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Abstract 

In this research, the main purpose is the 

application of an automatic classification 

method for six kinds of 3D Drosophila 

Calyx Images.  We have six different kinds 

of image data. We will use extracted features 

describing the spatial dispersion and 

connectivity of 3D olfactory neuron 

pathway for classification. It is worth noting 

that much of the image data contain 

redundant information so we determine the 

essentialness of these features by cross 

validation accuracy.  In the leave-one-out 

cross validation analysis, a six-category 

SVM classifier is three times better than 

random guess. Besides, there is no evidence 

of over-fitting, because compared to 3D 

spatial RST-invariant feature set alone, the 

64-view Rotational Skeleton Endpoint 

feature set together with it raises the 

accuracy rate. 
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1. Introduction 

The olfactory neuron system has been a 

research topic of increasing interest, 

especially after the pioneering studies of 

Richard Axel and Linda B. Buck for their 

discovery of “ordant receptors and the 

organization of the olfactory system”.  And 

the fruit fly, Drosophila, is an ideal 

experimental model system for olfactory 

neuron research; particularly given the 

improvements of 3-D imaging techniques on 

Drosophila developed by NTHU Brain 

Research Center provide high-resolution 

images [12].  

We are going to introduce our results 

from applying classification methods to the 

six categories of olfactory projection neuron 

pathways images.  In Calyx, projection 

neurons (PN) are responsible for 

transmitting neuron impulses from the 

antenna lobe (AL) to Drosophila’s 

higher-level central nervous system.  There 

are two important olfactory nucleuses: the 

mushroom body (MB) and the lateral horn 

(LH).  The main destination of the neuron 

impulse carried by projection neurons is MB 

and LH.   Here we have six categories of 

raw images of projection neurons in Calyx, 

describing the complexity or spatial 

dispersion of the axons of projection 

neurons. [1, 3, 9, 13, 14, 17, 20, 21] The 

terminologies and abbreviations of these 

anatomy parts are listed as following table. 

ORN Olfactory Receptor Neuron 

PN Projection Neuron 

AL Antennal Lobe 

OB Olfactory Bulb; Glomeruli in side 

MB Mushroom Body 

LH Lateral Horn 

Table1. The biological terminology and 

corresponding abbreviations used in this 

study. 
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Figure 1.  In calyx, the tubular 

connection paths of the four projection 

neurons are illustrated. 

 

The estimated number of glomeruli in 

the AL of Drosophila is 49.[1]  In this 

study, there are six different categories of 

image data, which are named after the 

glomeruli in the antenna lobe: DL1, VL2a, 

DM2, DM1, DL3 and DA1.  The numbers 

of fruit flies imaged are 40, 25, 22, 13, 13, 

and 12 respectively.  In these 3D images, 

the number of slices varies from 50 to 81 

because the individual flies differ in physical 

size, while the thickness of each slice is 

fixed at 1µm.  For each slice, the field of 

view is about (200±25)
2
µm

2
.  And for each 

fruit fly the field of view (FOV) across 

slices is fixed. 

  
DA1_PN80 DL1_PN47 

  
DL3_PN111 VL2a_PN158 

  
DM1_PN39 DM2_PN217 

Figure 2.  Six calyxes examples are shown. 

2. Analysis Methods 

We used Fisher’s Linear Discriminant 

Analysis (LDA) and support vector machine 

(SVM) on extracted features for 

classification.  The features describe the 

olfactory neuron track of the six calyxes.  

We learned the rotation, scaling and 

translation invariant (RST-invariant) 

features from [19] for 2D images.  Our 

extended 3D RST-invariant features will be 

useful for capturing the main features in 

different sets of fruit fly images in this study 

that are taken at different orientation, size 

and centering.  Furthermore, the other 

features based on skeletons [16] could be 

used as well.  The skeletons obtained from 

neuron images will be useful for detecting 

the neuron tracks and for exploring genuine 

characteristics of neuron transmission.  At 

the end, the cross validation method can be 

applied to evaluate classification accuracy 

for different features and classifiers.  

 

Figure 3.  Analysis Flowchart. 
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2.1. Image Pre-Processing. 

Before we proceed to feature extraction, 

we need spatial filtering, spectrum filtering 

and morphological operations [10] for noise 

reduction.  We will consider the following 

model for additive noise signals: 

 

),,(),,(),,( kjinkjiFkjif +=     (1) 

 

Where ),,( kjif represents the observed 

intensity on one 3D voxel (in the i-th row, 

the j-th column and k-th slice) and it can be 

composed by the unobserved signal 

term ),,( kjiF  with noise term ),,( kjin .  

