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PR TC SIS A, B N AN TSN R )TZ B T A SO S E IR AL, AR A TSR . A
Z LR EMA T RERIIT 7R 4 7. B 1 278 NeuroMorpho $24E T 10 I REE AWK ) =4
HEMA T, AR AN R A B 2 X EA R T AT AT R R, 5 R SR —4EEIR
BARAE], =4uph 22 ol s B OR B 7 2 e ARG, 8 T R Be iyt ik 5.

Ascoli 2 1 F- 2002 SRR —FhBE LA L, R e L& IS & T IERS. 2016 4F Conjeti
% 242 H T Neuron-Miner X —#H& oA % T H, FIFH G gmAg 4 sk 2 A Ueh 22 JC 3. 2017
A Li 45 B3R — A KA 22 o B0ais R A R HESE, R g o G i ¥k SEBIRT #9028 76 T A RPALE 1
45, BT DI B BRI B ARBURE, JRSeBl TAELRTE BT, 2018 4F Li &5 M R HUKE = 4E
PHE TCHE 3 N IR 3 AN D7 M 452 BT AT RS B, RIS T ANE AR R 2, B G 1%
GURHIE J5 RFE R IB Re /143 BECR 4R T, AR EIRITEHE M & Te ks A 40 A B HUS T B i 3L
R AR HINES A R 2 AL, B I LK 5 0 HE 5 R USR « SGigi Ak DL & e R ERER
[ Pid % i€, NeuroMorpho 15 A K& SWC kg N =4E s i eh 2 o8l 7R JT, 1IXEJ7k )
AT R IRE B ME LG R T2 0 M O 5 3R, AE RS HE b 50 ORI &8 A 22 T A P R
SREURFIE AR 57 ) 07 NEBSRERT R FG I BAT T AR T IF Hawi 2 1 KIS AR £l 25K, (5%
JE B AL FH 2 AR B 7 20, B = 4R TR 48 =R 7 I i B, 24— EE R
TR, KR PRE TCIRE B R R UK.

R A SCFI N ZGER R (voxel) I H Zh4% %S (AutoEncoder) 51 45 & i 77 V2 RSB 22 TCHRFAE )
PRI, i = 4E R m B A RN, B> AT I S b B A2, RE R =4 MR SE
B, BB 21 07 A2 & T B SR D B A A IR 1), BRI B AR G T TR SRR 772 A S 4%
U FHE T 1E. ARG IR FE S )R = IR 2 R FU & e T A R R A, a8 I i U et S s 4
e A o T B N TR 2 D) I 448 () — R 3 U 4. 91 A =4E B AutoEncoder P S|
25k, MENER TP JC IBR I 2 STIR BERFAE, P ZR0F B g i 2 R SR BIURFAE, PR SR IR RRE B 4E AL 2, 1
NEANMEICIFHER . I NeuroMorpho [ 9 JIRANE JU/E REHELE, HbridHF 233 A2
S AL 432 4D SR 0 40 s A THE A T, WHIX 233 ANAHER TCHEAT AR AR, 22 R AR B6AIE AR ST 15 i
WPE. 5 AT RN A TSR R A DT T LU, ARSI T W] DA R b 82 FH I S 5 v v
WA 2R, I 5T N B A R UEAS R FR IR m i R AR, RET 2 B KRB B i & oK, HANZ 6
FRAE IR, A TTIE A )€ 8RR 5 450 43 AR R AR it 1S3,

ARICEERINTR: 55 2 TR EN DA ITTILE S SRS ) IRIDURHER S 5. 58 3 Wi WA
SRR A B TAE MBI 25 . RRAE SR I SRR SE T N 2. 56 4 TN A SO T BRI R I KRS A 2R
BE. B 5 TRSIOHLE 5 45 BRI LA AR DGR, B E, BB 6 T A SCEE T g T ARk AR
1T T RE.

2 MExXI{E

ARG T — T T = YRR AR L S MM TR 7k, B e BUR M A TOIR ST A
(R 57 SR e AR ORI 5 TR, BRI ST HR.

