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X5 AR Xiao Z L, Yang Z L, Liu H and Jin H Y. 2022. A spliced feature matrices learning method for open field test video classification. Journal
of Tmage and Graphics,27(03) :0988-1000 ( i BEAK, i, XK, 4 1F3HE. 2022. [l 1) ™ 37 52 B WA 43 28 (R AE DF 240 I 2 20 O i P I R 42 1
JE#3R ,27(03 ) :0988-1000) [ DOI:10. 11834/jig. 210606 ]

T (2] B 37 SR 3G AL 87 4y R AR IE 2 BB F 31 773k

HEARD S X, el

1. PEEE TR AR S TR, TI% 710048; 2. PEPFIAMKIHHA 5% 48 AR ELLWE, 19% 710048

% ZE.: BB IHTE (open field test, OFT) EAT N 2= 52 BLSL I 0 v i I SE 0 Jride . o T X LE IR F1 2
AR/ R AAT N RRIE 25 5 38 0 TR B RE 2 RS 0 X 3 S B B AT A B AN, Pl T4 S 56 B K
ARSI 5% 0 ST, S 3O /N BRAT SR 22 5 WU 0 A B AR EL e 2 S kAP AN HE bR . DUt 48 SCHR H — b
T H AL WL (convolutional neural networks , CNN) BH S 04040 /02 07 vk, v 3 T2 AL RRAEXT PR/ UG AT
S AN, FiE NS ORI S R 22 40/ BB BT N RHE , 2t i Ak S AR BURRAE 46 4, 4 1T LA
JEEPFE T MR 0] 2 2] BT ORISR BEAEAS | 1) A [7] 285 49 46 FE A 28 0 28 X B B A7 SR AU R AR 3R A T 1 45
FG2E I3 T A S5 XT3 245 RS2, 7E 52 MG 2H /I BR 3 28 A R Als B, X AN [ 4 B2 /) BRAT S R AE X 43 264 2
M EZAMEFATITO, R  TERSLY R EIEE RS/ i W] A SCRE 1Y 73 28 HERT 5 99.25% , It
FH S50 45 54T 28 B/ 0N B DR 2 Ty AR 5% B DXl 5 B TR /N RO 2SI BE M v T LA R R AE . &5 42
HE R AE D0 B 2 2 5 VR RS VEE B VU0 T 28/ BRI 37 S S AR Y 22 S, AR SO i 1 0 R UER R I AR T 3R A
T i R G MBLAS 2= 2 ik

KR 37540 (OFT) A7 M 3 M7 s A28 s FRAE DB A6 E B AR 22 2% (CNN)

A spliced feature matrices learning method for
open field test video classification

Xiao Zhaolin'”*, Yang Zhilin', Liu Huan', Jin Haiyan'*"
1. Department of Computer Science, Xi'an University of Technology, Xi'an 710048, China;
2. Shaanxi Key Laboratory for Network Computing and Security Technology, Xi'an 710048, China

Abstract: Objective open field test (OFT) video classification is a wide spread method to assess locomotors activity and
mice habits control in pharmacological experiments. One major goal of traditional OFT is to sort out distinguishable features
between a testing group and a reference group. Researchers will analyze those video clips to find out animal behaviors
differences for the two groups of mice based on digital OFT videos records. The manual inspection of OFT data is time con-
sumed and high cost involved. A detailed analysis process relies heavily on professional experiences. Our research illus-
trates a learning-based classification through an OFT-videos-based quantitative feature extraction. We show that a spliced
feature matrix learning method has its priority than current independent features. Hence, a convolutional neural network

based solution sort out the oriented video clips of two groups of mice. Our analyzed results can be summarized as following:

Y5 B H#1:2021-07-26 ;18 [E B #A:2021-11-18 ; FEN A& B #A:2021-11-25
# BISVEH : &M jinhaiyan@ xaut. edu. cn

EETWA: HEK AR EEESTH (61871319)