Then, the following operation on the 

observed intensity ),,( kjif  can be used to 

recover the unobserved signal ),,( kjiF  

and its neighboring properties. With little 

prior knowledge about the unknown 

degradation for micro-imaging, the 

pre-process of denoising and morphological 

operation is made heuristic and subjective 

by manual adjustments and empirical human 

vision evaluation.  It is combined with 2D 

Bayesian wavelet filtering (BLS-GSM) [15], 

performed slice-by-slice for each 3D image 

set, median filtering, closing filtering, 

Gaussian smoothing and binary thresholding, 

which are performed in this order.  It is 

common to use the signal-to-noise ratio 

(SNR) as a measure for estimates of the 

quality of a reconstructed image compared 

to an original image.  Alternatively, there is 

another measure similar to SNR, the peak 

signal-to-reconstructed image measure 

(PSNR). Although there is no a perfect 

method of noise reduction, here we will use 

SNR and PSNR as reference measures for 

the evaluation index. 

2.2.  Feature Extraction 

Feature extraction should be 

application-dependent.  The end-goal of 

this study is the generation of a classifier for 

six calyx 3D images with essential features.  

Therefore our proposed feature extraction 

retrieves distinctive representations of 3D 

images among the six categories, and is also 

required to be robust, consistent and 

invariant within each category.  The 

observed objects in the images are in 

different resolutions, sizes, translations and 

rotations. Informative features will be 

RST-invariant, and contribute to higher 

classification accuracy. Hunting for 

additional, informative RST-features should 

continue until the classification accuracy 

with these RST-invariant features is 

comparatively satisfactory. The 

classification relies on feature extraction; the 

3D RST-invariant features and rotational 

skeleton features are used for describing the 

spatial complexity of the PN in spatial 

dispersion and connectivity in 3D space 

among the six categories. 

2.2.1.  3D RST-invariant Feature 

The two-dimensional image processes 

for RST-invariant feature extraction is 

discussed in the frequency and the spatial 

domains [19].  For a 2D binary image, 

object features can be area, center of area, 

and the axis of least second moment, 

perimeter, Euler number, projections in row 

or column, thinness ratio, and aspect ratio.  

The first four tell us location of the object in 

the 2D image, and the last four tell us the 

shape of the object.  For our 3D gray 

images of the PN, histogram features are 

mean, standard deviation, skewness, energy, 

and entropy, binary volume and the 

logarithm of histogram relative frequency. 

The first seven are named “histogram 

feature set” in Table 2.  The strength of 

these RST-invariant features is the 

robustness when the object in an image is 

rotated, adjusted in size, or shifted left/right 

or up/down. 

2.2.2. Rotational Skeleton Feature 

Skeletonizing is also called thinning in 
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morphological operation.  Before we start 

to do rotational Skeletonizing, we need to 

impute rotational 2D images to represent 

this 3D neuron path.  It is very similar to 

walking around a tree, and taking pictures of 

the tree from different angles in a circle. 

In binary images, by peeling away the 

boundary pixels, the skeleton of the object is 

left, keeping the features, pattern and shape.  

Many skeleton algorithms have been well 

developed [5, 7, 8, 18, and 22]. 

 

The skeleton of object set A by structure 

set B is defined as the following set 

operations,  

 

)))((( BBBAkBA Θ⋅⋅⋅ΘΘ=Θ       (2) 

BkBAkBAAS k �)()()( Θ−Θ=      (3) 

∪
∞

=

=

0

)()(
k

k ASAS                 (4) 

Skeletonization operation of A by B 

iterates for k times.  The stop criterion is no 

pixels are deleted.  S(A) is the skeleton of 

A.  The obtained skeleton must have three 

properties: 

1. Connected for any single object. 

2. As thin as possible. 

3. The skeleton is in the middle axis. 

For our image data, we utilize the 

integrated procedures: Stentiford 

preprocessing [18], Z-S algorithm [22] and 

Holt algorithm [9] after the pre-processing 

in 2.1.  Some of our image data are 

corrupted by heavier noise, while others are 

less noisy.  We verified that this 

combination of preprocessing and the 

integrated skeleton procedure works for 

different levels of noise. The skeleton of PN 

keeps the main characters of connectivity.  

The number of endpoints is viewed as a 

random variable, and the observed number 

of endpoints from different views is the 

obtained data.  We are interested in the 

distribution of the number of endpoints 

among these 64 views.  For the same 

category of PN images, the distribution of 

the number of endpoints should be similar.  

Therefore we compute the 4 moments and 

10%-increased percentiles as out feature set. 

 

Figure 4. Two Calyx images with different 

levels of corrupting noise and the 

corresponding image results. 

