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RIEAR, HBIEkMEE R E W EN 1.6 m.
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EUE, ZrlfE 2 M EG A 3 ECEAA AH [R]AS AR A T AR 1) P
B IX 3, FHiHE %X RGB —liE G R Z[EM, il
FLE R 2 A S Pl S BOE BB RN R &R, R
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N T SEL RNNPC J7v, A SCH RS o 8T 51
FEARSY 9 3 FRERAL (il 1 frs): 1) &7 Cstatic
sequence, SS): TEZELEEUZ T HI, WAL T IEIRASE
WA B R 2) 4053 /E)F %] (micro-action
sequence, MAS): fEZELZEKUGFFH, RWAH A AIsh1E
A, (A R R KFECEE B RS SN, {5 W 3 PE g
PR, ¥L5E: 3) WR3IEFS] (obvious-action
sequence, OAS): FEHEZEEIGFH, WA I 1K
BEEEEMAE), e, B, RS,

a. WRFEALE P RS T51

a. Static sequence in test samples set

b. PR AL T AN 1 7 51

b. Micro-action sequence in test samples set

c. DBRREALR i I B 31 51

c. Obvious-action sequence in test samples set

e Kinect 54 1] URGE R — I W45 L RGB G RIR LR, (HA K
Regii RGB g 741, T HiR A FIR B R REARHE .

Note: Kinect device can collect RGB images and deep images at the same time,
but in this picture, we only show the RGB image sequences which are used to
describe different types of sample features.
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Fig.1 Test samples of three types
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B2 ARREMREES KL 0 T 49 B 51 AU th 4,
Fig.2 Similarity curve of image sequence of different pixel
distance thresholds 6

Gt giit, MZLE y SR TETE (Sma, MAX{ Smax, S 1)
X 8] P F R B A S5 41 s MR TE y SR B T5 7E (max { Smax,
$ ¥, min{ Smax, s })X A N FRANEBITE T 24 i 2R 1E
A S TR TE (Mind Smax, S ), Smin ) P 327 B BN E 1.

N TR RNNPC J7iENT 58 B A0 B s A 3 i A
bk, ISR 10 BAR AT A0 3 (BB 30 min /2
FD)o MRIFPSUE BRI, A DL & B &S =4
21 3.6 FimiEUE . K B R TR UG T 5 N ik
R A AT L, SR FE 1 Fios.

£ 1 BEHNEIESEREIEEFEE P RIEFTINER

Table 1 Results of obvious-action sequence by random nearest
neighbor pixel comparison(RNPPC)

A5 BWE (RE19 B85 51 Preserved image sequence KA
Group Total —— - fit 7= A
index frames L% Totals 41%Mi Errors IEffi% Accuracy/% gaved storage/%

1 36012 10260 636 93.8 71.6
2 36010 97% 564 94.2 72.9
336002 10152 688 93.4 71.9
4 36018 10090 724 92.8 72.0
5 36006 10010 552 94.4 72.2
6 36012 10312 644 93.7 71.4
7 36016 9986 432 95.6 72.3
8 36020 10892 748 93.1 69.8
9 36008 10024 722 92.7 722
10 36020 9864 466 95.2 727
P 93.89 71.9

MARE LR AT ELE 2], FIA] RNNPC J5ihREEIES:
BIBFEATT A48 72% e A7 A7 fifi 25 18], T 47 38%4¢
A RCRAE 94% e Aa, FEAR i B AR AT DL A2 FEAS

2 FEFEERGBIEEME

HH T AR SR T X IHE 77 IR BER AR B H AR I A
SR i ) P P2 PR 5 R /D 1282 RGBS 2 81 1t
T P 7 2 R B AR R A T R R 1 T
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FORIRE(E B
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g(x,y)—ﬁXZSS (7)

