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Automati
 
attle identi�
ation using graphmat
hing based on lo
al invariant featuresFernando C. MonteiroPolyte
hni
 Institute of Bragança, Portugal.Abstra
t. Cattle muzzle 
lassi�
ation 
an be 
onsidered as a biomet-ri
 identi�er important to animal tra
eability systems to ensure the in-tegrity of the food 
hain. This paper presents a muzzle-based 
lassi�
a-tion system that 
ombines lo
al invariant features with graph mat
hing.The proposed approa
h 
onsists of three phases; namely feature extra
-tion, graph mat
hing, and mat
hing re�nement. The experimental resultsshowed that our approa
h is superior than existing works as ours a
hievesan all 
orre
t identi�
ation for the tested images. In addition, the resultsproved that our proposed method a
hieved this high a

ura
y even if thetesting images are rotated in various angles.1 Introdu
tionCattle identi�
ation and tra
eability plays an important role for disease 
ontrol,va

ination management and also for maintaining 
onsumer 
on�den
e in farmprodu
e. Today's animal identi�
ation is based on ear not
hing, branding andRFID tags. These markers, however, may be lost and 
annot prevent fraud intrade. The approa
h for beef 
attle identi�
ation should be guaranteed to bepermanent, di�
ult to faked, easy to a
quire, inexpensive, a

urate and humane[4℄. The use of biometri
 identi�
ation methods is less prone to errors and fraudsand should be explored.The muzzle patterns or nose print of 
attle are the uneven patterns on thesurfa
e of the skin of the nose. As �ngerprints are unique to human beings, theridges and valleys of ea
h 
ow's muzzle form a pattern that is likewise unique tothat animal as shown by Baranov et al. in their seminal paper [3℄.In this paper, a new muzzle-based 
attle identi�
ation method was proposed.This method 
onsists of three steps: feature extra
tion, graph mat
hing, andmat
hing re�nement. In the �rst step, the S
ale Invariant Feature Transform(SIFT) te
hnique [7℄ was used to extra
t lo
al invariant features. In the se
-ond step, a graph mat
hing te
hnique that preserves stru
tural information wasused to redu
e the features and to �nd the highest mat
hing s
ore images. Inthe mat
hing re�nement phase, the Maximum Likelihood Estimation SAmpleConsensus (MLESAC) algorithm is used to estimate the inliers and to ex
ludethe mismat
hed features. The animal identity is then assigned a

ording to thehighest similarity s
ore between the tested image and the training one.



2 The remainder of this paper is organized as follows: Se
t. 2, des
ribes theused materials and the proposed method. In Se
t. 3, we present the results andthe dis
ussion of the �ndings. Finally, 
on
lusions are drawn in Se
t. 4.2 Materials and MethodsThis se
tion explains about the data, previous methods and the proposed methodfor 
attle identi�
ation based on digital muzzle photo data.2.1 Data a
quisitionSeveral authors have used muzzle pattern through lifted ink prints on a pie
e ofpaper for the 
attle identi�
ation [4℄, [8℄. However, the data 
apturing requiresspe
ial skills (e.g 
ontrolling the animal and getting the pattern on a paper),and the di�
ulties of the wet 
ondition of the 
attle nose and the 
attle nervousfeeling leading to smeared and motion blurred muzzle print [8℄. Using muzzlephotos to re
ognize animals by their muzzle pattern enables the identi�
ationfrom a distant point of view. Thus, the animal will not be stressed or a�e
tedin its natural behaviour.The images have been 
olle
ted from 15 animals with 5 muzzle images ea
h.In Fig. 1 is shown a sample of muzzle images 
aptured from three animals. Fourof the 
olle
ted muzzle photos of ea
h individual are used as the training dataand the rest is used as the testing data.
Fig. 1. A sample of images 
olle
ted from three di�erent animals.2.2 Previous methodsNoviyanto and Arymurthy [8℄ proposed a method for 
attle identi�
ation usingmuzzle ink printed pattern. They 
onvert the lifted on paper data into digitalimages using a s
anner. Features from muzzle patterns are extra
ted with theSIFT te
hnique. These features are used in a mat
hing pro
ess based on the Eu-
lidean distan
e and the number of mat
hed features or mat
hing s
ore will beused as a measure of pattern similarity. They also proposed a mat
hing re�ne-ment te
hnique that uses the di�eren
e in orientation for every pair of mat
hedpoints to ex
lude mismat
hed features.



