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Figure 1- The types of saffron.
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Figure 2- Imaging chamber.
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Figure 3- Image pre-processing: (a) Original sample image, (b) filtered image, (c) foreground of the image,(d) foreground of
the image after opening, (e) Separate the white and yellow components from the saffron stigma, (f) Separation of red stigmas
from other components of saffron, (g)Yellow and white parts, (h) Pure saffron parts.
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a-False negative rate

sPositive predictive rate

v-False discovery rate

AMReceiver operating characteristic

yRepeated random sub-sampling validation
yaccuracy

y-confusion matrix

¥-True positive rate
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Table 2- Average accuracy of classifiers for classifying saffron using 21 color features
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Figure 4- Confusion matrices of the classification models for cultivars as an independent

variable. Each model has a specific color representation and the diagonal cells
(In pink) present the correct classifications.
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Table 3- Detailed accuracy analysis using class of the studied four classifiers
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* TP= True positive rate, FN= False negative rate, PP= Positive predictive rate and FD= False discovery rate.
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Figure 5- The ROC along with AUC values of the Bagged Trees classifier: (a) Pushal, (b) Negin, (c) Sargol.
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Table 4- The AUC (area under the ROC curve) of the four classifiers for different saffron classes
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Abstract

The classification of saffron as the most expensive spice is of great importance for customers and traders.
In general, two methods are currently used to classify saffron. The first method is based on the experiences of
an expert and by observing the samples. The second method is destructive and is performed using laboratory
methods. According to experts, the use of machine learning techniques to classify saffron is a goal due to its
non-destructive nature and timely characteristics. This method can also increase the accuracy of the industrial
scale grading process. In this paper, a vision machine method is presented. Due to lack of documented
research on this subject, a comprehensive literature search is presented in this work. Almost all color
characteristics were extracted and used in a large number of classifiers. Experts in Iran classify saffron into
three main categories based on their appearance: Pushal, Negin and Sargol. In this paper, a database
consisting of 440 images from saffron for the three different classes was collected using a mobile phone
camera. After applying some preprocessing steps, such as background removal, cropping etc., 21 color
features were extracted using different image analysis methods. Twenty-two classifiers were employed for
classification. Comparing results of different classifiers showed that the Linear Discriminant, Linear SVM,
Bagged Trees and RUSBoost Trees can produce more accurate grading compared to other classifiers when
using color features. In particular, mean classification accuracy of 82.23% was achieved in this work using
Linear a SVM classifier.
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