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1. Machine Learning (ML)
2. Machine Vision (MV)
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Figure 1. Measuring mode of the body dimensions of camels. Hip height
(A). Body length (B) and Shoulder height (C)
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Figure 2. Multi-layer neural network to estimate body length of camels from extracted
features of digital images

N BRI I C WP RUR VL ISR JINT 2
S o s gladde ple bacslas 55 e
slnl (e 0l (b e sLaaSS
Sl idlamms polal Ol sas 53, 5l b 23
Sl 2 59, 5l s G sl e
s S o an gl sl Sl eds o s
claasl s plad ys A esliad b s
Od bl e Gl L el b ae
3oV bl ogns Y lads 5 slia e 2
rsbal 5ledd sl Sls puas slias b Jsles
Q55 S oA w03 A e e 2d
gl a2 Se Sl et 5 e L
Jpmam o3 s U 5 Ogasl Jisy ol
2 0bgy b Sl Y o ety S35 G VL
Oy dsb e gl okt (Hl b rae glaasid
VE 9IA O i g S LL}?S CL&J,! ol CLAJ)l
B Laasd cpl s Al sk Sl Y s 055
2 3 K eSemm CIF0 58 Sl e Y Jas]
ol YUSas3 aS s o g5 5l s 2 Y
RGIUVH PSS WP

sl e (Gl ol ags o ad YoV sluss
sl b Gl sl W sl e 2 O
5 (053l 5 izl (a3l e Jals) oS
o3lil 3550 4K ol bl gy WSe Y

RSP

\AN

L oledbl g5ls osls :oleMbl 5918 oa1a rl:u|
A Sls s o 3L, Bl CAES Goa
Lok, Olvsar U el Sl ol ol
53 $3LS eals Jomlpe s ol La 2 0 ol
e ras Sl Sl eslind b Sl anllla
S Sl sy § SO 4 pasie s 4
AN ble 5 (Fiman pae oSt Lame 53 345
O sl ez ) slateas A plonil (Y00 4) e
e sl 5 M slie et 1l 5 s 2
= N edd (o U e 4SS L el
o s S s M e e 1S
e Al e S A esls i3 gel et L
bt s e sadie Ll e
g 3less Y s eslar ol 5y, o] WY) wasb
P & b P PSP EEY [STIPRT-R RPN
Jld sras s S 4 (935,55 DD
LMl 5 pslas lea s Sl Olo gast
S Lol 5 olal pae aaSs 25 >
Sy 4t gl S S 3y b gt i
Shls aS Jus ool jo s os S 15 eslan
sl Jde Olse 4 o5 W o 2S5 s 0 SV
Ll s (505 51 o Oy sl (e g
WJdes o g bl s .23 S 15 eslinad 5 4

1. Nftool
2. Feed-forward neural network
3. Back propagation



YA (V) 05kowd d(Y) WS gl 45 (g Ay puids

B mote BB Gl s Ol O sl
2k Jhe 4 sloe YU 5 oo Gla Saan
55 b S o3Il Sl i b ol el 5 a8
| il e 5 0 slayl Oy il
eSS o gt 55 sdate Slalles El 35 e
Sla S5 45 Ans s 0L pls O sLa
SIS slal St U 3yl LBl s w3
351 melin 5l y B el 3550 pls O
Gl Sheslial L (Yo ) OLLSGan 5 5 53
2 b S S Sl pat Al
D3 S Geds Ly 05n Jguamms et o e
Jd b a5 a5 (s ol 3
Aol 5 Sl (Lol Ol e dae s ol
055 oS Slm F5e Sl S Olyeay 3|
Oeaen (N 285 15 ealial 35 5e e g paes
a5y 3l eslimal L (YAT) 0,Lsen 5 0L
SISV asd 5 s holed a4 330 pwlid 1SS
Lol s sla ale o) Al o

QY]