Supported by : National Natural Science Foundation of China(61871319)
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1) a novel spliced feature matrix of OFT video is demonstrated based on 22-dimension quantitative behavioral features.
2) To analyze the influence of network structure on the classification, we design and test 8 different convolutional neural
networks in the experiments. Method Our research focuses on the varied characteristics between the two groups of mice
macroscopic behavior. In the context of the spatial and temporal domain of OFT video data, 22 distinct types of features are
extracted including average crawling speed and distance, the positional distribution of staying, resting time, turning fre-
quencies and so on. These quantitative vector-based descriptions of the OFT video can be well distinguished based on tradi-
tional machine learning classifiers, such as K-means clustering, boosting classification, support vector machine (SVM) , or
convolutional neural network (CNN). Some quantitative feature vectors are proposed to separate the testing group from the
reference group. Another critical factor is the mice crawling path, which cannot be vector-oriented. A novel regularization
and fusion are employed to illustrate both the quantitative features and non-quantitative crawling path. By constructing the
targeted self-correlation matrix of weighted feature vectors, a 484 Xx 484 quantitative feature matrix is spliced with a 484 x
484 crawling path image, and it leads a spliced feature matrix representation with a 2D dimension of 484 x 968. We intro-
duce a CNN-based classification of spliced feature matrices from different network structures. Based on 4-layers CNN to
10-layers CNN, the quantitative feature matrix or the spliced feature matrices are learned via the basic network structures,
which are we evaluate the impacts of different network structures and feature dimensions on the precision of OFT video clas-
sification further. In the experiments, we test the demonstrated feature extraction and classification on the real OFT dataset.
The dataset is composed of OFT video of 32 mice, including 17 mice in the test group and 15 mice in the reference group.
The testing animal group is injected with a kind of anti-depressants, and the reference group injected with only placebo.
Each mouse is eye-captured independently using a video camera for a 24 hours timescale detection in the OFT experiment.
These video data is cropped into targeted short duration video clips, each of which is 10 minutes long. We construct a data-
set based on 3 080 testing samples and 1 034 reference samples. In the training analysis, the training dataset is based on
3 000 samples and the testing dataset is based on 1 114 samples. Result Our demonstration indicates that the proposed
algorithm is optimized to manual classification and supported-vector-machine solution. In respect of the experiment data-
sets, the classification precision of the proposed algorithm is up to 99. 25% . The accurate classification of mouse OFT video
can be achieved via a simplified network structure, such as a 9-layers CNN. The varied feature dimension to classification
accuracy is not balanced. In terms of the ablation results among different quantitative features, the large angle turning, sta-
ying time and positional distribution are critical for identifying its grouping than other quantitative feature dimensions. Non-
quantitative crawling path image has obvious contribution to classification, which improves 2% —3% precision in classifica-
tion. The demonstration also verifies can achieve good classification via a sample network structure. Conclusion Overall,
we propose a CNN-based solution to classify the testing group OFT videos from the reference group of OFT videos via the
spliced feature matrix learning. Both the quantitative features and qualitative crawling path are melted into a novel regulari-
zation and fusion. The identified classification has optimized on manual classification and traditional SVM methods. Our
classification precision can reach 99.25% on the experimental dataset. It demonstrates a great potential for the OFT analy-
sis. The further research work can verify the relationship between distinguishable features and detailed mouse behavior. The
learning network optimization can be further called to enhance the generalization of the OFT classification.

