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ABSTRACT

We investigate automatic classification of protein crystal
lization imagery, and evaluate the performance of several
modern mathematical tools when applied to the problem.
For feature extraction, we try a combination of geometric
and texture features; for classification algorithms, the- su
port vector machine (SVM) is compared with an automatic
decision-tree classifier.

Experimental results from 520 images are presented for
the binary classification problem: separating successful t
als from failed attempts. The best false positive and fals
negative rates are at 14.6% and 9.6% respectively,
by feeding both sets of features to the decision-tree diassi
with boosting.
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1. INTRODUCTION

The most popular technology of our age for understand-
ing the 3-D structure of protein molecules is X-ray crys-
tallography, which analyzes the diffraction patterns af-pr
tein crystals. A major challenge, however, is the procedure
of protein crystallization, as the outcome is very sensitiv
to experimental conditions such as chemical solution, tem-
perature and air pressure. In order to successfully produc
protein crystals suitable for X-ray diffraction, hundremfs
thousands of trials are typically needed.

Modern robotic crystallization systems can perform more
than 10,000 trials per day, each with a unique set of chemi
cal conditions and periodically recorded outcomes via-digi
tal photography. This allows a wider range of parameters
to be tested efficiently. Fast automatic evaluation of the
outcome images, however, remains a challenge [1]. The
key issue is the classification and ranking of crystalloati
results. This is a machine learning problem, usually with
human-annotated images as training data. For simplicity,
we now only consider binary classification, which distin-
guishes between successful and unsuccessful trials. The u
timate goal is to automatically predict trends from pregiou
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and crystals vary significantly under different conditiéms
different proteins. Moreover, the boundary between ctysta
and precipitate images is somewhat blurred when the out-
come contains both precipitates and tiny crystals.

We note that current research in this area is still in the
trial-and-error stage. The choices of features are mainly
based on heuristics, and the understanding of how well each
feature can perform is generally lacking. Either an off-the
shelf classifier is used, or an ad hoc solution is devised with
hand-tuned thresholds. In addition, current classificedie
gorithms typically achieve false negative and false pasiti

achieveddtes around 15-20% [1]-[6]. which is not good enough to

support automatic data analysis. A vast area of algorithms
for feature extraction and classification remains yet to be
explored.

In this work, we investigate several modern mathemati-
cal tools as applied to crystalization imagery classifarati
For feature extraction, we combine geometric features-char
acterizing local pixel gradients with texture featureg\hst
from the gray-level-coocurrence-matrix (GLCM). For clas-
sification, we experiment with the support vector machine
(SVM) and an automatic decision-tree algorithm.

The remaining part of the paper is organized as follows.
A brief survey on existing methods for the classification of
crystallization imagery is provided in Section 2. In Seatio
3, we explain the overall structure of the system, followed
by detailed discussions of feature extraction in Sectiomd a
classification algorithms in Section 5. Experimental resul
are presented in Section 6.

experimental outcomes and to guide future parameter con-

figurations.
Sample images of successful and failed trials are shown

Fig. 1. Sample images of different precipitate images.

in Fig. 1 and 2. Note that the appearances of precipitates



line-tracking algorithm in [6] for this purpose. After that
- . % feature vectors are extracted from the pixels within theadro
LYy < ) ceoly boundary. They can be either geometric features or texture
y : features, or a combination of both. These feature vecters ar
fed into a classifier, which is trained off-line using human
annotated images. The classifiers in use are the C5.0 auto-
matic decision tree provided in [7] and the publicly avaiéab
Fig. 2. Sample images of different crystal images. SVM-Light [8]. To gain a better understanding of the fea-
ture vectors, automatic feature selection is also perfdime
either according to the statistics of the feature vectors, o

2. RELATED WORK during the initial stage of classification.
Early work by Zuk and Ward [3] uses Hough transform to
detect straight edges for crystals, but does not attempt to input Segmented Feature Classification
classify the images. A custom-builtimage acquisition and "% paul Vectors Results
image processing system is reported in [2], where Jurisica 2 = e Image 1= “clear”