2.1 MWAWEFITE

ML T =AW TR M A A SO AL T ST, BEE L & R BN N, s
B, JUHSE 3D Brr ML TCER R TREY 78, 8T T AT AT U R
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Figure 1 (Color online) Increased number of neuron data Figure 2 (Color online) Three-dimensional neuron data
provided by the NeuroMorpho dataset in recent years with different shapes provided by NeuroMorpho

B, Ascoli 45 161 F 1997 45 ST MZ T I REHFIAL B 575 X, RIS AGHR TR ) 23 507 A2 R R R
KMl — LR AE, SIS E AL B2 TCIEAS. Shepherd 45 (7 T+ 1998 4R A3 — P i)
T R AT =GR R, g o o2 Ao, N AT SR ROR, B =Y 1]
HEIRL B AR« AR5, fRAFN SWC K3, 2008 4F Scorcioni 45 8 JFR T —Fi44 4 L-Measure HI#K
PEIF BT, AR SEIURT 3D By A2 e ST, THREA TR 5 B 24 18— Ry
fESRECT . 2015 4F Wan %5 O %0t 7 —F 4 9 BlastNeuron #4570 LEECRIZR B A, MRAEM 270
SRS TEAR A 78 B ELEM B S, 2018 4F Li &5 M g =4 ph 2 oo O 2 IEMIN 3 AN, T2 3 3K
YRR, A SCAE MO ISR 5 B B & B2 (i A 9 TORORE, AT ARl 42 ST L RE, 1531
B, E2 TR T =45 3, AR R TP AR B S SR T L R o) e
ZtHE SRR AR ST, M 7 K MR 2 S BRI 45 & 7 AR A T
I TERCR, T A SCHE AR TARSERE B, R =R R NZRE AR A Shdn b 4% BOR N 12 e 25 1
MR, AT BRRIRIE, BUS 7 AN RIRCR.

2.2 TWEREF SN

0 B A ST MR DX ) T M B 2 ST P AR I, T e B ST T AR B T o o, AN sy
WRE8 5 ANFEAS, 28 sl RE B B FEAC 22 5] N 2 T ERIUARE, 2% >0 58 GBI AT R R AE B 1) S bz e, &
BN FH oy R BT 5%, & () eI B B 0 At PCA DU A plixd B 4% GAN 12, H3)
Yald#% AutoEncoder &5 N HAFFh.

AR R T =455 AutoEncoder, #F R EAHIX —HoR FER R JIFE. 2006 4F Hin-
ton 55 B $2H T AutoEncoder X —#& M 4%, Al DU IS 7 2 2 #1228 SR I ZREE, 4 = 4E 5
TR EFEHONARLE A, [ 2% HH S i 25 R AR AL 25 79 3508 0 2 6 A i, S 42 I 28 45 380 1 o 8] 2 (IR HERFAE
EL E R PCA BVEERLEEFAE R B B 1. 2011 5 Coates 25 18] @37 7 —Fh44 4 Sparse AutoEncoder
HIMZ% 5] NHG B PE 2 A, TF SRR B R 0 2 5 DA 0453 2k bR B b 03k 2 BT AutoEncoder W 45 X A%
A ANUER R L, OR T I GRS AE R BUSCR. 2011 4F Masci 55 14 X AE AutoEncoder P45 )&
fill 4% CNN G BN 2 )25, ¥, T Convolutional AutoEncoder #47 H #hgmlidas. 1%
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Figure 3 (Color online) Neuron quantification and retrieval framework based on the voxel-based three-dimensional neural
network

4t AutoEncoder W28 &5 80K AL 2, WS NBAREOKR, W28 14 2 B0 03 J2 14 2 3000 0 bt 2 1
0, it BT SRR IR BE I AN A 25 (8] BV, T ONN W 263 i 4 G ARt A Al R s> 1 #idi iz
A, 2018 4 Ranjan 25 191 ¥ 5 H shgmfid 2% Convolutional AutoEncoders N FH7E NG E & |,
¥ AutoEncoder B K5 3D ARG G, AHLL T Ge it A B8 48 WX 45 0] DLA ) 315 22 AR LR R A, H il
b AR o) Z iR Z RN = 4G AutoEncoder 1 TAERIBFFL, H HEER Z4A R SR
ZATHE T R IRRAE, D N T T i 2 o 792, Bt DAAR SO B4 DL, ¥ 3D HiR
5 CONN B4 6, A nn =4k R N = 4EE R AutoEncoder, LLUHATS 21 5 56 B [ 4F1E R
15, T B b SEIA 22 T AR DU 2R