R i(r, ) FRRE T IR AR 1,7 e, y) o B PR EI
ge, DR i(r, YIIIREER s o 2 BT AT BEEE
B don BRI . VN T dosn 0152 2K
REE 0, TR R T o HO1R 2 AL IRFEH BEH 255,
Il 3 S Kinect 75— %R0 - RGB IR LA
IR (7)o FA SRR P 15

a. 4 RGB K%
a. RGB image of cattle

B 3 ABF) AT 485 49 RGB BA& AR E B 4%

Fig.3 RGB and depth images with same temporal dimension

2.2 RGB E&5RE B &IMRET

H T Kinect f{ R NI ZL AMANLAFAE TR I 3 2,
DRI AE ) — B 20 SR 1 R 4 RGB R 598 5 MR AE N 75
FIEVESEILOCE . W REAEAE H AR IR A TR A 2 R R
BRI S S, BRI S 2 L s AT I )
FrbLk, T ESeHlRE E %5 RGB &I 3 B X AE R
LG

A SRR A = A R IR 5 iR A 8] A7
TERBEMAR Z s AT bRiE, RE IR E R R m s
RGB % I, HTREEET KN 53 #5240/ T RGB
BIUR, R A ERAG 3R R 2 R 282k RGB Bl
T INGAT B B 4 45 T WL RSCR CH AR BE LR34,
HoA R B EUE B A 4= 5 RGB B A R A HI AN FE BT
JUPsE RS LR AT LU 7 RGB B85
RERBAENE LR, KT SRABREGBYE G
AR T AR
2.3 ETREFERIREB BGERTIE

FIFH H ARK I (Selective Searchl™) SR &b 5 44
RGB FE%, &M KEMFEEXER (2x10° L), He
90% LA b #8/2& TE A Bk B A5k X 3. 4 1 ek TR R i
XIRECH , A SCFI RS SRR 4G RGB BG 1 =
FERR, IF HARER A AR BUR ) e .

YT IREEEUR TS, e s R B G T 5 R
PIRFFEEN S FE R IR X ], [FIE X R A = (S
A e AT BT R BT, PR R X ]
RSB . AT e BRI HE X G2 B
A TYIKEE. 76 1.2 354, FIFH RNNPC J5ik0] LLA
T EARSEEUR ARAL RS, AR R iE R R = Ak
231, Pl A] LR A RNNPC J7 32 (8423545 55 AT 3 G
R R I, X EEEN Rey SN &G ER
RABEMETHE, WS RIEKE p

b. BIRREES
b. Depth image of cattle

a. JfIf RGB E1&
a. Original RGB image

R s b

b. JRURIRL
b. Original depth image

c. G FM LR

c. Pixels mapping result

d. KR stk
d. Image background filtering

e. Selective search H2: 7 4 B L HE
e. Region proposals of selective search method

E: AT R RGB BB SRR BT BR, Kl 4c fm 7 RGB &
RIEW L, AoRPIRE R KRG, HRBEREEER OMT 05m
KT 4.5m) KEMBN 0.

Note: In order to exhibit the pixels mapping effect of cattle RGB image and
depth image, we improve the transparency of RGB pixels of fig.4c. In this
example, we preserve the original gray image and set gray value to 0 when the
depth range is less than 0.5 m or greater than 4.5 m.

B4 REBRBRAY E R BRAN SR B L R IELAE
Fig.4 Results of depth and color images mapping and
corresponding bounding boxes
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BER SR BT p AT ABE — X B B2 0.
THREEIE M, g(ep) BB (x, B R R KEAE,
FIA (9 X A&IIG R IAT I, W[p—05, p+S]X (8] I
BEBE IR K

g(xy) g(xy)e[p-8,p+5]
g(xy) { 0 g(x.y)e[p-0.p+5] ©)
Mm&E (9 s, R BIRZ TG =S,
N1 EWEZRRBUE R, AR ot 5 i Ao A
R, 0 (9 BIgE BRI T —UORBEALEE . ¥ p E
YENIER A R B R, W 2 o A E X R
o RSB RBUES

