perform as well in images with
greater background nonuniformity.

the Electrical and Electronic Engineering Department at the
University of Johannesburg. The authors would like to thank
the Synthetic Biology group at the CSIR for providing the
fluorescence microscopy images.

VII. C ONCLUSION
We compared the performance of four detection methods,
IUWT [4], FPD [7], H-Dome [8] and LoG [9]. Our study
included two types of synthetic images as well as a real
image obtained using fluorescence microscopy. The results
from experiments on the synthetic images indicated that some
of the proposed methods are vulnerable to noise as noise
increases, with the IUWT showing to be more sensitive on type
A images. However, the results from real images indicate that
the difference in performance of the methods is comparatively
small. The results show that the Laplacian of Gaussian method
performed best overall when true positives and false positives
are considered.
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