3 ETZ=HREHEMZRIIHE TSR

=HER AN L IR AR S 3 MRSy, BIEH A% AU, 25T =46 AutoEncoder JIZ5, FF
ARSI 4. ilE 3 Fros, APt —MImiE i RiaG =gl e 2o N SWC I i o iR 2
1, BUE TR A8 125, IF F el f R Bl A8 H0E KRR, 3B 9 ST RIEREK
TN =4EER AutoEncoder H 78 A2 48 B ISR, F5 1 g th 2 948 20 B T SR O 2 19
RFAE. P2 T A SR i e R R s ph e e AR LR 22 e 91 3%, 1% I8 A 3R 1 22 e Hicdie e Y
H T WA 22 TEREAT XL, MRS 233 MR IC A TC IR R 22 70 HRORS FEVF DN A SCHE SR A E T 1.

AT B TTAF AR I A BRSO S = R . = YRR IR S 42 0 2% AN 22 TR SR I
Jrids, CLBGE I RFE S 8 AR AR FH - 2 s AR DU 2R 2 (0 A

3.1 HETTEHEXENT

NeuroMorpho #24lt [ RE K] 3D W HE @M L TEdE, FEMAH SWC K2, FA SR AL HAS
ZuMER, BEEmnE 1 Fos. B 5 1 FHERME 0T S, A4S A nEA

2092



HEBYEERE Bl e H 124

Fz 1 SWC X#H#ER
Table 1 SWC fileformat

The 1st column The 2nd column The 4th column The 5th column The 6th column The 7th column The 8th column

Sample number Structure identifier x position y position z position Radius Parent sample

o

(@) (b) (©) (d)

B4 (MEMFEE) RETEFERFRZSHETHLER, b 128 SRTBFHRIFEENME T = HRS5EM.
(a) RHMEITT SWC 3; (b) 32 K/MEZE; (c) 64 K/MEZE; (d) 128 KiMEE

Figure 4 (Color online) Comparison of neurons under different sized voxels, where 128-sized voxel can well preserve the
3D spatial structure of original neurons. (a) Original neuron in SWC format file; (b) 32-sized voxel; (c) 64-sized voxel;
(d) 128-sized voxel

FIME—FRIR; 28 2 FINCRCY AT AT fUE TR GS ), o, RO ARSE; 28 4~6 3193 mlid %
WA TTE =R R 2, y, 2 RS, 55 7 FNCS /T ST E R AT L B S F R AR5 R 5 8
FIE T R ISCOR T jid 5, DME T W E M2 o0 sl R &R, BN TERTE K 3D 4514,

3.2 MFMAZHFRRIEE

Hy g SWO A UAF ik =M 0B AS, (HIX A sCUAE B 1 TR B ST N ZR 0N,
PR b 75 S AR L T 2K SWC U HON AR X, i o B B, FTBLSER: SWC X
PHFA O OB 13X, BN IAZ . OBJ AT m I AIE S, 5 OBJ XF Hik SWC
AT RE S 2, y, 2 RHIEEE N, Bl SWC BT 55— BLIg sk M5 s 5 5115 s 4
BB A =GR A P T A 26, LEBGE B R B T e A (M S5 4 45 21 OB Ul AR T
H S 22 28] AN I ZR 0 A 230As 3K, 101 LR SR VRl 3R & 2R S MR R R I 45 M A
T, AR P B R R B = AR RN SR R R IE R L, K 4 8o
TN 32 B 128 K/AMER M A TTIRA S5, FHorh 128 70 A iR 31 Al B R4 SR e 22 o I = 4T
BN BT 64 HEF PP HR LS YA IR S AL RIARCR S W, i & i) o P
H 2 T BUREA P22 2% 1| R B 10 2 TB) RN R) 48 A L UK, BT AAS S € 70 R 128 KV, BL
[ A DRALE A 222 7 T 285 FR 7 I R I T 225 T S48 )1 4 4%

3.3 HEMEHNZIT 5%

IUAF IR A0 22 TCHHE 23 ST ANE A, DRI M 2% AR VD0 R S m Rl 43, T#h & 7o TS T4
A 5 TR SN C R0 BT, P AR S5 A — R A R 22 7o ST AS A AR LR 2.