Key words: open field test (OFT) ; behavioral analysis; video classification; spliced feature matrix; convolutional neural

network (CNN)

SNBSS AT R R SR 37 52 50
HEE 30 53 I 4 W 2E /N BRLIY O St ) B B iR
B R B4 BRI T 5 B, TGN U251

B3 5L 5% (open field test, OFT) (Hall, 1934 ) X S A PR L L R AR A A5 A
FRHORSCR LIPS BB R IREEh AT FLOT, PSRRI T 09 1 35 30 2 A
o BHER A AR R —F 07k JEE 2 Z TEARAOZ T 0 S0 Walsh A1 Cunimins, 1976) .
DT AR R, WA SRR BTN BB S SRR I LT A
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WA BTN N T2 B FE AT SR O ge 1t S 20n] 3 A
FROEAY YR FE B, HXT 9 4H/)s BRURRAE 22 57 70 B S A
W R A 256 PR, W37 S N T B K
Bl ge RS ot 5 m S B PR

AHEZE Ok, 5o E B AR I AR B B
Geit5 0 Hr S5 5 A S T AU AT s ) P
K, OFT A O E N T A AE-5 R 45
352 3| & VE ( Stanford , 2007 ; Novdkova 25,1997 ) | %
JE27 A BORTE H AR 5328 R iR LA K P 18RI A3
A PRGUSIRAG T ARZ MBI . 55 TR 7~ 3
W, AR SCRZR/N OFT #UGE Bl R#AE 1 14k 07 ¥ LA
Kooy ralidt, R PR R 7 28 iL—Fh o4 OFT 14
/N BRI SRR 1Y HE BRI R | E T 455 4 AR
25 4% ( convolutional neural network, CNN) A9 Ten-
sorflow FE4E  $ HH —Fh G 65 A 25 X 43 T 20 N 2 2%
ZH/IN BRI TR 2 S I 3 2R 07 1% 0T iEAT B
THRALS T OFT BB /N AT 2257, O OFT 73
Brod it { Sk s B KI8Tk . A SCATHT AT
4509 1) $HVRE OFT MUASHH /I B vl S AL RAE R4 T
TR IS0 LA 19z 3l g A R 3T DF
Fe B OFT ALME Sl RFAiE A 45 AE DF 701, T2
BT T RHAE 7 2] 19 OFT UM i Ak Bl 2) 2T
OFT PR A AR ME DF HE A0 [, 348 1 6 T BRUph 22 ) 4%
/N 20T PR RS OFT i 5 B9 IE 1)
KMERTE, TR RS b i — 25 A AN [l 5 A R
ZE R EERG R |, e BRACR T2 B30 /0 1Y ] 26 4
2R A ] S HN R AR DF AR M R R T 0 28, 3) AR
S AR T LS OFT &8s, 76 32 32 Y ki el i
ARAME ST HE WG ZH /)N B AR 22 S i RS B0 T, A SCIREAT)
AR X0 W 2/ BRI 22 ) A 22 57 X AR T
OFT #UAR 1) /N BUAT O 22 S i A o i it 18 i,
Ity OFT BA 252 08 T ks BE R A S Ak 7 %6

1 #HxIE

1.1 ETFTHRZINAAD LKA

[ 20 142 90 4EAX Cortes il Vapnik (1995 ) 2% F
R R AR 2 PE 32 35 9] & ML (support vector machine,
SVM) S8 b B 1) 5 F /B Lok, BT SVM
() BARGr 27 T R TG SRR R B2 Ty VA 1Y )R
R, 7E 2R R 3 2R B FR RN 55 B T S
() 4 BE ( Durand %%, 2015 ; Schuldt ZF, 2004 ; Lin FlI

Hauptmann 2002 ) , 4 4285 55 A (2009 ) X AN A7H
SrFT A OGO TARE AT T RS, SCHF M AL
(SVM) & — i o A 9 07k, B4 XS /AR
B 43 26 (Bl 45 ,2005) , HPE 243 2K 3 50 h Rk
NHAE

