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Fig.1 Layout of experiment environment
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Note: C denotes convolutional layer. FC denotes fully convolutional layer which
has 1x1 convolutional kernel size. H denotes the value of image’s height. W
denotes the value of image’s width. D denotes the number of channel for input
image and output feature map. The final output (heat map) of fully convolutional
networks can be transformed into semantic segmentation results as the same size
as input image through up-sampling operation.
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Fig.4 Fully convolutional networks
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Fig.5 Up-Sampling operation of fully convolutional networks
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WL, AZ X SR B 3 FEARAEL0, 0.8] X ) [ B, X/ T
TR B S IXIBIR B AR K, A Kinect SRAE TR
JEEMGAEM IR L 2 X IBAFAE R “ TR B W, [Ktid
GRS ERGE T 0 0% Xt ™ AL e 7 1
T, R AR 2. B 8d 4ath 1T X
B U DORIR T R LA R, Herh A
XL 15 000 ME R RBEAT L, Kt midos T
T DX AIR L2 P, i 0 RN 2 X IR 5 A

ML e T LW S P X 1R 2 A 4 A6 26 [0.8,1]
I A, T 2042 X 0 R AR 0 2 1 R P 2 1 th
5 0.8, (FS A o1 -7 R FE PR e 0 46 X S IR 4 10
X B R A

U R A AR IO AL =7 (A
BRI S, R EEET 0.8 MRZ AL
JE, 7E FCN-8s (LR F, o7 ARSI AT 50145 5.
0 IR TEH FE 15 FON-8s 45 HUBARL, (T 4, (X B8
TR B R T S B, T A, FON 94 il 15 5
o, DI A, DX SR A BT, TR e I
STEEA (BERE, WX NS SHRE D i
VAR A, BASRIR Max (4, N4, ) : M3 A5, 7
LUK A, (1A, BRI A, (v, ) > 0.8 HURZ AR, AR

FORAIX BN A FCN-8s IEALfFISE BB, A4 1%45 R
45 D-FCN-8s.

A
4, A,
A,N4,
—> Max(Adl’lAf) —>
A A A

d d

e AR LB R A LSS BRI R Xk, 4,9 FCN-8s £5 R
953 H X 42k

Note: A, denotes the object region with edges in depth density image. A, denotes
the segmentation region in FCN-8s.

B9 REFEEL FCN-8s axaitfz

Fig.9 Fusion process of depth density image and FCN-8s
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RAEFEHG R — AN AFF RGB-D Hi &, Z5di4E
A 1449 5K RGB-D E1&, A5 40 AN ZREE L5 E)
Fr%5. FIH NYUD2v ##5 45, A0 FCN M1 8 % 1
KRB Ly EIZ5 5 (FCN-8s) , DL RGBD E1EiE X4y
E|ghE R (D-FCN-8s) 7E 4 Flif SUoEIfE PN Fr e gk
ITHEEE LR, HAREE RNk 1 s,

F 1 7ENYUDV2 HUIE&E LEIEX 5 8 LR
Table 1 Comparison of semantic segmentation on NYUDv2
data set

S PRI

gGuitg R FIITrY WE A

e LA 7 o iRy
KRR INJ #RA M AR Lo Frequency
etworks . Mean .
Data set ¢ Pixel Mean . . weight
ype intersection . .
accuracy —accuracy . intersection
over union X
over union
FCN-8s 0.683 0.521 0.462 0.533
NYUDv2+1 D-FCN-8s  0.719 0.552 0.503 0.572
e 0.036 0.031 0.041 0.039
D-value
FCN-8s 0.862 0.578 0.496 0.773
NYUDv2-20+1 D-FCN-8s  0.883 0.604 0.531 0.795
e 0.021 0.026 0.035 0.022
D-value
FCN-8s 0911 0.789 0.631 0.871
NYUDv2-10+1 D-FCN-8s  0.929 0.801 0.659 0.891
e 0.018 0.012 0.028 0.020
D-value

E: FCN-8s FRoRABHMLIEN 8 fif L RAE M HRAT I Lo 145
D-FCN-8s 7R3t T IR BE % B A 45503 8 % b RAE 3RS #3% o
FILEH . NYUDv2+1 FORTEE NYUDv2 SR B 1 A#0 (4)
JETE R BHRSE (3L 41 i35 o NYUDv2-20+1 1 NYUDv2-10+1 [ L.
Note: FCN-8s denotes the semantics segmentation result of fully convolutional
networks by ‘8%’ up-sampling. D-FCN-8s denotes the semantics segmentation
results of fully convolutional networks based on depth density by ‘8x’
up-sampling. NYUDv2+1 represents the data set (41 categories) formed by
adding a new category (cattle) to the original NYUDv2 data set. NYUDv2-20+1
and NYUDv2-10+1 are the same with NYUDv2-40.