HH T BT ARS8 8 — 4 R, AL T A AR T E oA, RN 2 o8 s T 6
SRS AR IRAR S IPRAS, T LAIE 8 = 45 TC W B A 22 I 25 )11 5 — 48 i 2 S AR 2 B R S HURFAE

ARICH =Y 2 0 MR R 1T N oR, WP 22 7078 (BT A8 B RFAESE B ) R, A o = 4R R 1
VRS S D A ) L. A 2 PO 288 S A 1 B B THE 2 Keras FIl TensorFlow B = 4E4FH H 39wl 2%, %M 4%
SERIFRBCT 8 4 shgmisas, 52 Ml = 4E G PUREE H 4adm A\ i) Tk &, RS0 ] S B Ak
Pk g it A 0 4t AFAE, B2t 5 R AR AR W] BE— BURIAR A UK IR . TR B 5 5 I 2 AR R S5 A4
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Encoder Feature| Decoder
4096

4@64x64x64  8@32x32x32 16@16%16x16 32@8x8x8 ) -
|@128+128x128 ) h 328588 16@16x16x16 S@32x32x32 4OV 64Ed

'5\’ [ 4 ] A 1@128%128x128
G0
G & o ¢ 7 g

5 (MEEMFE) 4 RERBNRE[RELEN, G5 T WD AR AR5
Figure 5 (Color online) Three-dimensional voxel convolutional AutoEncoder model structure, including an encoder and
a decoder

Input voxel
(128x128x128)

K 5 .

WX 2% BT 2130 0 N m g #% Encoder, 588> NEIDEE Decoder, K%M MSE (mean square
mmﬁﬁﬁ&%yﬁ%ﬁ&%A@m gmidgs It 5 2 3D BHUZE, PKN 2, Wi i b A
F 4x4x4x064 B 4096 4EEAERHE; MDA 5 BERCERUZE, DKy 2 #ATY 7K, MRADES B0 % H
PRE B SN —FH 128 x 128 x 128 x 1 [ k/N. MSE 1E4 AutoEncoder 3515 B %L, FEAHZE TOA 2K
FEARAE RGBS I, MSE THEM A G IS AutoEncoder 73 21 (1% H HE 5 5% Rig N\ £af
Z A2 5, 1K B MSE AI 3R A

MSE(n,y,z) = —Z¢=1(3Z — xi)Q, (1)
Hort n NEEAREE, y; M, o DO BTN, Adam PEALSEVEAE FH S E A B & N ST F R
W SACH RS, R T AR SCIHI R #H 22 TC TR S RAE B = 4R 20 F Bh i35, Rt 2 S5 A\ I 1 4
52, TG B M ST ONAFAE AR P R FBURR AL, T AP AL 20 ok 2 = e 2 D 25 i 11003 2 AR A K ARl S
AENBIR N, AT B MBI W 2% BB N, 40 2% BR B E D PP I 28 [l VA RS B2 R A e, 22 i)/ N D)
TR BRI, X8 PR B0S PR AT 2 Relu. 4820 KE IR JEURER, 1E AR &BILR AT

3.4 HF{E[ERUEHEE

M2& Encoder Y% H AL AL TCIE S RIRFIERIE, TS RIRRHIEE IR, N 7 IS EARRCR,
AR SO P 2 SRR R R AR 24 32 DL i KA AIE ) S s 22 T B R I BE 0. AR DU ) P 4 500
& PCA B3k, SelRF i o B, RIS MRS (058 — 4R R m — 4EARR A, BB TH RO 208
W P37 R AE 0 R, 75 21087 ) A AR R MVRFAE S A A HT R IEAE B BE 77 7P T o LU 3, K8 AR A v L 2/
8 38, IR BIAER B> FIRHEBUR GO0 T FELER) F ). 2018 4F Li 55 W 90 UER T TRFAE AR B2 27 21 453
B RRFIEREAT Bl 5 REAT R AR IR A 2 T I S AR UURE FE U HERA =R, s I A 2 DARFAE T 38 A4k
JE, MRFESE SIRHIEA 3072 48, i PCA M55 T LRHE— MR 1 40 48, HIH—LRb& 4 78
24t REr R A IACR.