T 10 48, DA U2 I 258 S AR R TR B 27 2T 4
RIEARZ AN AGE] T 32 W H ( Deng F1 Yu,2014;
Nair %% ,2015 ; Nam #1 Han,2016) . 7E#L59143 245 4510,
HH Karpathy 26 A (2014) $2H T 3T CNN g9 25 3¢
I RIT T, Ng 55 N (2015 ) K0l R0 28 0 2%
A AL M 25 I B JRJZ (9 CNN Hai H o , fil 0L
W MR EE B XA T i — PRI, Xu A
(2016) $2& 1 T 156 9 4 AP 28 M 4% (recurrent convolu-
tional neural network , RCNN ) , 1] FH i 5115 v 1) Jai 35K
RRAE 25 SRR LA R 3 252 Mt 22 [) P FSJ ) 4 A X HL A43T
HEATHRE XA (6] R 28 B AL 53 28 B i 3 RIOR
Wang %5 A (2016) &1 T—1~ CNN-RNN 45 HESR,
AT 22528 PR 53 S T, Zhou 45 A (2000 )
PRI ) ARFAE B2 ORI A 25 4 BT AR 25 4 B0 T — R e
B W 28 R G, IR U Lo 2P IS T
BRSO O (2011) 2R W 2 ) 5
IR T T e oA 8 5 M ) A 4325, Car-
reira Fl Zisserman (2017 ) $#2 T —F0 R H 3D & F
25 [ 248 (8 LI B A 43 26 7 v, TR AE L R A
(1) Kinetics ZCHa 4 F IS 1 HERR 19 N 2647 043 43
gk 0 Jiang 55N (2018) FEAESY TiE N ARBY
FATRZIG AR T — R AT S S AE AL 5
FHARIE DG R ANZE I AR 2 w5 20 2B VERE , 32 10 A9 1 0 4k
T SCOUTUASON WA 3 2 78 21 1T UL 53 26 v LA
B R % Brattoli % A (2020) B i 1) 3D %
R 22 0 285 252 2] i 3 ZEAEAS N AR B LS 541, 7T ey
FRS MR I ZR 3 A JFAE 48 2 WU B 13
A7 (fine-tune ) , © 3R45 BL4F 1Y 43 2 PERE
1.2 ETHHRZSINT HEREFELERAR

Choleris 55 A (2001 ) SR JH ™ 37 52 4 WF 52 25 ) fii
FHS /N TEAT O 19 G A, 1 SE 6 /N BR S Fh AT
(BIEREE PEAR AN [] DX I ) 45 B P[] LA B 3 7. B
85 ) AR LRI ] AL 2 1 0 25 BPE B . 56 T4
A B 3h 4k & Ak B R | Decker FI Hamprecht
(2014) $2 Hi A5 B0 X8 /) B B A A [ 38 20 147 A6 0 7Y
ik, A BT X BUAT S i AT R R ) 26
Monteiro %j\( 2014) T —Fp TR E SR
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ANEEUG 53 # J5 :  JFR g il 1 4 BT/ RN 1
PRI A 25 0y ALK AE . HAh, Hong 55 A (2015)
SO P HUNBRBEAT B A2 2R i AR 2 S HAT YR
), SR I T A A g A8 =R O 2 AT A RLIX A3 13
TSR] A9 /N AT A

TEMLAS = > B & ) A9 [ B, Burgos-Artizzu 55
N (2012) ffi FH B 38 W $2 F+ (adaptive boosting, Ada-
Boost) 5 ( Freund Fl1 Schapire, 1997 ) 1 fy £ 1% 43
AR LI/ N AT T AL AT R, X H T Bk
FRIE (B 28 R AR DL KR 2 0 R P2 0 MR 7E Ada-
Boost T UG | 45 5 7R R AR DR B A 00 6
B 0 T R feff ] HC Al PR AR AR AE . Giancardo 5 A
(2013) A 1 —Fp S g/ N AT R R G2, I
] BEHL AR AL (Svetnik 45,2003 ) X /INER 58 HAT K
74325, Katsageorgiou %5 A (2016) & H — /4
I SRS Y T M 2 >0 O R/ B AH B e A T
1M, IR /NBRAT R o AT R R D
AR5 7 200 — H a2 HUN B T A I A0 732
LIRS B LA SRR AE AT 3 PRI AEE AT Ak 25 ]