3Awad et al. [2℄ used SIFT to dete
t the interesting feature points for imagemat
hing. The muzzle image 
orresponding to the SIFT feature ve
tor that hasthe shortest Eu
lidean distan
e to the input feature ve
tor is 
onsidered as themost similar one. At the end of the mat
hing pro
ess, the Random SampleConsensus (RANSAC) algorithm is used to remove the mismat
hed features,and ensure the robustness of the similarity s
ore.Tharwat et al. [9℄ used the Lo
al Binary Patterns (LBP) te
hnique to extra
tlo
al features whi
h are invariant to rotation and 
hanges in the images (
olour,texture, and pixel intensity). They also used Linear Dis
riminant Analysis todis
riminate between di�erent 
lasses.Ahmed et al. [1℄ used the Speeded-Up Robust Features (SURF) featurepoint's information obtained from a set of referen
e images. In the trainingphase, the SURF features are stored in matri
es that represent the des
riptorsof ea
h image. After that, two di�erent 
lassi�ers are used, namely, Support Ve
-tor Ma
hine 
lassi�er and minimum Eu
lidean distan
e to �nd image mat
hing.2.3 Lo
al invariant feature dete
tionIn our muzzle pattern re
ognition approa
h, both a training and a test image arerepresented as graphs using representative features, where graph mat
hing �ndsthe pattern and its 
orresponding features by minimizing the distan
e betweenthe two graphs. Sin
e graph mat
hing is a NP problem, a redu
ed set of relativelysparse salient features 
an be sele
ted and their proper relations 
an be used tobuild the asso
iated graph des
riptor.In the last years, SIFT features proved to perform well in fa
e re
ognitionand obje
t dete
tion. These features are based on the appearan
e of the obje
t atparti
ular interest points and are invariant to image s
ale and rotation [7℄. Theyare also robust to 
hanges in illumination and o

lusion whi
h are very important
hara
teristi
s in the 
ase of images a
quired in an un
ontrolled environment.SIFT generates attributes representing the neighbour texture around the fea-ture points of the image. To ensure s
ale invarian
e, SIFT uses a 
as
ading �lter-ing approa
h where ea
h pixel is 
ompared against neighbouring pixels in threes
ales to dete
t the lo
al maxima and minima using the Di�eren
e of Gaussians.If the pixel is maximum or minimum o� all neighbouring pixels, it is 
onsideredto be a potential feature. Following on, the dete
ted feature is is examined todetermine the stability for ea
h feature a

ordingly with their 
ontrast and edgeparameters. The features with low 
ontrast and unstable lo
ations along edgesare reje
ted. The resulting set of points is then used to 
reate the feature ve
tors.SIFT features are obtained from a set of referen
e images and stored in adatabase. For image mat
hing, the features of a test image is 
ompared to thisdatabase. Previous works [7℄ usually used Eu
lidean distan
e to �nd 
andidatemat
hing. However this approa
h does not preserve the point neighbouring stru
-ture of the features. In our work, to resolve the issue, we proposed to build anattributed graph from the SIFT features and then use graph mat
hing to �ndits 
orresponding features in the referen
e image by minimizing the distortionsof the two mat
hing graphs.



42.4 Graph mat
hingWe de�ne an attributed graph as a graph G = (V,E,A) where V represents a setof nodes, E, the edges between nodes, and A, attributes. Ea
h node vi ∈ V oredge eij ∈ E has an asso
iated attribute ai ∈ A or aij ∈ A. In feature 
orrespon-den
e problems, a node attribute ai usually des
ribes a lo
ally extra
ted feature
i in an image, and an edge attribute aij represents the relationship between twofeatures i and j in the image.Let G = (V,E,A) and G′ = (V ′, E′, A′) be two attributed graphs. The ob-je
tive of graph mat
hing is to determine the 
orre
t 
orresponden
es between Vand V ′ that best preserves the attributes between edges eij ∈ E and ei′j′ ∈ E′.For ea
h pair of edges eij ∈ E and ei′j′ ∈ E′ there is an a�nity or similar-ity wii′ ;jj′ = f (aij , ai′j′ ) that measures the mutual 
onsisten
y of attributesbetween the pairs of nodes.For a pairwise edge similarity wii′ ;jj′ ∈ R

+
0 between two mat
hes (i, i′) and

(j, j′), we adopt the symmetri
 transfer error (STE) used in [5℄. Given the twomat
hes, the transfer error of (j, j′) with respe
t to (i, i′) is 
omputed based onthe homography transformation Tii′ and denoted by djj′ |ii′ and formulated as
djj′|ii′ = ‖xj′ − Tii′ (xj)‖ . (1)The lower the value of the transfer error the better the homography transfersthe feature points vj to that of feature vj′ . (djj′ |ii′ + dj′j|i′i