Image 2 = “Crystal”
et al. detect drop boundaries by fitting a conic curve and s

classify images based on spectral analysis. No specific er-

. D Bound »| Feat 3 e
ror rates are reported. Instead, the correlation between ex | gxraction Evtraction Classification
tracted features and crystallization results is demotestra t [
by example' . Automatic

In [1], Wilson uses the Sobel edge detector to locate Feature Selection

drop boundaries and detects objects with high circularity;
the images are then classified into three categories based on
features of edge pixels. The reported accuracy rate is droun
75%. In [4], Spraggon et al. apply the Canny edge detec-
tor and circle fitting to drop boundary detection and use a
self-organizing neural network for classification, aclev

25% for both false negative and false positive rates. They
use both GLCM-based texture features and geometric fea-

tures related to straight lines. More recently, a probstiii S discussed in Section 1 and 2, it is hard to extract fea-
graphical model is used for drop boundary detection ang tures that distinguish between precipitates and crys@is.

for classification. Features are obtained from correldtlon e local scale, while features based on local pixel grasien
ters and Radon transform (similar to Hough transform, with C&n capture short edges of the crystals and generally work
polar coordinate parameterization) [5]. A balanced error Well. they may get confused by swirly precipitates as shown

rate of 15% is achieved for binary classification: crystal- I Fig-1. On the global scale, both crystals and precipstate
positives versus crystal-negatives.

Fig. 3. System diagram

4. FEATURE EXTRACTION

may contain significant high frequency components, there-

The best result so far is reported in [6], where Bern et al. 0re spectral analysis may not work very well either. Alter-
propose a line tracking algorithm for drop boundary detec- natively, we observe that images contalnm_g crystals tend_ t_
tion and a decision-tree classifier with hand-crafted thwes Nave & crispy texture whereas those dominated by precipi-
olds operating on geometrice features. The classification@{€S @ppear to be more fluffy. Therefore, a combination of
achieves a false negative rate of 12% and a false positive rat 90Mmetric and texture features is expected to have the ben-

of 14%. However, it is mentioned that the current feature- €fit Of both.
detection algorithms fail to capture the difference betwee
swirly precipitates due to convective currents and micro-

. 4.1. Geometric Features
crystals, and that new features representing global charac

teristics of the images are needed. Features that have been tried in previous researches atly mos
related to the geometric characteristics of a local regfon o
3. SYSTEM OVERVIEW the image (e.g., straight-line detection from Hough trans-

form, conic curve fitting or line tracking). We use the fea-
The overall structure of the crystallization imagery class tures in [6] for classification and for comparison with the
fication system is illustrated in Fig. 3. Each image is pre- texture features. A brief description for each featuresiet
processed by a drop boundary detection algorithm, whichbelow; interested readers are referred to the original pape
provides a mask for pixels inside the drop area. We use thefor further details:



F1 Average directional gradiehiithin the best block

F2 Average directional gradient of all pixels inside
the drop.

F3 Peak value of the Hough transform line detection.

F4F3 normalized by the directional gradient of back-
ground pixels within the drop boundary.

F5 A em curve score evaluating the straightness and
smoothness of the curves formed by the selected
pixels.

F6 F5 normalized by F1.

F7 Standard deviation of the grey levels in the best

F10 Entropy calculated from the distribution of the
difference of the gray-level values for the two
pixels.

F11 Similar to F3, based on entropy calculations.

F12 An alternative formula to F11, also based on
entropy calculations.