FIT AR S 0 AT 22 0 28 1) S D #6011 1) 4096 4ERFAER] PCA e, RINRHIE R4 2 5 52 &
THRAERTEARFRIEBEE ), 2 IRERANFIBCR I B4R B, BB PAFRIA N Z TC IR U RO 4R . S50 f
ZORPRAEREZ 200 4E, JFINE T HAE top-N (ALK N AMhaon) LR, S3UFEERIEE
BAIER T B4 i 25 A 2.
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4 ETERBN=HMETAIEER

DA b J T = AR VR FE AR 22 I 2 5 T TR URFAERIA 1R 5 3 T A g AT 0 28 Je [ B AR AR, SR T 7E
PR TC AR R 2R 75 X 1 4 P PR RFAE AE W 5 0 22 T Bl B — AT AR L RE I T B, XA R
WS RACRIEH TR R, Li 28 06 @il 5] AFE T B KNI ZR (maximum inner product search,
MIPS) FRIHERT PR — 3 1) 4 5 S5 W i A KRB EOE T AR R A%, £ 30000 2 #0220 BERIIE 1 sk
PE. ARRZ AL 3o i ga i I AE A — B MRRIE 2%, S b SRk, IeAd, A SO B sl e
(R4 2R 59 HNSW (hierarchical navigable small world) M7 SR iy AU A 28 0 P 3 T REIE FOAS R
e

e RN R T iR B AME B EBE T I (0 5, s RS RO 5 S I B, K S
AR SVE N BA A AE ZR &5 R, (HIHAAAE T R R K. B M. NSW I8 5] Nk
A B 77 R A A 2R, R 2 R R s A R AR MRS M A R AR BT NSW IS A gt
f¥) HNSW 07 52 —Fi it 57 T B R R 25 A R s AT AR B B0, 2 NSW D81 [y kfits b ] 20 J= IR 4
M, FIHZ ZR 5 ER R RN E, Wi ERGE SR T2 RZIE 2R 51 A S48 S 25 6]
IAERENSY

ARSCAESE 3 W = YR FEM 4 N 28 58 O PR T I R AR-E SR BIUS , 4 9 T3 2 & ol 14 18
FRAERR B2 A b, ST HNSW 7 AL 2 R 5 1. FE B HRAHIRE o, iR bR Rt 2=
2ok, B GATAZ TR AL THEAE RS M A TR B O R IR K AR B R AR
XK AR, THEIFR B BIE K AN A T MBS, B2 R FEEET AR, RA4RE15
ZItIIE N K N IR K AN RSO R R 2 o ) 2 IR A2 TC I AR K MR,

5 SEWERSHT

AT 3 SR 56 E A SO AR PR AT R, LA SR G BN BE F IR, VR A S = iR T
FEASFRAL T AR T HoAh BRI 3, UL A PSR A 3R B (A b

5.1 SLHEESHERH

S b, AR S ) SR AR HOE 2 B TR A 2 oA A TS NeuroMorpho. #8411 2019
TR T A AL 99294 MHEETOAE R SEIRFEA TR IF 46 S5, 1A AKE B AR -4 500 24
SEIR RS, 4N 7T MR 63 AN KN X 3.

AR =Y A 22 T Bt T R U AR AT O 0 HE R R/ 128 x 128 x 128 HIMRERKE L. Xt
T AutoEncoder, UZ?@%*REiﬁéﬁ?ﬁéﬂiﬂTgﬁﬁ%%, Eéﬁ&%*ﬂ%ﬁ%ﬂ@%ﬁ?ﬂ?ﬂTﬁ@@r%, #
TR Relu, LA 285 B RD AL A (38 7 iR 2 A R R s 8, A Adam BEEATO0AL, L3I
g5 20 F¢, gmhas % HARFIE R 4096 4E. SEI6FE T Python3.6, TensorFlow 5 Keras HEZE, 7E 2080Ti
GPU b 5 il 25

