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Fig. 1 Schematics of movement trajectories reconstruction from rat neural spiking activity
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Fig. 2 Place fields of six representative place cells from simulated data

(a) Simulated neural spiking. (b) Spatial distribution of spike firing rates. (c) Pseudocolor maps of place fields estimates from two-dimensional Gaussian

model.
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Fig. 3 Results of trajectory reconstruction from simulated data

(a) Position and size of place fields of all place cells (n=16). (b) The reconstructed trajectories with data of the place cells.

:Reconstructed trajectory.

Kl 4 =M E @ EER EREER(CC A RMSE)
BE AL B A AN AR, B 4a v B, Bl 4b
Ny MR EEAR, ERBESN 10 RESH R
SIS A IR B, AR RS A A7 B 20 P 4R
SERENUIMEL R . B 4 AT &1, EKF. UKF Al PF 5
LBEE LB AN A SR 3G 0, B PR R A R
Tt A4 B BOE R 13~15 MR, HE
PERERG IR BT 4570 2%, HL 4% 2238 hn 475 347 B 240
Mo, EEMREE A BERT. HEHEKNE,
PF @ 50y ZA T EKF M1 UKF 59%, 11 HAEA
FIE @R N, PFEVETEE DM B,

:True trajectory;

X R A DURE N B /D 3@ T8 1) H B R AT RS
f£%.
22 ENKEESBRSH
221 SEEEE

S EAR RIF T A2 K22 A L3R & (https:/
crens.org/data-sets/he/he-2), T SEEGHUHR 1) 4K
LB AN T AL B AR VS 2 % SCR[15-16], BG4 T
ARATE s L E R A 4 H B ) HEPE LE (Long-
Evans) K. Seierp R0 TET LR & k
H Bl R K BIE sh B AN D CAL XA Z
59, BIPOLKERENAEN 39.06 Hz, ME[ES



*822¢ £ FESEYYNIEHE Prog. Biochem. Biophys. 2016; 43 (8)
(@ 1 15
N
D
10
&=
S 05 g
551
5
0 . . . 0 .
5 10 15 20 5 10 15 20
No. of place cells No. of place cells
(b) 1 15
10
2
SRS g
51
5
0 0

No. of place cells

No. of place cells

Fig. 4 Dependency of reconstruction accuracy for each algorithm on the number of place cells

(a) x position. (b) y position. The y-axis depicts the mean accuracy among 10 random subsets of place cells used by the three algorithms to make

reconstructions. O—O: EKF; A—A: UKF; O—: PF.
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Fig. 5 Place fields of six representative place cells from real data

(a) Hippocampal neural spiking. (b) Spatial distribution of spike firing rates. (c) Pseudocolor maps of place fields estimates from two-dimensional

Gaussian model.
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Fig. 6 Results of trajectory reconstruction from real data
(a) Position and size of place fields of all place cells (n=17). (b) The reconstructed trajectories with data of the place cells. ——:True trajectory;

——Reconstructed trajectory.
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ecl3 (0.77, 0.65) (4.09, 3.95) (0.87,0.94) (3.30, 1.78) (0.95, 0.96) (1.51, 1.30)
ecld (0.57, 0.64) (5.66,5.71) (0.85,0.87) (3.44,3.37) (0.85, 0.88) (2.65,2.56)
ecls (0.73, 0.84) (3.67,3.21) (0.85,0.92) (2.84,2.13) (0.90, 0.95) (2.27, 1.65)
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*P<0.05,** p<0.01.
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Decoding Movement Trajectory of Hippocampal
Place Cells by Particle Filter”

LIU Xin-Yu"”, HAI Xin", SHANG Zhi-Gang, WAN Hong™
(School of Electrical Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract Particle filter (PF) algorithm has been applied in neural decoding, but rarely in movement trajectory
reconstruction of hippocampal place cells. According to the response characteristics of place cells, the state space
population encoding model of movement trajectory was established with quadratic exponential Poisson’s equation
in this paper, the performance of the PF algorithm was investigated with respective simulated data and real data in
movement trajectory reconstruction. And the results were then compared with extended Kalman filter (EKF) and
unscented Kalman filter (UKF) algorithms. For the simulated data, the number of place cells needed by the PF is
less than that of the others, under the same reconstruction precision. For the real data, correlation coefficient and
root mean square error between true trajectories and reconstructed trajectories by the PF are superior to that of by
the EKF algorithm and by the UKF algorithm. These results demonstrate that not only does the PF algorithm
efficiently utilize encoding information of place cells population, but also has an outstanding movement trajectory
reconstruction performance. It would provide powerful technique support for further research in spatial cognitive

mechanism.
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