L3P EER I, BRI DI (41 2K, 21 2K,
11 2%) , FCN-8s F1 D-FCN-8s 74> £4& [ F#A — &K
BT, KRB ANEEHMK IR KMESHE 2,
M BE & i 4R S kb, I Sk B2 R B T R A
Tl A A b, fiH RGBD EUGHHTIE o,
JE S W R R R R NMB R R TR R A R SRR
FEEBIE, WTUIXM %GR ST T REOEGE RN
A= R AT X 3, g 32 = e AR 25 6F RGB B4 |
KA L BIRE Z B . 858 1+ D-FCN-8s fll
FCN-8s Xf MG 1114 R UEmIR (pa) . ZT-Hikml =R
(ma) + “FHIXEAE (mIU) FIFF IR X 5 E A
(fwlU) 1) 4 248, % 715k453 D-FCN-8s #1 FCN-8s £ A
[FEHHE S (NYUDV2+1 . NYUDv2-20+1 I NYUDv2-10+1)
T EZ, &5 RGP E ZH (Average
precision difference, APD) , Wi 2 Fix, KEZE(E
D-FCN-8s fEGu MG R w2 . KAz, “FIX
IE A AR I X 35k & i 4 FpdE br b Lk FCN-8s 4
FIFREE T 2.5% 2.3%- 3.4%F 2.7% (F 2 HiJa—5) .

N T IRAEZITVETE FON &AL TR IE 8, A
X FON PR RSEEAT T 2 R, 208 7 SCHR[331R1SCHR[34]
FHITZE, 15 FCN S ST T 2E8 % AL
(conditional random fields, CRF) Fl 5 /R El R BENL %

(Markov random fields, MRF) , A& i&E 4 1EBENLY
Ref @ TR R MR AERIE XA, M S E5H®
FSZ BRAR X BE B A OS, 3% AT LALEZ N 48 7618 X 5 Bk 2
ik G R R T4y E . S R B BE ML T R
CRF = e sty T8k, A TETTFE T, B
RN o> s RIS B RSB B e RIgi R, & 3
AT 4 FharEIT RAE 4 BB BIE U EI BN
FrUE R A EL B, s CRF-FCN-8s /2 I\ 45 iE 2451
BENLIZ 13 BIIE Lo &) 25 F, MRF-FCN-8s A& I Iy /R &}
KEANLIAHF BN 0IE oI5 R 45 FR 0, RIS IR FCN
WA 28 BEAT MG, A5 TG bt LR B %5 FE X FCN-8s Ak
JEHI A TR bR, XRARTREEEHRA T RIEGE
R 1)F AoRA BARMG 2R m AT IR B X 353 2%, i CRF
FMRF BAR 2R A T BE RS G T 30, (HRHOREOR R
kG B B T IR B UG A R B O BR IR B, R R FH R
JE B E A AR B AR I R GE . IX R IR % AT
CLH TR A5 B 2 WX 45 (35 U B S5 3, BB $2 7t
B EIREE . B 10 435045 H FCN-8s LA ARG S (1
D-FCN-8s 5 BEAA AT LR, b FCN-8s 1943 %14
FER 5 B AN D-FCN-8s, 111 1) FF 9 55 2 i 45 23] () 4 )
SR L S ERE.

%2 FCN-8s 5 D-FCN-8s 7£ 3 ZXHIRE LR TFHBEE
Table 2  Average precision difference between FCN-8s and
D-FCN-8s on three kinds of data set

gGuitBEmE KAFE SFIXIR

. AR AL X A
Foi s TR 2 Wk 2 EaekEE RN
Data set Precision Precision Precision DP;C?S;;
difference  difference difference .
difference of fwlU
of pa of ma of mIU
NYUDv2+1 0.036 0.031 0.041 0.039
NYUDv2-20+1 0.021 0.026 0.035 0.022
NYUDv2-10+1 0.018 0.012 0.028 0.020
APD 0.025 0.023 0.034 0.027

VE: CPIREEZE (APD) BITHHEAA, APD(average precision difference) =
(NYUDV2+1)x+(NYUDV2-20+ 1 )x+(NYUDV2-10+1)x)/3, 1 X € {pa, ma,
mlU, fwIU}.

