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A — F A B U e L AR e
New Clutter Index EBT RN X 7 T A A e M) SR R 5

New Cell Clutter Index | B HE5 i) ik Bir £E MRS A R L 2 5

Electrical Downtilt ANDXR SRR B HL T A Deg
Clutter Index NI H P A A R T 2 5
Cell Clutter Index BLul P EM A% ) 2R 2R 5
Cell Building Height B AL E R = m
Building Height FE P b Aoz B 1 2 35040 o 2 m
Altitude FH P b A7 B iR A m
X At E, X AAFR m
Y PP LR, Y ARBR m
Cell X Ryt E, X AR m
Cell Y KNG ALE, Y AAAR m
RSRP FEE ST E dBm
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PUE T 3RAT] 5 SR 8 2 S A TR R AT A N B
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BNRE S P IIME T2 D)2 RSRP AR 577 7%, il EAFEAR 0 M4 AEX) RSRP HI5Y
M o

5.2 [/ IR fE
5.2.1 LightGBM $$4iF %+

1. LightGBM 1%y JH 3

SETHIR A — SR ISR 55 11 e 3 AR SRR s B2 ST A 7, S B ACRIER AR
1% GBDT, XGBoost %54, MATI4kK T WAL s, FAIRGRIVAT R, RACEE 1L
HAaAl s EEERE, ISR IRERT i, B RN, EREAR
PERER KR R GBDT R BB EEAE N it 2 O3B A%, XGBoost M 2 —pir 34k, 58K
AT AR AT e SR Bl IR RFALE 7328407 3, 48 BT IRF AR £ oK 1 SNl S A4 He - SR,
ABATIBERI AN LA, B 58 0 21T e R BT AR, A TN R R e B R I AR v
I, BCERIRMEAE N R, JCHRHXAE, IAFEARELE T HAA, RATEAEMH
AR RUR R AL R

LightGBM $&H TRUF IR T 2. M REA I A1 FE S Li ght GBM HERR R 43/ Neh £ 1)
FEAS, AR IR EAE B . MIRADRHER M B, 8R40 B R R M A0E .
TENZIIFEH, AdaBoost KA EAR AR TFEARME LN, GBDT HAXMINE, HiZ
BEAN B A (R B 0T DA SR ASCRRE A5 B . ISR —NREARIIBE /N, B4 22 B AN RE
KREZWNEL T, ERNGRRZERNT, AT L EFIXLLE G . LightGBM {RA7 B AL
A, FEHLEBUNAEEREA, HONELTREN E— AN EOBE, W E NG L IREA, [
I AN 2 AR SR AR B R %

KES S 17 ) BRI 1evel (depth) —wise SREB&A KM, K 5:
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K 5. SRR AR

LightGBM i leaf-wise HHEHRAKMY, EREU B % bR B G K O 11 10K

® - .
oo m)eo o= ¢ o .
o0 o0
o0

Leaf-wise tree growth

K 6. Hems A K- KRR K

AR CINE 6) o UREARBERUNAIEHE, leaf-wise ] fesxit UL L4, FTLA LightGBM ]
LAA FHA SN R 240 max_depth SKER B IR . level-wise i — IRAE v] LAIRINS 73 224 ] —
JRHIM T, o T 2 AR, AESEME . (HEERE level-wise & —FMRAL IS,
KON EAINX 73 X5 Rl — 2 7, ok TR Z e B RIT . D skbe EARZ 11
PG AR, B AT R AR

AR — R MRE, JF BAER BRI (B, VPR RHEAGE B, a2 e
JUFAFEREAE 0 {6, LightGBM HJ LL2 s NI 28 B R RF RGP 2 — e R e — MRFAE, 28
Ja T IX R A i LT I, AR BT ROR o A R R b, 0 12
A, i Ha 7 iEYe, BRI B, R A EGSBATRKZ M.
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f§iF] python sklearn T.HAL, lightgbm Z5H ¥ feature importance () % 7 BR%EL. ik
PRI B S PR 71k FRIEE BT E S A R 0 B I 2 Ik RREAE BT WS
SR B fa iy R i3 25 Al . FRAT A FH BRI I 28— Fh 7 vk

LightGBM i A I AL : © WIERethsR:  @xf AR GRS =) 7 ik
(svm, logistics %) , RGBS, HAREH M, AFEEH one-hot %
TR RFAE s G b HAth S i AT B B ) 7325 xgboost, HFEF R, MR Y, b
tensorflow 3 2R AR IFIR Z .