e(nr)= g(x,y)cﬂexp[_(g(x,y)-p)z} (10

2no 207

HA M u=p, 7% o MBELRE ¢ ANTRES
o ASOXHAG XK FEHAT IR SR AL B X T Re %R
FHER R ERE R KER S, 23A10) ) =4,
9=15, ZFEATLLORIEAKFEAELE[p -0, p+o] M IR R AL
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BT FRE, nTLK S IR S R ER ) R A
G ERAERRE R, 6 RGB B A AR [E AL bR B 15
REEN 0, A ORI IET 545 B B4 Fr s DRGB
B4 . & 4e 7 HH Selective Search 2547 DRGB K%
MEAERgG R, gt RiEXBNEELH 200
At HIEGEE IS AR, 50k X S R
T—NMNEER, X2 g A s (5 G AE i AR
RO, AN NV SK 9D T X 3 2 AR gk 3 220 AL [ )9 46
SRR IS AT I TA]
3 ET AlexNet R LEM L& 4k

3.1 YIERAEARFNIE IERE A AL IR

YIRS UFEE F B T IR RN, & sK
WEAREB AT . N TR EFEAZ M, ERERRE
SRR BIAE AN . RSN BRI T AR, RIS R R AR
FEAR KN FEIRET 5 B B2 €0 DA R AN [R]85 55 43 ) idk
T8 Ba BB EG I T N TR, TR
REMEIESE, SREWE S fix.

= WERTHEEE
E> ! TImages set of cattle

; rﬂll PR A R AR A
:> } 'A8 || Images set of cattle legs

= P4 RIS A 4
Images set of cattle tails

W4 SRR R

Raw images set of cattles

B S % EAIiE AL RITAE

Fig.5 Generation process of training and validation samples set
3.2 AlexNet M£&%424y

AlexNet™*& Image LSVRC-2102 K381 {7 ZE 47,
e SR 2%, & 6 . Hh R
J2 FEAERDERBURE, 68 — 4 L E s EHHIEMN
%, B AR R IE SR U R T, B A UZ T ] 2 K/
BRUPK (Stride) 52K H _L— 2 9 UG BRI EE 5
B, SHRBUGREL (ReLU) B4 5 #4) i BURFIE I,
AR N\ B AR W 13 o

AlexNet Bit45H Kl 255608 22T ImageNet™!
Hntk, EEEM T X &4 AlexNet EL#
F T R AR B 58 AL AR, 2 DRI RS/ L 3
53 288 1) 1) () S0 34 22 S /AN T UL 45 2K e O SRR 22 A
PG5 RO, i, Bl 2% o BE RN VR BE s, 3
IR M MBI, BRI ZRRA 2 B A A
Ko FEAEXTTEE DKM E, YMERHELZ)E, =
EH L BE T B A I A, RO 7 A0 B A ) R 1 2R oA %
2 (AR IV N

HE, WARSCBEERAL IR GUEE KN TRIRS R

EEAR AR T R RRAR R K TSy BEAR AR, JHRATR B
JIAR B8 BE LSRR 7 . ik, ASCRATIIMER R IR
TR ARG AR RN BB F O 227x227 K/
RGB EGAF M i (& 7), b i Tho s s
Bz,

J

1

Q

2

I

2

Q

3

Q

4 5 P3 FCl FC2 FC3

-13|Q

[SEEL PN

Fc-1000 Out:1

Cl
hal
b
-]
(]
3
o
Q
>
g
S

Max_pool/2 Out:27

Max_pool/2 Out:13
Conv-3-384-1 Out:13
Conv-3-384-1 Out:13
Conv-3-256-1 Out:13

Max_pool/2 Out:6

Conv-5-256-1 Out:27

E: Conv-11-96-4 FoRiZJZ NERZ, BBWET R 11x11, SRR G
HGEIEHD N 96, HK N4, Out:55 Fomi L R ~F 5555 dpi;
Max_pool/2 iZZRilfb )z, RIS, SKA 2 B FC-4096 For
ZEAREER, SRR 4096.