)/
2 represents thesymmetri
 version of (i, i′). Thus, the STE similarity measure is given by

wii′ ;jj′ = max

(
0, α−

djj′ |ii′ + dj′j|i′i + dii′|jj′ + di′i|j′j

4

)
. (2)This measure is invariant to s
ale and deformation 
hanges in the images. Asin [5℄ we set α = 50.A solution of graph mat
hing is de�ned as a subset of possible 
orrespon-den
es represented with an assignment binary matrix X ∈ {0, 1}n×n′ , where ndenotes the number of nodes in ea
h graph, su
h that Xii′ = 1 implies that node

vi 
orresponds to node vi′ , e.g. feature i in image I is mat
hed to feature i′ inimage I ′, and Xii′ = 0 otherwise. The graph mat
hing problem 
an be formu-lated as an integer quadrati
 program (IQP) [6℄, generally expressed as �ndingthe indi
ator ve
tor x∗ that maximizes the quadrati
 s
ore fun
tion as follows
x
∗ = argmax

(
x
T
Wx

)

s.t. x ∈ {0, 1}n×n′

, X1n′×1 ≤ 1n×1, X
T
1n×1 ≤ 1n′×1

(3)where the 
onstraints refer to the one-to-one mat
hing from G to G′. 1n×1denotes an all-ones ve
tor.In general, no e�
ient algorithm exists that 
an guarantee the optimal re-stri
tions sin
e this IQP is NP-hard, and it be
omes ne
essary to use an ap-proximate solution [6℄. Continuous relaxation of the IQP are among the mostsu

essful methods for non-bipartite graph mat
hing. By dropping the two way



5mat
hing 
onstraints and relaxing integer 
onstraints from Eq. 3, the originalIQP 
ould be approximated to a 
ontinuous problem as
x̃
∗ = argmax

(
x̃
T
Wx̃

)
, s.t. x̃ ∈ [0, 1]

nn′ (4)whose solution is obtained by the eigenve
tor asso
iated with the largest eigen-value ofW. Assuming that the solution of the relaxed problem is 
lose to the op-timal dis
rete solution, the �nal solution is obtained by in
orporating the mat
h-ing 
onstraints. As the graph mat
hing module, we employed the reweightedrandom walk mat
hing (RRWM) algorithm proposed by Cho and Lee [5℄. TheHungarian algorithm is adopted for the �nal dis
retization.2.5 Mat
hing re�nementTorr and Zisserman [10℄ proposed MLESAC (Maximum Likelihood EstimationSAmple Consensus) whi
h is a generalization of the RANSAC estimator. Themain idea is to evaluate the quality of the 
onsensus set 
al
ulating its likelihoodrather than just the number of inliers. Instead of using heurist measures, theMLESAC evaluates the likelihood of the model hypothesis. It estimates theratio of valid 
orresponden
es and is solved by an expe
tation maximizationalgorithm.3 Experimental ResultsThe muzzle images are 
aptured in di�erent illumination, rotation, quality levelsand distan
e from the animal. Previous works standardized the set of muzzleimages in orientation and s
ale [4℄. In our work the images were used withoutany prepro
essing operation. In every muzzle image, a re
tangle region 
entredon the minimum line between the nostrils is taken as the region of interest (ROI).The illustration of the ROI is shown in Fig. 2.
Fig. 2. Highlighted re
tangle region is the ROI of the muzzle image.The dataset was randomly divided into training and testing dataset. Duringthe training phase, to prove that our proposed method was robust against ro-tation we in
reased the training dataset by rotating the images 20 degrees toea
h side, building a training dataset of 180 images (15 animals × 4 images × 3orientations = 180 images).



63.1 Graph mat
hing resultsAn attributed graph is 
onstru
ted from the obtained SIFT features to ea
h testimage. The RRWM algorithm is then applied to obtain the maximum mat
hings
ore a

ordingly to Eq. 3, normalized by the random walk step of RRWM.Figure 3 shown the s
ore en
oded in jet 
olour map with the minimum s
orerepresented by blue 
olour and the maximum s
ore represented by the red 
olour.
Fig. 3. Mat
hing similarity s
ore en
oded in the jet 
olour map.From Fig. 4 we 
an see that there are mis
lassi�ed mat
hing features. Toobtain a �nal mat
hing s
ore between two images we re�ned the graph mat
hingresult, using the MLESAC algorithm, in order to dete
t the inlier features thatfollows the same a�ne geometri
 transform, ex
luding the mismat
hed features.

