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Abstract; Aiming to address the drawbacks of manual observation of mouse behavior, which is time-
consuming, labor-intensive, and highly subjective, a multi-object mice behavior analysis method adapted
for the Jetson Orin NX embedded platform was proposed. Through comparative experiments among
multiple pose keypoint estimation models, YOLO 11n — Pose achieved the optimal comprehensive
performance, with a precision of 94. 1% , recall of 94. 5% , the mean average precision was 96. 4% , and
inference latency of 36. 04 ms per single image. To further optimize the model, an improvement scheme
with WIoU loss function was proposed, which increased the precision by 2. 1 percentage points and the
mAP by 0.7 percentage points. Subsequently, model structure simplification and quantization were
performed for edge deployment on the Jetson Orin NX platform. The compressed model achieved a
precision of 93.93% , recall of 94. 18% , and mAP of 95.88% , with the inference latency per single

image reduced to 11. 01 ms, a 69. 46% reduction compared with that of the original model. Furthermore,
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comparative experiments were conducted on four mainstream multi-object tracking models, and the results
showed that OC Sort outperformed other models with an inference latency of 2. 18 ms per single image.
On this basis, an improved OC Sort model was proposed. The optimized model achieved an IDF1 score of
83.5% , MOTA of 92.0% , and MOTP of 27. 6% . The number of ID switches was reduced by 41. 18%
compared with that of the original OC Sort, while the inference latency was only 2. 32 ms per single
image. These results indicated that the improved OC Sort model significantly enhanced tracking accuracy
without compromising real-time performance. For mouse behavior recognition, a threshold-based method
was adopted. By comparing manual annotation results with model recognition outputs, the recognition
accuracy of curving, shrinking and elongation behaviors reached 95.12% , 81.71% and 80.49% ,
respectively. The proposed method was applied to compare the 24 h behavioral activities of young mice
and aged mice. The results showed that the activity level of young mice was significantly higher than that
of aged mice; young mice stayed in a resting state for more time, while aged mice were mostly in a
sleeping state. It demonstrated that the proposed multi-object mice behavior analysis method, which
combined the improved YOLO 11n — Pose and optimized OC Sort models, can not only improve the
accuracy of keypoint estimation and multi-object tracking, but also can realize portable and real-time
multi-object mice behavior analysis after quantization and edge deployment.

Key words: mouse; improved YOLO 11n — Pose; multi-object tracking algorithm; Jetson Orin NX;

model lightweight; behavioral analysis
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Tab.3 Performance test results of different object detection models
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YOLO 11n— WloU 96.0 94. 8 97.1
YOLO 11n— EloU 94. 8 94.9 96. 8
YOLO 11n— GIloU 95.0 94.7 96. 6
YOLO 11n — Shape — loU 95.4 95.5 97.0
YOLO 11n—SloU 94. 8 94.9 96. 8

3 3 ) 22 A P IR A R PP AR AR A A% A AR
H AT YOLO 11n — Pose SALHEATIIX, 7E PC
Ui Jetson Orin NX jHZ B 54 i Tilg, h&S
AJ R, 28 simplify FERVEE RG4S #E4T I8 &= A )5 1Y
HESR i o5, Mo b R R R R AT I g b
53.64% , i K i AL REAR 0.67 A1 4 5, 1E HI £
simplify Z5#) & L )5 , 217 Int8 & AL B BL B /£ Jetson
Orin NX V5 F . NI UEH E 5 R, F Jetson
Orin NX V& EXS AL AT Fe bR P Al . fi 3R 5 AT,
RS 2% simplify 2544 {4k . Int8 HE1kJ5 , 5 T Tensor Rt
s 1 4 B B A g, AH B R Ak AR B s e
69. 46% iz ATIN 1Y A7 o5 H 4 B AR 24. 25% , 2 8 i
TREART 1% K563 A M 3A mAP R RESRF 1
NI R £ simplify S5H AL AT Intd 57 HE AL, 45
TRUAE 30 B Rl 2 08 [R] B AR T 38 A7 I A o
FaE, JF BR3¢ WA H mAP JL-F- 3547 TR, 4
B R 93.93% . 94.18% I 95.88% , #fk ¥ H] B K
11.01 ms, KILAE Jetson Orin NX #£47 Tensor Rt fifl#
A& AT A SR R T K

%5 YOLO 11n—Pose FEELFEEMLER
Tab.5 Test results of YOLO 11n — Pose with different quantization precisions

PC i Jetson Orin NX &
At H i H i1 i H Ll . A
mAP/% mAP/% B
/% B/ % F i} /ms /% /% HI B}/ ms &= /MB
AL AT 94.51 94.73 96. 37 4.12 94. 60 94.72 96. 36 36. 04 2.66 x10° 305. 17
Fp32 94.75 94. 12 96. 26 2.85 94.75 94.01 96. 25 25. 60 2.71 x 10° 270. 64
Fpl6 94.76 94.12 96. 26 2.13 94.75 94. 06 96. 25 14. 81 2.71 x 10° 270. 64
Int8 94. 12 94. 12 95. 84 2.07 93.93 94. 18 95. 88 11.29 2.65 x10° 231.17
Int8 — simplify 94.37 94. 25 95.94 1.91 93.93 94. 18 95. 88 11.01 2.65 x10° 231.17