Interested readers are referred to [9] for the exact formula
Although the features are calculated to capture some-statis
tical property of the GLCM, their exact meanings are rather
vague. They are, nevertheless, included in the initialstias

block. fication stage to ensure preservation of enough information
from the original image data. Their effectiveness can then

4.2. TextureFeatures be automatically examined during the classification stage.

We base our texture feature extraction on the gray-level-
cooccurrence-matrix (GLCM) defined in [9]. More specif-
ically, a GLCM gives a joint histogram of the quantized
gray-level value pairs of two image pixels bearing a cer-
tain spatial relationship. The most widely used GLCMs The C5.0 classifier is a publicly available commercial soft-
are the ones for two neighboring pixels, aligned horizon- ware for data mining [7]. It automatically extracts classifi
tally, vertically, along the diagonal or the counter-dingb  cation rules in the form of a decision tree from given train-
directions. A collection of different properties such asco ing data. It also supports adaptive boosting, based on the
trast, correlation and entropy are calculated for each GLCM idea from Freund and Schapire [10], where more than one
To make the features orientation-invariant, the average an classifiers are generated, and the final classificationtrissul
variance of these features, over GLCMs of different orienta voted by all classifiers. In addition, C5.0 provides an aptio
tions, are used as the final texture features. For each imagecalled “winnowing”, which pre-selects the more differenti
four GLCMs are computed from the pixels within the drop ating features for designing the decision tress. This optio
boundary, corresponding to neighboring pixels aligned hor is used for automatic feature selection.
izontally, vertically, diagonally and counter-diagotyall

For each GLCM, we compute 12 out of the 14 features 52, support Vector Machine
suggested in the original paper. The average and variance of
these features over the 4 GLCMs are then calculated. ThereThe SVM method hinges to two mathematical operations:

fore, we obtain a 24-dimensional feature vector for each im- Nonlinear transform of an input vector into a high-dimensio
age. The texture features are listed below: feature space and construction of an optimal hyperplane for

separating the transformed feature vectors [11]. In the firs
operation, the original feature vectors are mapped into a
higher dimensional space where the two classes may be
linearly separable via an inner-product kernel. Most com-
monly used kernels are the linear and radial basis function
F5 Expectation calculated from the distribution of (RBF) kernels. In the second operation, an optimal sepa-
the sum of the gray-level values for the two pix- rating hyperplane is constructed to maximize the margin of
els. separation between positive and negative samples. We use
F6 Variance calculated from the distribution of the the impementation of SVM-Light [8] for our experiments
sum of the gray-level values for the two pixels. and try with both the linear and RBF kernels.
F7 Entropy calculated from the distribution of the
sum of the gray-level values for the two pixels.
F8 Entropy calculated from GLCM; textures with

more irregular patterns receive higher scores. E . f d d 520 h
F9 Variance calculated from the distribution of the Xperiments are performed over a dataset o uman an-

difference of the gray-level values for the two notated images at the website of the Joint Center for Struc-
pixels. ture Genomics (JCSG) [12]. The dataset consists of 130
samples in each of four categories defined by JCSG. For
binary classification, the first two categories are labeked a
“Failure”, and the last two as “Success”.

We test on the geometric features, the texture features

5. CLASSIFICATION ALGORITHM

5.1. Automatic Decision Tree

F1 Measuring the homogeneity of the image.

F2 Measuring the amount of local variations.

F3 Measuring the gray-tone linear-dependencies.

F4 Moment calculated from the difference in gray-
tone values of the adjacent pixels.

6. EXPERIMENTAL RESULTS

1Directional gradient refers to the component along gradiénection
at each pixel discounting the effect of drop boundaries.

2The best block refers to 25 x 25 block containing the most image
pixels with high gradient values.



and the combination of both. The dimensions of the feature validate the benefits of texture features, and show that the
vectors are 11, 24 and 35, respectively. Public-domain im- SVM classifier yields comparable performance to other clas-
plementations of the SVM algorithm ( SVM-Light [8] ) and  sifiers reported in literature. For binary classification be
the automatic decision-tree algorithm (C5.0 [7] ) are used. tween failed and successful protein crystallization $rahe