2.3. Classification 

Terminology of predicting a discrete Y 

from X is termed classification in statistics 

and supervised learning in computer science.  

And the Xi’s in training samples are 

covariates in statistics and features in 

computer science. 

(X1, Y1),…, (Xn, Yn)  

Where ∈= ),...,( 1 idii XXX  X d
ℜ⊂  is a 

d-dimensional vector and Yi takes certain 

values in a finite sample space Y. 

A classification rule is a function g: 

X→Y. When we have a new query Xn+1, we 

predict Yn+1 to be g(Xn+1). 

There are many ways to estimate error 
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rates and it helps us at choosing a good 

classifier.  We will consider 

cross-validation.  The data are divided into 

two groups, training set τ  and validation 

setν , the training set contributes to generate 

the estimation of classifier
^

g .  Then we 

apply 
^

g  into the validation set for the 

estimation of the error rate
^

L . 

 

∑
∀

≠=

i

ii YXgI
n

gL ))((
1

)(
^

      (5) 

Where n is the size of training set. 

Leave-one-out cross validation is useful for 

the error rate estimate.   

2.3.1. Fisher’s Linear Discriminant 

Analysis (LDA) 

Fisher’s LDA is a classification method. 

LDA project dataset ),...,( 1 idii XXX = in 
d

ℜ  onto a one-dimensional space, and the 

classification is performed on the projection 

line.  The mean vectors and variance 

matrices of the two different classes decide 

the projection line.  This projection 

maximize the distance between the mean 

points of two different classes, while the 

within variances of each class is minimized 

[2].  In this study, SPSS13.0 

“classify>Discriminant” is utilized for the 

results of Fisher’s LDA. 

2.3.2. Support Vector Machine 

(SVM) 

SVM [11] is a supervised learning 

method used for classification, and it is also 

a generalized linear classifier.  The basic 

idea is how to map our data/observations 

into a higher dimensional space and find out 

the maximal separation/gap between 

different classes.  The goal of SVM is to 

find out the optimal hyper-plane (maximal 

margin hyper plane) that maximizes the 

margin between bounding planes; SVM is 

also known as a maximum margin classifier. 

 

Figure 5. Support plane for two classes in 

a two-dimensional space is a example. 

∈= ),...,( 1 idii XXX  X d
ℜ⊂  is a 

d-dimensional vector, and ω  is the normal 

vector of the maximal margin hyper plane.  

Here we have ω·x-b=0 as the dividing hyper 

plane.  Here we utilized SMO in WEKA 

for generating the result with SVM. 

3. Result 

The reconstructed images of six kinds 

of PN in calyx are checked with SNR and 

PSNR. 

First, the accuracy of SVM is generally 

better than LDA across these different 

feature combinations in Table 2.  SVM 

outperforms LDA, because the mapping 

function of LDA over-simplified onto 

one-dimension, while SVM is finding a 

max-margin separation hyper-plane on 

sample space. 
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Figure 6. The SNR and PSNR of PN 

images in six categories are shown. 

 

model features attributes LDA_6 SVM_6 

1 histogram feature 7 42.4 40.8 

2 skeleton feature 15 29.6 40 

3 
skeleton and 

histogram feature 
22 43.2 48.8 

4 
log r.f. and 

histogram feature 
263 42.4 52.8 

5 All features 278 47.2 53.6 
 

Table 2. The leave-one-out cross validation 

accuracy. 

The denoised PN images are 

represented by 3D spatial RST-invariant 

feature set, which reveals the degree of 

spatial dispersion.  The end point 

distribution on the 64-view rotational 

skeleton represents the degree of spatial 

connectivity.  The subtle differences among 

the six categories are depicted by these two 

feature sets. The six-category-SVM 

classifier has the leave-one-out cross 

validation accuracy up to 53.6%, which is 

three times higher than random guess rate 

shown in the lower part of Figure 7. 

 

Figure 7.  Ratio of the accuracy rate 

over random guess rate.  

4. Discussion 

First, while the corrupting noise is 

always inevitable for any imaging 

equipments, a better denoising image 

preprocess might raise the quality of 

reconstructed images, especially the 

sensitivity to noise of the skeleton operation.  

Secondly, we need Drosophila’s brain model 

to do better 3D alignments and spatial 

partition of main stem and terminals to MB 

and LH.  Third, further application of 

integrated reconstruction of the rotational 

2D skeleton to 3D skeleton may be a 

possible heuristic for 3D skeleton 

operations. 

Additionally, one could extend the 

results of this study in the fruit fly, 

Drosophila, to human or other species. 
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