98 P A1 R S S 14

2026 4

2.4 A[E%BRREREEEMSERENR
HRAIEECHE OC Sort B A5 7 1 1 fiE AL 35, A&
Y PR IOZE 22 601 i KARAE I AE oy 5E 0 IR B
PREFRIRLAROR , KR & 2 HUD RS S R
WA AR, ELAR A N T30 W 4 /D BRI ) 1
%o EHI G B FE 02 H AR A OC Sort,
Byte Track ,Deep Sort, Strong Sort #1 C — BloU Track
YEXF oo i3 6 A%, OC Sort Byte Track #
C — BloU Track 7€ #E ¥ Bt #1 IDSW 35 Fr R L 5 K
PEF5 , R W H AR SE AT ID A2 5E VEAL T 55 2 At
B, FER K ] fEZ Deep Sort Al Strong Sort #f {ifi
T AR, 6k PR BT &, AP 23 A AL, AP LA
fE ST 1D P 550 A o A M, HL 3G 0 BR R 4E BRI
[a], @k — & %t OC Sort, Byte Track #1 C — BIoU
Track ,0C Sort /9 IDF1 FI MOTA #{ C — BloU Track
= 8.27% KN 74.61% , . Byte Track /& 2.80% #0
11. 04% , 256 7% A AU 1) o B 1 F0 52 i) P8, OC Sort
BRI ik — A B2 T B ER A o A R, X OC Sort
BEATHCE . Pt OC Sort AH LU JFAE T, 1D 1] 45t i
A 41.18% R W TE Bl 72 b HARX R A9 1D $RiR
T AR g, A SRR B 0y IR W 9 A 3 IDFL

HEHEOC Sort (K5

JEOC Sort (B

(a) Hinil

2.5 NRAT AT

SR 2 T (R A9 48000 1 X 246 1 15t 47
TTRERIAE, S5 RN T Fron . 3T BEIEAT
R B /N BRROK R TE I LA R 37 2 AR A
DX 38R 90 R 2, A7 S 19 A0 I 0850 O it a0 14 oA
BREE o X T DX Il o B AT R) RIS, BE O TR K BT A 2>
BLRE DR o /N BV B SE R AT, IF AR T
R BAT R E . /N R BRE AT
A R

I 7 AL T A R AT I /N AT
R I T 80% , M rb i A |75 A I E B
AR 95.12% 81. 71% 1 80.49% , il

(b) Hfn+ 1t

MOTA 43 54275 51, 82% A1 1.5 /N 43 A, 16 B B 15
o B A 2 3 BT . B RT 8 41, OC Sort 7E 46l
iR 1A HARE, 78 J5 w7 1 4S8 E
FRHE . (A OC Sort 23 ARG I — it {5 12 K5 46
B H BRI B 8 b — i 9 {5 2 35 7 DG G R
SR/ W, R UE T ER R 0 MERR M OF ELB Ik 1D kAR
TR 5 25 M AT AR AL B AT (2. 32 ms) AR
OC Sort(2. 18 ms) ¥ 6. 4% ,{H I A Xt 22 W} 4 385 A%,
S, Ul B BCHE Y OC Sort A5 7Y Wf AR 4f M i A F A%
2 H ks /b BUR BR. B i#E OC Sort fiY) IDFI
MOTA MOTP 454 83.5% 92% 27.6%

£6 TEZEGFRBEREENRER
Tab.6 Performance test results of different multi-object

tracking models

IDF1/  MOTA/ MOTP/ IDSW/ i 7

R b A 7Y
% % % " FHBF/ms
gk OC Sort 83.5 92.0 27.6 10 2.32
Deep Sort 38.6 87.6 27.3 42 18. 50
OC Sort 55.0 90.5 27.5 17 2.18
C — BloU Track 50. 8 51.3 28.3 16 0.62
Strong Sort 34.9 82.7 27.2 49 18.02
Byte Track 53.5 81.5 27.1 17 1.96

(c) Bn+21
Kl 8 et OC Sort 55 OC Sort B B 2k 5
Fig.8 Improved tracking effect of OC Sort and original OC Sort

(d) SFin+317

RT AETHBNKIE LR

Tab.7 Test results of prediction for different behaviors

il AN Tg5 R O £ 4 WA %/ %
W 2 82 78 95.12
il 82 67 81.71
(GRS 82 66 80. 49

P8 TN Py T 34 285 O B B O TN A7 AR R 22, IR
BT B IE X T 3X 2 R AT D B 0 U8 o 0 R A7 A —
WR2E o AHERAT  F BT R AT 5 g 2R
2.6 EFEREZFERITHMIK

P 6 A HAERS 19 Al E4F K24 h 17
kxR T S T IS A NS N Y U BT 7 )
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Fig.9 Motion trajectory heatmaps
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Fig. 10  Behavioral significance analysis of young and elderly mice
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HEHE Ry g 36. 04 ms B X AL RURT B2 i A A 7]
R, A5 PRBCC R WoU 38 5 Xof 3 424 30 5% (1 Bt T
Pere s R R4 T 2.1 > H 4 i, 7E Jetson Orin
NX - & &8 & JF 8 & b 5, B8RO o R R
93.93% , 74 [ & 94. 18% , mAP 4 95. 88% , #fk Hl
R 2 11,01 ms, i 48 69. 46% , & 17 I A7 (5
FHELFEAR 24. 25% B R GF R M 5 58 I 1

(2) %f Lt OC Sort, Deep Sort, Strong Sort ., Byte
Track #11 C — BIoU Track , %5 5 R0 OC Sort 3f Jii 5 A}
PES R M, 0 B AR B R 2. 18 ms, T X
OC Sort f77E 1) 1D ] 46 ™ 0 1% [n] B, 2 ik VT 5 AL 1
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HEF I~ 2. 32 ms, %5 OC Sort 34111 6. 4% , &N
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83.5% .10 ¥k .92. 0% F1 27. 6%

(3) £ T A L 00 2 B A/ RASR AT 43
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