AR SCA 1 — Rl T [ B 37 S AR O S R R B
PR 24> 50k R ONN 1B R 3 A 432K 88 il i
XF 22 #E/ N AR T DR R R R P 2 > S R

DR BE 05 52 5 /N LS 5325
2 ETIMS ey RAMm S 2

AR OFT SE50 /N S 525 2l AN 4
FERRATFOEE AT /) BRU e S e AR T AR 2547,
X122 /N RACE S LB (A S 250 il .
AR SC H AR AR FH R EE 2 2 O o 4 225 411
BT [ 34328 IRl B B A PE A OFT AR A /)N
FRAS 12 SRR 1 T 23 24 1k

EEXF/NER A OFT WARECHE , A8 SCH Hh —Fh 2k T
FRHE DR A B 24 2 (19 CNN 402805 32, B sk i f
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Fig. 1 An overview of the proposed OFT video classification based on the spliced feature matrices
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Fig.2 The calculation of the gravity center( ( a)original image ; (b) difference between the two templates

(¢)results of corrosion operation; ( d) calculation result of the mouse gravity center)
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Table 1 The structures of convolutional neural networks in this paper
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Fig.3 The OFT experiments setup( (a) OFT

experiments setups ; (b) clawing path images)
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Table 2 Calculated results of quantifiable

characteristics of mouse crawling
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Ze L RtAl/s 112. 88 131. 306
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ERIETIN TS 43. 824 51.958
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Fig.4 Quantitative comparisons of each dimension of mice behavioral features
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Table 3 SVM classification precision after

removing a specific feature dimension

EBROVFHELAEE  FIRFHE 2 U 2/ % He
YR 68. 18 16
NENiRY I 64. 36 11
A 5 B BT ) 66. 66 14
A, 15 FA B [a] 61.90 9
A, 15 BT 57.14 6
A, 15 ER B[R] 47. 60 4
A 15t A] 59. 42 7
A 15 ER BT 42. 85 3
A, 15 ER B[R] 53.33 5
Ag 15+ EA B[] 61.90 9
A, 1551 Bt ] 59. 42 7
0° ~25° 71. 42 17
25° ~40° 73.33 19
40° ~55° 71.42 17
55° ~70° 66. 66 14
70° ~ 85° 75.19 21
85° ~ 100° 75.19 21
100° ~ 115° 73.33 19
115°~130° 38.09 2
130° ~ 145° 33.33 1
145° ~ 160° 64. 36 11
160° ~ 180° 64. 36 11
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F4 KA 22 EBUSHESHESEERIEABMALE SVM 53K LR

Table 4 SVM classification comparison between input with 22 dimensional quantitative features and spliced feature matrix
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Fig.5 The curves of classification precision with the
number of OFT video samples( (a) precision of
classification using only the input of crawling path
images of mice; (b) precision of classification using

the input of the proposed spliced feature matrices )
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Table 5 The precision of classification

using A—D network structures

/%
MZgiam)  JNEBEARIEIR 484 x 484 AEFHEAEFF
A % 91. 66 96. 29
B M4 91. 66 96. 29
C M 82.75 92.59
D W44 82.75 92.59
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Fig.6  Comparison of classification precision with different

classification methods as increasing the number of samples
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Fig.7 The loss values and precision curves of the OFT
video classification based on E—H networks( (a) curves
of the loss values of E—H network with the number of
iterations ; (b) curves of the classification precision

of E—H network with the number of iterations)
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Table 6 Comparison of precision and training loss of

OFT video classification based on E—H network

I 45 24 EER] G IEUERR R/ %
E M4 0.207 4 97. 08
F M4 0.1923 98. 83
G M 0.187 3 99. 25
H M4 0.230 7 93. 39
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Fig.8 Comparison of the influence of different
proportions of test datasets on classification

precision and training loss based on G network
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Table 7 Comparison of precision on OFT

video classification with different networks
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