The 10-fold cross validation method is used for evalua- best results are false positive rate at 9.6% and false nega-
tion. The entire dataset is randomly divided into 10 digjoin tive rate at 14.6%, achieved by the C5.0 automatic decision
sets and the result is averaged over 10 folds of experimentgree classifier with boosting using both geometric and tex-
using 9 sets for training and the remaining one for testing. ture features.
False-positive and false-negative rates are calculatéd wi

respect to human annotation results. 8. ACKNOWLEDGMENTS
The classification results are summarized in Table 1. For

the C5.0 classifier, the boosting option is also tested fer im The authors would like to thank Professors Sabastian Thrun,

proved performance. For SVM-Light, both linear and RBF Gary Bradsky and Dr. Daniel Russakoff at Stanford Univer-
kernels are tested. Only results from the RBF kernels aresity for helpful discussions.

presented, since they are superior to those from the linear
kernel. In general, the texture feature outperforms the geo 9. REFERENCES
metric features. The C5.0 classifier with boosting gives the
best results using both feature sets: false positive ab44.6 [1] J. Wilson, “Towards the automated evaluation of cryitat
and false negative at 9.6%. tion trials,” Acta Crystallographica Dvol. 58, 2002.
As mentioned before, the actual meaning of many of [2] I. Jurisica et al., “Intelligent decision support forgpein

the feature vectors may be quite vague, and their effective- crystal growth,”"IBM Systems JournaP001.
ness for classification need to be further evaluated. The [3] W. M. Zuk and K. B. Ward, “Methods of analysis of protein
winn_owing option in the C5.0 classifier pre-selects the sev- crystal images,Journal of Crystal Growthvol. 110, 1991.
POl vecor a0 onl 525 1o AT & Sraggon & K S & Ly a3 P st

. ’ ; “Computational analysis of crystallization trialgitta Crys-
sification performance. Among the geometric features, the tallographica D, vol. 58, November 2002.
ones selected by the classifiers are F2, F4, F5 and F7. The

selected texture features are E2. E3. E5 and F9 [5] Cumbaa et al., “Automatic classification of sub-micndi

protein-crystallization trials in 1536-well plate,” Nawder

2002.
7. CONCLUSION [6] Marshall Bern et al., “Automatic classification of prote
) ) ) ) crystallization images using a line tracking algorithmA¢ta
We investigate the effectiveness of several new mathemati- Crystallographica D 2003.

cal tools, including texture feature extraction and the SVM
classifier, for the classification of protein crystallizatim-
agery. The performance is compared and combined wit
existing algorithms such as geometric feature extractioh a
automatic decision-tree classification.

Experimental results from 520 human annotated images [l

[7] “C5.0,” http://lwww.rulequest.com/see5-info.html

h [8] T. Joachims, “Making large-Scale SVM Learning Practi-
cal,” Advances in Kernel Methods - Support Vector Learning,
MIT-Press 1999.

R. Haralick, K. Shanmugam, and I. Dinstei, “Textural Fea
tures for Image ClassificationJEEE Transactions on Sys-
tems Man Cybernetics(SMC;3)973.

. . . . [10] Y.Freund and R.E. Schapire, “A short introduction tosb
Table 1'. Expe_rlmental res_ults using three different cla§S|- ing,” Journal of Japanese Society for Artificial Intelligence
fier configurations: SVM-Light, regular C5.0 and C5.0 with vol. 14. 1999

boosting. F.N. refers to the false negative rates and F.P. ’

refers to the false positive rate [11] Simon Haykin, “Neural networks: a comprehensive foand

tion,” Prentice Hall 1999.

Texture | Geometric| Combined [12] “Joint Center for Structural Genomicdjttp://www.jcsg.org
SVM F.N.| 19.62%| 36.54% 17.69%
F.P.| 30.77%| 30.77% 29.23%
C5.0(A) || F.N. | 19.2% 31.2% 15.4%
F.P.| 142% 12.3% 14.6%
C5.0B) || £ N. | 17.7% 28.5% 14.6%
FP.| 12.7% 10.4% 9.6%