Note: Conv11-96-4 indicates the layer is convolutinal layer with 11x11 kernal
size, 96 channels and stride is 4. Out:55 indicates the output feature map scale is
55%55 dpi; Max_pool/2 indicates the layer is pooling layer with max pooling,
and the stride is 2 pixels; FC-4096 indicates the layer is full connection layer
with 4096 channels.

B 6 AlexNet W44 AH
Fig.6 AlexNet framework

BERRER

Filled with mean pixel

JRIREBR
Raw Image

B RS 227x227
Image scale: 227x227

|7 FRHEGEEALREER

Fig.7 Fill original image with mean pixels

BEXE S IRT VBB AN S0 5 402K R, K AlexNet
1) FC3 ERHH A uim N 5 1> RSGER AlexNet
PIZHAEGEE] 6 000 JIAS, &N T UK EIE 52
LT, T AR08 2 R B AR AR L HR A X IR
Do BT RSN NNZGRR, EIREF AlexNet JEARZEFAN
HUBIRTIE T, ACEE T 8 P (R 2),
53 b 0 2% T LI 250 10 2 B0 B B 25 0 465 )2 B 3t ik
. HHPESERESHAEIERT, WG E
ZH ZEUD BRI BN (R 2 I 1L 1L 1T EED;
M AEEZEN SRS BRI R GR2 R TV ATV).
3.3 WG =E

ATCAE FH RR 2 STHE 2 32 B2 3T Tensorflow ~F- 552
il Cconvolutional architecture for fast feature embedding)™",
TG R ERALS 4 NVDIA Tesla K40 B A FE
#% (3FF PCI-E 3.0, #Z.0H0i#Ky 745 MHz, 24% 12 GB,
SR 6 GHz, 17 % 288 GB/s) Y, 1 F 37 PCI-E 3.0,
XAES K40 5 CPU Z ARS8 M 8 GB/s $#2m2] 15.75
GB/s.

KA/ BEATURS BT BRI N 3T 4R, R
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K0, SR () BEN0.01, EIIZdFEFf )R

AL 0.1,

F2 ET AlexNet B9 8 R LMERE
Table 2  Eight kinds of network configuration based on AlexNet

X 2% 4 W 4% Bt . Network configurations E# SHeE
Network Total Total
number Cl P1 C2 P2 C3 Cc4 C5 P3 FC1 FC2 FC3  fitH Output layers parameters/10°

1 11-96-4  max/2  5-256-1 max/2  3-384-1 3-384-1 3-256-1 max/2 4096 4096 5 softmax 8 58.29
I 11-96-4  max/2 5-256-1 max/2 3-384-1  3-384-1 - max/2 4096 4096 5 softmax 6 57.40
111 11-96-4  max/2 5-256-1 max/2 3-384-1 - - max/2 4096 4096 5 softmax 5 56.08
v 11-48-4  max/2  5-128-1 max/2  3-192-1 3-192-1 3-128-1 max/2 4096 4096 5 softmax 8 21.51
v 11-48-4  max/2  5-128-1 max/2  3-192-1 3-192-1 3-128-1 max/2 2048 2048 5 softmax 8 14.58
VI 11-24-4  max/2 5-64-1 max/2 3-96-1 3-96-1 3-64-1 max/2 1024 1024 5 softmax 8 4.02
Vil 11-12-4  max/2 5-32-1 max/2 3-48-1 3-48-1 3-32-1 max/2 512 512 5 softmax 8 1.50
VIII 11-6-4 max/2 5-16-1 max/2 3-24-1 3-24-1 3-16-1 max/2 128 128 5 softmax 8 0.26
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Fig.8 Convergence of loss from training AlexNet
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region proposals, ORPs), | H ToU(intersection over union)
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Fig.9 Recognition network for cattle key parks based on Fast R-CNN(FR-CNN)
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Partly body shape parts recognition results of moving cattle
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IR o
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Table 3 Detection speed and average precision of cattle key parts