5.2 FMEREY JRRIEL

NT IS CTER R LR, ] uPNs P {ENFRICHIE T, DUMET 5 K EH S 7AE H
ANIERIRE R X EG. uPNs 28 B AN BN 233 Mrid & eiIgesr, | EEZERME i
P b RS HR A4 05 R TF B, T uPNs 7E NeuroMorpho HHA s i O AIRLFE 2605, By DAR) 2K
B BHHE WPNs (PR 7R FEIVE OB, wPNs 82 T B A H DU 2 e R M i
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®2 4 MEURMEGEEME TR PR TIERE

Table 2 The average retrieval precision of four quantitative representation methods in neuron retrieval

Method Top-1 Top-10 Top-20 Top-30 Top-50
Deep-SCAE 0.890 0.595 0.507 0.452 0.380
L-Measure38 0.954 0.772 0.680 0.622 0.539
SCAE-Fuse 0.952 0.792 0.690 0.619 0.516
Deep-3DVCAE 0.935 0.875 0.826 0.782 0.696

— TR, IR B SIS LE T AR SR 99294 MA TT TR EVRHIE S, B R AR MRIAH & oI
KR FM) top-N H1 uPNs Jr 5 e, Bl SFEARBRALE N Mg T 233 Mrid & it
B, SRIEH 233 MFRICHE TCI LLEI BB N Z AR R R L. 38 2 FIH T Ak 5 HAR L
PR E R J71EAE uPNs B top-N P3RS BE, USSR A ST VEAE = 4E & o B Al o R E v
Y. CAFELES N 3 HAHETHE 7 20 ORI T W BHR FE % 2 48 1 Deep-SCAE M FEHU 1R
fiE; AGETE L-Measure 8 #5342 70 F TAFME AN L-Measure38 18], K5 Jg Wi BHA 2 2] X 2% FR4REE A1
F T L-Measure38 HE VT —4L 5 Al & FIHRFE SCAE-Fuse . AR LT = 4R R G/ A s gmil
fif#id 2% (Deep-3DVCAE), SR ZE T IR B 27 > FIBHFAE, PR L2 2] bl PCA J7 ik P4t
#) 200 4k, WE top-1~top-50 MIFIE TTALMIAEEE, FFF LA L 3 By kb AT BB, R IASCIT VR T
R = T LA BTV, R T AR SO R HERA

AR F T (1) Deep-SCAE, HEE B H4niDas. 2018 45 Li & 19 @ T2 1 4
BT IREMAE M ME TR FEMERIETTE, HTHME TR =48R # N 3 AP A
BEHE, 375 SCAE 19 5 5l k3 M & e IR FERFE, (H2 5 38 4E) L-Measure T TRFEALL,
FIH uPNs 5 top-1, top-10, top-20~top-50 AR INIE Z T T THHE.

(2) L-Measure38, L-Measure A& LT THFE. L-Measure 28 ) 72 FIFHE JCRFIE N 24K
1, AT DA S T B v S R R SR ASCR A AN [F) 7 TR 8 R 28 70 = 4E T AS S HARHE. 2016 4F Conjeti
A 2200 4% 38 RN & Ty AN T B AR T i AR, WS T — ek, H 38 4T LAFERIL &
fIt T Deep-SCAE.

(3) SCAE-Fuse ') RVl i R-AiF 2 T 1) 3 — 4k il & 77 30K Deep-SCAE 5 L-Measure38 @il A# 1
FEAH RIE JIRIRFIE. 2R A] DLRE G MRS 2% uPNs BIARC 4G, IEBH T Deep-SCAE 5 L-Measure3S
FEAEAFAE B EAH R AMER B BT 5T, SE A 23 T ToIB SRR R iR .

