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Extended methods: image processing of goose photographs for facial recognition software


(a) Image normalization
Because goose images were captured in the field, it was difficult to produce images of the same size and with the geese in the same position. Therefore, we needed to apply shift, scale, and rotation invariance to make the identification process robust. We used an affine transformation (Goshtasby, 1986, 1988) to apply a combination of scale, rotation, and shear adjustments to normalize each goose image. We used four reference points to apply the affine transformation, as shown in Figure 1a: (1) the top of the bill, (2) the tip of the bill, (3) the bottom of the bill, and (4) the center of the nostril. These points were transformed to create an isosceles triangle with the nostril located on a line perpendicular to the center of the hypotenuse, as shown in Figure 1b. Each image was then cropped and scaled to a size of 256 × 256 pixels. The reference points were selected manually, while the rest of the image normalization process was automatic. Figure 2 represents two images of the same individual in different positions with rotation; the individual was positioned very differently in Figure 2a compared to Figure 2b, but the normalization processes outputs were comparable.

(b) Image quality assessment
[bookmark: _Hlk135299727]Our initial observations indicated that poor-quality images not only reduced our ability to find a correct match, but also increased the number of false positives. Image quality can be affected in different ways: for example, if an image is too dark or too bright, it has a poor dynamic range, which reduces the number of details in the image. Similarly, if an image is blurred, this reduces the number of details in the image, which are important for finding a correct match. Therefore, we used several image quality assessment methods to evaluate different aspects of the image quality before selecting input images for a potential match. While several image quality assessment methods already exist (Celik, 2014, 2016; Gu et al., 2016; Sheikh & Bovik, 2006), many of these require a reference image for comparison. In this study, we implemented two image quality methods: an image contrast measurement, which returns a larger value for images with larger dynamic range (i.e., the ratio between the brightest and darkest parts of an image), and an image sharpness measurement, which returns a larger value for images with more details. These two methods were used in conjunction with two existing image quality measurement methods, EMEG (Celik, 2014) and NIQMC (Gu et al., 2016), which can measure image quality without the need for a reference image.

EMEG is the expected measure of enhancement by gradient, the method divides the image into sub-blocks and sums together the maximum gradient value in each sub-block. NIQMC is no-reference metric for image quality of contrast distortion which combines a measure of entropy in regions of interest and a global based comparison of the image histogram with an ideal uniformly distributed histogram.

[bookmark: _Hlk135301941][bookmark: _Hlk135301987]The method we used for measuring image contrast is based on a histogram of the image, which represents its distribution of intensity values. The histogram comprises 256 bins, with the value in each bin representing the number of pixels in the image with its corresponding intensity value. A high number of non-empty bins in the histogram indicates a larger dynamic range. First, let Xn be the luminance values of the image with an intensity range of [0, L-1] where L is 256 for an 8-bit image and H be the histogram of Xn.  
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The contrast measure, c, was found by summing the values in H and normalized by dividing by 256, the number of histogram bins as follows:
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The method we used for measuring image sharpness was based on the discrete wavelet transform (Daubechies, 1992; Mallat, 1989; Meyer, 1992) using the Haar wavelet transform. Let DH, DV and DD be the image detail coefficients in the horizontal, vertical, and diagonal directions respectively. As the detail coefficients are made up of positive and negative values, the absolute was found as follows:

	,	(3)
	,	(4)
	.	(5)

The largest detail coefficient value at each pixel was determined using the maximum operator as follows:
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where m was the pixel location.

The sharpness measure, s, was found by summing the values in Dmax and normalized by dividing by the total number of pixels, M, as follows:
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The image was considered acceptable for matching if the four image quality measurement values all exceeded a respective threshold. These thresholds were set as follows: contrast measure = 0.4285, sharpness measure = 0.1420, EMEG = 0.0420, and NIQMC = 3.8024. The threshold values were found experimentally, with the aim of preserving correct matches whilst minimizing false positive matches.

(c) Image enhancement
The images of the geese also differed in illumination. Therefore, we used a method for extracting and enhancing details to make the identification process robust to changes in illumination. First, the normalized input image, Xn, was filtered by a Gaussian filter with a high sigma to give a filtered output, Xf. The Gaussian filter removed all details from the image, leaving a background information, which was then subtracted from the normalized image to obtain the image’s details, Xd, as follows:
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The minimum and maximum values from Xd, , dmin and dmax, respectively, were determined using the minimum and maximum operator as follows:
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The detail values were then scaled to the maximum dynamic range as follows:
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The minimum and maximum values of the normalized image, Xn, within a window of size [11x11] were determined and filtered by a Gaussian filter with a high sigma to give the filtered outputs Xminf and Xmaxf respectively. These were used to normalize the detail values and convert the positive and negative values to positive-only values, as follows:
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An example of the enhanced detail image is shown in Figure 3b.

(d) Identification
To measure the similarity between two enhanced images, we used normalized 2D cross-correlation, as described in Haralick and Shapiro (1992) and Lewis (1995), and as follows:
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where Xd1 is the region of interest of the first enhanced image and Xd2 is the second enhanced image to be matched and  and  are means of the region of interest of the first enhanced image and the mean of the second enhanced image, respectively. Five regions of interest were used, which included the nostril, the mouth, and the tip, top and back of the bill, the normalized 2D cross-correlation of each region was combined in a harmonic mean to give the final similarity score. The pair of enhanced images were considered a match if the similarity score was above a threshold of at least 0.57. We determined this threshold value empirically, by trial-and-error, to preserve correct matches whilst minimizing false positive matches.

From this, we created confusion matrices, highlighting the percentage of true positives, true negatives, false positives, false negatives, sensitivity, and specificity for each of our datasets (see Results).  A true positive occurred when two images were correctly identified as belonging to the same individual, a true negative occurred when two images were correctly identified as not belonging to the same individual, a false positive occurred when two images were incorrectly identified as belonging to the same individual, and a false negative occurred when two images were incorrectly identified as belonging to two different individuals. The sensitivity is the ability to correctly identify a match between two images of the same individual and specificity is the ability to correctly identify when two images do not belong to the same individual.


Figure S1. Illustrations of (a) an input image with the four points used for normalization: (1) (1) top of the bill, (2) tip of the bill, (3) bottom of the bill and (4) center of the nostril; and  (b) of the same image after normalization.
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Figure S2. Examples of two images of the same individual in different positions (a and b) and of the same two images after normalization (c and d). 
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