FHK5 B Average precision AP/%

o ) 2% e e B

Detection  Detection speed LI HRT RS R Sy

network /(s ™) Head Body Leg Tail Mean(mAP)/%
FR-CNN+DRGB 4.32 86.32 82.61 73.34 61.25 75.88
FR-CNN+RGB 0.5 77.69 75.33 65.86 53.41 68.07
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FEH 2 FB(5 E (Depth and RGB, DRGB), 4% 2
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Body shape partsrecognition of moving cattle based on DRGB
12% Zhou Yuncheng™?, Miao Teng™?3, Zhang Yubo'?, Xu Jing"?,
Jin Li*?, Chen Chunling*?

(1. College of Information and Electrical Engineering, Shenyang Agricultural University, Shenyang 110866, China;
2. Liaoning Engineering Research Center for Information Technology in Agriculture, Shenyang 110866, China;
3. Beijing Research Center for Information Technology in Agriculture, Beijing 100097, China)

Deng Hanbing™?, Xu Tongyu

Abstract: Body shape parts acquisition and recognition from moving cattle are difficult to realize automatically especially
with the similar color and texture frames or images. Usually, the cattle’s abnormal behavior is hardly detected by human
because abnormal behavior detection needs continuous observation, but we can solve this problem with our method. In this
paper, we use the Microsoft Company’s smart vision sensor (named Kinect) to collect the information of 2 modals from cattle
movement (the depth information and RGB information, DRGB). The depth information can be acquired by the infrared sensor
and the depth value means the distance between the object and the sensor. The RGB information can be acquired by the normal
camera. Based on the color modal information, we propose a randomized nearest neighbor pixel comparison (RNNPC) method
to snatch at continuous action frames without static frames. By comparing the distinction of pixels between 2 adjacent frames,
we can judge whether there is obvious or micro actions appearing in these 2 neighboring images. And if the distinction value is
more than the threshold, the camera would record the cattle’s continuous movements or actions automatically. Based on the
depth modal information, we can calculate the mean value of depth which is obtained in the dynamic region by the RNNPC
method. And with the mean value of depth, we can filter and transform the invalid pixels into dark pixels in the continuous
frames. Meanwhile, the intact shape of the cattle in the original picture is preserved by our method (save the pixels with no
change). From the results of filtration, we can see that the original image background area is reduced, and the method (we use
SelectiveSearch in this paper) also directly reduces the number of candidate regions compared with the conventional
recognition algorithm. According to the training samples scale, the network performance and the characteristic of the key parts
of cattle from continuous frames, we adjust the parameters of the deep convolutional neural network, and we set the iterating
upper limit and finish the network training when the number of iterating reaches this limit. Finally, with the trained network,
we can realize the recognition of key parts from moving cattle in the processed continuous frames. The experimental results
show that RNNPC method can save 72% of storage space, and the ratio of valid data for the other 38% of continuous frames
can reach 94%. By filtering the invalid pixels, the invalid background information or objects of the original images can be
almost removed, and the number of candidate objects generated by the conventional object recognition algorithm can be
reduced by an order of magnitude. Compared to the original image, 90% candidate regions are reduced with SelectiveSearch
algorithm on DRGB image. By adjusting network parameters, we can improve the convergence speed of deep convolutional
neural network in training the samples with similar color and texture, and the single training iteration time does not
significantly increase. The average classification accuracy of the net can reach 75.88%, and the image processing rate is 4.32
FPS, and under the same condition, the effect is better than that by the original Fast RCNN. By using the method mentioned
above, we can realize body shape parts acquisition and recognition from moving cattle.

Keywords. image reconstruction; image recognition; algorithms; cattle; deep convolutional neural network; object recognition;
DRGB