(a) S
ore = 1.0000 (b) S
ore = 0.4555Fig. 4. Mat
hing re�nement by dete
ting a�ne transformation. (a) Graph mat
hingdete
ted features. (b) Re�ned mat
hing features with the same a�ne transformation.Our similarity s
ore was used to �nd the training image with the highests
ore and should not be mistakenly used as the probability that an animal isidenti�ed. A high s
ore is obtained when the majority of the mat
hes follow thesame a�ne transformation, in
reasing the probability that it is the same animal.3.2 Robustness to rotationFrom the results of Fig. 5, it 
an be seen that even when the input images arerotated with di�erent angles, our proposed method gives a high identi�
ations
ore. This proves that our method is robust against rotations in the image. Thisis a very important feature for animal identi�
ation system as it is very di�
ultto take a

urate images from moving animals.
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(a) Test image (b) 0.6878 (
) 0.3637 (d) 0.4555Fig. 5. Samples of rotated muzzle images in di�erent angles. (a) Testing image. (b)Another image of the same animal. (
) Image (b) rotated 20

0 left. (d) Image (b)rotated 20
0 right. At the bottom, the mat
hing similarity s
ore with the testing image.3.3 Identi�
ation resultsAfter the re�nement graph mat
hing pro
ess, the training image with the highests
ore is 
onsidered as the re
ognized animal. Some examples of graph mat
hingre�nement are shown in Fig. 6.

Fig. 6. Graph mat
hing feature 
orresponden
e between animal 9 and animals 1, 5 and9. Left: Feature mat
hing similarity. Centre: Mat
hing features. Right: Re�ned results.The average s
ore results obtained between �ve randomized animals are sum-marized in Table 1. The s
ores obtained between testing and training images ofthe same animal are always higher than the ones obtained with other animalimages, even with image rotation. This is true for all the 15 tested animals.



8 Table 1. Mat
hing averaged s
ores obtained between �ve animals.Animal Cattle 1 Cattle 5 Cattle 9 Cattle 12 Cattle 15Cattle 1 0.5116 0.0376 0.0264 0.0220 0.0187Cattle 5 0.0227 0.2817 0.0143 0.0220 0.0194Cattle 9 0.0271 0.0190 0.7292 0.0197 0.0184Cattle 12 0.0487 0.0245 0.0325 0.4832 0.0256Cattle 15 0.0152 0.0127 0.0111 0.0101 0.54124 Con
lusionThis paper proposed a 
attle identi�
ation approa
h that uses muzzle imageslo
al invariant features as input to graph mat
hing. The proposed method isrobust from three perspe
tives. First, it uses the robustness of the SIFT featuresto image s
ale, shift, and rotation. Se
ond, it uses a graph mat
hing te
hniquethat preserves the node stru
ture of the features. And third, it uses the MLESACalgorithm as a robust outlier dete
tor for re�ning the graph mat
hing resultsand ensure the robustness of the mat
hing pro
ess. The results proved that ourmethod a
hieved good results even if the images are rotated in several angles.Referen
es[1℄ S. Ahmed, T. Gaber, A. Tharwat, A. E. Hassanien, and V. Snael. Muzzle-based
attle identi�
ation using speed up robust feature approa
h. In Int. Conferen
eon Intelligent Networking and Collaborative Systems, pages 99�104, 2015.[2℄ A. Awad, H. Zawbaa, H. Mahmoud, E. Nabi, R. Fayed, and A. Hassanien. A robust
attle identi�
ation s
heme using muzzle print images. In Federated Conferen
eon Computer S
ien
e and Information Systems, pages 529�534, 2013.[3℄ A. S. Baranov, R. Graml, F. Pir
hner, and D. O. S
hmid. Breed di�eren
es andintra-breed geneti
 variability of dermatoglyphi
 pattern of 
attle. Journal ofAnimal Breeding and Geneti
s, 110(1-6):385�392, 1993.[4℄ B. Barry, U. Gonzales-Barron, K. M
Donnell, F. Butler, and S. Ward. Using muz-zle pattern re
ognition as a biometri
 approa
h for 
attle identi�
ation. Transa
-tions of the ASABE, 50(3):1073�1080, 2007.[5℄ M. Cho, J. Lee, and K.M. Lee. Reweighted random walks for graph mat
hing. InEuropean Conferen
e in Computer Vision, pages 492�505. Springer, 2010.[6℄ T. Cour, P. Srinivasan, and J. Shi. Balan
ed graph mat
hing. Advan
es in NeuralInformation Pro
essing Systems, 19:313�320, 2007.[7℄ D. G. Lowe. Distin
tive image features from s
ale-invariant keypoints. Interna-tional journal of 
omputer vision, 60(2):91�110, 2004.[8℄ A. Noviyanto and A. M. Arymurthy. Beef 
attle identi�
ation based on muzzlepattern using a mat
hing re�nement te
hnique in the SIFT method. Computersand ele
troni
s in agri
ulture, 99:77�84, 2013.[9℄ A. Tharwat, T. Gaber, and A. E. Hassanien. Cattle identi�
ation based on muzzleimages using gabor features and SVM 
lassi�er. In Advan
ed Ma
hine LearningTe
hnologies and Appli
ations, pages 236�247. Springer, 2014.[10℄ P. H. S. Torr and A. Zisserman. MLESAC: A new robust estimator with appli
a-tion to estimating image geometry. CVIU, 78(1):138�156, 2000.


	International Conference
	Cattle Identification