AR TC S HAR A TO R SZAR L IE, TR HAE R AR ATH SR B R 5Z(E B
P 1, WP ANRRAE AR DL, MR A 52 ARBLEE A TH 545 S P HE e, U 44 76 T O # 22 To BI Dy B R A
Zoui A2 0, BUHAT 10 NS uPNs BT 5 EUEIRIA top-10 HERZR. W3R 2 KE, AXHT7
AREE T HoAth 3 FhU7V5, 1E top-1~top-50 LA ZAE BEIA $ETF, SR I RHIE E AR Bl eh 22 0 I A5 ¢
FLIEI T R TR R =48 A 0 4 1 = 4858 AutoEncoder $#EEUIHFAEAH ELT Deep-SCAE [4:19] f1)
BRI T A RS RIB G B, T T TRERCD 7 35w 2 i, JF HAR R BCER AR
ERLERNEISE SR

F 3R T 3.2 INTTEIREERHERRLE R 200 GERS AN AR 10 20 20 SEIR 85 )52, 32 AT 64
SRR BTSN BARIIZRIS (R B, {5 top-10, top-20, top-30 MEMIRIIZET 128 HFERIAE,
it CAASCER AR 128 23R A A BIRSE, RETEAER R 2 TURFIE. Bhah, AT 248 256 4>
HER R R BAT P2 To R ALRAE, ABAE{E BN 2080T1 GPU I F5AE 2 2~3 F [R)IIZRI [a], PRI T A
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Table 3 The precision of neuron similarity retrieval under different voxel resolutions

Voxel size Accuracy top-10 Accuracy top-20 Accuracy top-30
32 0.314 0.263 0.233
64 0.560 0.466 0.407
128 0.875 0.826 0.782

* 4 WETHIREZETRHER top-10 REEHRE

Table 4 Top-10 neuron retrieval precision under different dimensional features

Dim. 50 Dim. 100 Dim. 150 Dim. 190 Dim. 200 Dim. 210 Dim. 250 Dim. 300 Dim. 400 Dim. 1000

Accuracy 0.8695 0.8716 0.8715 0.8708 0.8759 0.8733 0.8755 0.8729 0.8648 0.8227

a) Dim. denotes dimension.
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Figure 6 (Color online) Performance evaluation of the HNSW retrieval method. (a) Comparison of retrieval precision
between HNSW and Baseline retrieval methods; (b) retrieval precision of different methods combined with HNSW; (c)

comparison of retrieval time between HNSW and Baseline retrieval methods; (d) the enlarged retrieval time subplot (c) of
the HNSW method
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Figure 7 (Color online) The corresponding top-4 retrieved neurons of 3 randomly selected neurons using our proposed
method, demonstrating both their 3D morphology and voxel data
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Figure 8 (Color online) The corresponding top-4 retrieved neurons of a uPN neuron using different methods. (a) Our
method; (b) L-Measure38; (c) Deep-SCAE; (d) SCAE-Fuse
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Large-scale neuron morphological representation and retrieval
based on a three-dimensional deep neural network
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Abstract Efficient and accurate retrieval of similar neurons is an important support for morphological analytics
of neurons. With the development of high-resolution microscopy imaging, neuron tracing, artificial intelligence,
etc., several methods for computing and analyzing neuron morphology based on machine learning have been
proposed in recent years. These studies mainly include the statistical analysis of traditional measurement of
3D neuron morphology, as well as the quantitative representation of neurons by combining the two-dimensional
projection of neuron morphology with deep learning. However, as more and more 3D neuron data being re-
constructed, the above methods can no longer meet the current needs of fine-grained representation, retrieval,
and classification of large-scale neuro-morphological datasets. Therefore, this paper develops a large-scale neuron
morphology representation and retrieval method based on a 3D deep neural network. First of all, to transform the
three-dimensional topology of neurons into a suitable format for the training of deep neural networks, we design
a voxel transformation method for neuron spatial format, which can transform the original neuron reconstruction
file into three-dimensional voxels. Then, because of the lack of detailed taxonomy for neuron data, we design
a neuron morphology representation algorithm based on a 3D convolutional auto-encoder, which employs deep
neural networks to learn the structural representation of neuron voxels in an unsupervised manner. Subsequently,
given the learned neural quantitative representation of 3D morphology, this paper introduces an end-to-end fast
search algorithm for the indexing of similar neurons. Finally, the proposed method is validated by experiments.
Similar morphological neurons are retrieved from the dataset containing more than 90000 neurons. Experimental
results show that our method achieves superior performance in comparison with other representational methods
in the task of neuronal retrieval. The proposed method can retrieve similar neurons with more efficiency and
accuracy, which benefits related research fields such as morphological analytics and single-cell classification of

neurons.

Keywords neuron morphology, deep neural networks, 3D voxels, feature representation
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