SlaSis ) Jadr 55135 s Shy bl
bl U gl (Stad 5 Lol pad 0l o s
Sla S5y as same ol sl £l s 2 S
Aot g olew gl £ 50 53 Gl ) Jadr 53 sl
gl e s w0 0ds (1S ) slad
2l Sl 2,k i (S5 YY ¢ ez 53 5 Al
A3 S Jlasad
Sro Ve S Odn slal e (ol
St $2505 Ol nislal el 2l
sl esliul ol sla S5 a eslital aae
e (ol ol ba ni S sl s (6l
(ol sy dyb o b e d sk dolee L3
S Ll 5l g w3l dols 5 iw b bl sl
Slal b Bdes sl Ol bl K6 Ols 5ast
O 855 Rl (B Sl s s s e g
O sbal 5 o SRl L e (i 53 b 22
om VL e St 3555 1 el ol o Ll
L eslal 5hodd plpal ol S5 sl S5

Le 2l O sl 9 Oy eess (gl p eslaiul 5,40 Jhoms »olar 5l el Cb:'r.:.»‘ Sl s N J g

Table 1: Extracted features of digital images used to estimate weight and body dimensions of camels
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Figure 3: Accuracy of artificial neural network in estimating body length of
camels in the training, validation, test and all steps
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Figure 4. Accuracy of artificial neural network in estimating shoulder height
of camels in the training, validation, test and total steps
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Figure 5. Accuracy of artificial neural network in estimating hip height of camels in the
training, validation, test and total steps
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Table 2. Comparison of the estimated length deviation of final model from the actual length of camels
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Table 3. Comparison of the estimated height deviation of final model from the actual shoulder height of camels
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Table 4.Comparison of the estimated height deviation of final model from the actual hip height of camels
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Abstract

Background and Obijectives: Measuring the body dimensions in livestock is usually useful to
predict the weight, grade and body score of animals. The shoulder height, chest circumference,
chest depth, body length, forehead bone size, rump height, distance between eyes, ear length,
and tail length are the most important body linear measurements in the livestock. Most of these
dimensions are related to the live weight and some important traits of domestic animals. For
example, the results of many studies indicated that the chest circumference, body length, pelvic
width and shoulder height are the most appropriate and reliable parameters for estimating live
weight of the animals. In recent studies, features of digital images have been used, in certain
circumstances, to estimate body dimensions of domestic animals. The base of these
measurements is the machine learning technology, and currently was tested on some livestock,
such as dairy cattle. Therefore, this research was conducted to investigate the possibility of
using machine vision technology in order to estimate body dimensions of one-humped camels.

Materials and Methods: This research was conducted on one-humped camels in a privative
camel breeding herd at Qom province. The studied herd originally consisted of nine adult
mature camels, one an adult luck and 11 pedigree camels from 2 to 12 months old of age. In the
following months, five baby caormels were born in the herd. The body dimensions of all camels
were monthly recorded, and in the same time, digital images were captured from camels
regarding a constant distance (2 meters). In this study, a total of 203 biometric records of camels
at different ages were measured. Each photo was first transferred to a computer, and some edits
were made to improve its quality. Twenty two morphological features from each image were
extracted using defined functions of graphical user interface of MATLAB. The characteristics
that were more relevant to the biometric measurement of camels were selected using Pearson
correlation coefficient by SPSS software. The data mining process with the aim of discovering
mathematical relationship between extracted features of digital images and body dimensions of
camels was done using a feed forward neural network which was trained by the "back
propagation algorithm" in MATLAB software.

Results: Some extracted features including equivalent diameter, major axis length, minor axis
length, bounding box, convex area, filled area, area, perimeter and the number of non zero
points in digital images had high and significant correlation (P<0.01) with body dimensions of
camels. These features were used as effective input to design the artificial neural network.
Accuracy of the artificial neural network models to estimate body length, shoulder height, and
hip height of one-humped camels were 0.98, 0.96 and 0.96, respectively.
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Conclusion: The use of image processing and artificial neural network or other data mining
tools can be considered as an appropriate and accurate alternative to human assessments, and
help to save the time and expense associated with the biometry of large livestock, especially
camels.

Keywords: Camel, Biometric, Image processing, artificial neural network.
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