Note: Formula for calculating the average accuracy difference is as follows,
APD (Average Precision Difference)=((NYUDvV2+1)x+(NYUDv2-20+1)x+
(NYUDV2-10+1)x)/3, where X € {pa, ma, mIU, fwIU}.

%3 FCN-8s. CRF-FCN-8s. MRF-FCN-8s #1 D-FCN-8s 7£
NYUDv2+1 #iE&E FHEX D EIZE R L

Table 3 Comparison of semantic segmentation results of FCN-8s,
CRF-FCN-8s, MRF-FCN-8s and D-FCN-8s on NYUDv2+1 data set

GitgER KA X BRI X 5
P 2 287 RS RS ﬁ’*f”“‘r EHLE
Type of networks Pixel Mean M - IXU Frequency
accuracy accuracy ean fo weight IoU
FCN-8s 0.683 0.521 0.462 0.533
CRF-FCN-8s 0.686 0.533 0.477 0.542
MRF-FCN-8s 0.701 0.551 0.485 0.562
D-FCN-8s 0.719 0.552 0.503 0.572

7%: CRF-FCN-8s 7& LA FCN JyEEAl I A 256 AR LIZ Jo 15 21 /0 40 H1 55
H, MRF-FCN-8s /&L FCN NEER I TS IREL RS AFBEN LI /5 13 201 43
B

Note: CRF-FCN-8s is s segmentation result based on FCN and adding
Conditional Random Fields (CRF). MRF-FCN-8s is a segmentation result based
on FCN and adding Markov Random Field (MRF).
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LIPNELE
Input images

L NIEN
Ground truth

B 10 D-FCN-8s. FCN-8s & Affstik
Fig.10 Comparison with D-FCN-8s, FCN-8s and ground-truth
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Optimization of cattle’s image semantics segmentation with fully

convolutional networks based on RGB-D
Deng Hanbing™?, Zhou Yuncheng'?*, Xu Tongyu'?, Miao Teng%?, Xu Jing"?
(1. College of Information and Electrical Engineering, Shenyang Agricultural University, Shenyang 110866, China;
2. Liaoning Engineering Research Center for Information Technology in Agricultural, Shenyang 110866, China;
3. Beijing Research Center for Information Technology in Agricultural, Beijing 100097, China)

Abstract: With the decreasing cost of image sensor equipment, full-time monitoring has been gradually realized in the process
of cattle breeding. Especially, in the whole life of cattle, the monitoring and analysis for cattle’s behavior have become a
research hotspot in the field of breeding. Acquiring a large amount of cattle image and video information, people are more
concerned about how to process, analyze, understand and apply these data. How to segment dynamic objects from complex
environment background is the precondition of cattle behavior analysis, and it is also the key of realizing long-distance,
contactless and automatic detection for cattle behavior. The traditional machine vision image segmentation method is used to
realize the clustering and extraction of pixels by artificially extracting image features. However, when the image background is
complex, feature extraction will become very troublesome and even difficult to achieve. Deep Convolutional Neural Networks
(DCNN) provides another solution, which enables computers to automatically learn and find the most descriptive and
prominent features in each specific category of objects, and allows deep networks to discover potential patterns in various
types of images. On the basis of massive labeled data, the accuracy of classification, segmentation, recognition and detection
with convolutional neural network can be improved automatically through continuous training, and the labor cost is transferred
from algorithm design to data acquisition, which reduces the difficulty of technology application. However, for cattle image
segmentation, the complex breeding environment will be a problem. The color and texture of environmental information in the
image will have an impact on the segmentation of cattle’s details. Especially when FCN uses deconvolution operation in the
process of up-sampling, it is insensitive to the details of the image and does not take into account the class relationship
between the pixels, which makes the segmentation result lack of spatial regularity and spatial consistency, so the segmentation
effect will be very rough. In order to improve the accuracy of semantics segmentation for fully convolutional networks and
segmentation effect of cattle image details, this paper proposes a method of fully convolutional networks semantic
segmentation based on RGBD cattle image. We create a concept which named “depth density”. The value of depth density can
quantify the probability about whether different pixels have the same category. According to the mapping relationship between
RGB image and depth image on pixel level content, we optimize the semantic segmentation results of cattle’s image by FCN.
The experimental results showed that, better than FCN-8s, the proposed method could improve the pixel accuracy, mean
accuracy, mean intersection over union and frequency weight intersection over union by 2.5%, 2.3%, 3.4% and 2.7%
respectively.

Keywords: image processing; models; animals; semantic segmentation; RGB-D; fully convolutional networks; multimodal;
cattle’s image