3. RHEE LR

Featureimportance

ey
Heig vt Differ oo
CellHeight S
AZIMUTH  —
Height E————
MNew Clutter Index ——————
RS Power s
Mechanical Downtilt  —
Mew Cell Clutter Index  —
Electrical Downtik e
Frequency Band |

5] 7: LightGBM R itk £6 45
WHEE 7, ATATLAAH, LightGBM HRREik$E 45 B i 25 2 1 P iRFAE 4 Distance Al
Height Difference, 4% [EE BRE G K T AR, FHABYKFAE i) 5 AR B/ — 1k,
[FI FATTIE K I, Frequency Band, BI/NXRSFHLHCMTR, IXANRFAE (1) 25 B FE B A
Ko EEHE I, AT RINZISIEAE T REAR T, B3R =FEUE, 2585 HELHIK
o 7T k. Wk, 7R SRR SR AT 2 BT, BT AR .

5.2.2 MRMIHT

1. MERMEE

A, RIRMWANZRERRBEAEE . — Bt AEURE ETURER WA ZEA LT
ZMRARZ - WARRIEMR. AR AR, MR- ADRERIENN TS AR
AR, AR, ARAER NARKE, AR Rz, ME—DREE
AR BT 5 — MR REARAIE, AN ZRAAR. WRADRRERARER, B4
AL AR o — AR R MR R, R AR AN AR AR, HH P A A SRR A
LA
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Pearson 5% R %

SRR AR R IS &

2.

Kendall #&AH5% R % N AR SETHxt Guizehs e SR HER, Hopt s il L
Spearman 1 % R 4( SBGARSE, RRPIANAR B2 R SRR S5 07 [ St
RS
IX BLFRA T X B 1) 4 BT, 1 HE Pearson AHOG R ELTHA RSRP 5 HAWRFAE I AH SC M,
HAt 551208
1 & X:i—-X\(Y,-Y
s S
= 1 e Sx Sy

Hrh, X\ YRR, Sx. Sy A BINERIARER, n-1 A% E H .

BT HRAAIZ) 4000 265/ N X B ESE, B BEATET R, ARG 12 IR EEL
. b, BJE—FAbRSEEE RSRP,  RUMHE (X, V) P34 S0 Th 2% .

A0 79005 RSRP 5 oAl 11 FIARFAE R AR, 75 HAR SR RA R, IR %A
RAEBMLIHERFEFHS, IR 7 Pon:

RT: LA IS H AR R

HeF YFIE 2R =54 Pearson fH% &4

1 Distance M 5 8 il e AL A A 1) 2 -0.186717732
2 Height Difference %zﬁﬁﬁggiéggigg)ﬁﬁﬁ& 0.165491934
3 New Clutter Index A R R P WA 0 St SR AR AR -0.027255504
4 New Cell Clutter Index B HE P 1 i WA 1 b SRR AIE -0.016689726
5 RS Power INXCR SRR S Dy 2 -0.01445243

6 Electrical Downtilt AN ST T A -0.006652122
7 Frequency Band NS HL LA -0.006302005
8 Mechanical Downtilt ANX RS ELHLIR 9 0.00492064
9 Cell Height /0N DX 35l BT AE A A P AR o T 0.004886513
10 Height /NI 2 SRR A6 b T F 8 5 -0.001388338
11 Azimuth INDK R SR T £ 0.00109509

HE S ATULAEH: 11 NMEEM R R LA XHME R AN Distance &, 4iX%{E N 0. 19,
H N Height Difference A&, ZEXFE AN 0. 17, HAhAS B A< REAXHEIALE 0. 03 DA
To 4585 iR LightGCBM FREE F I 45 RIEEAWI 4,

5.2.3 HEN

Xt DAL B IFRAIE K 4000 AS/NXAFEA, FATDR 12 FIRFHEREE 7 B T 5% B 1005 %,
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N C G IR AR L B P 7 X R HE S 1R 9 A
*® 8: RHEEIEN T £

P RHAIE 48 FR & X HE
1 Distance A 5 5 ol B A A £ B 1186355.84
2 Height Difference | ! Efﬂ*fg ;ffg T 34838.45
3 New Clutter Index SHTHE R R P M (10 Ht SR AR 6.87
4 New Cell Clutter Index |  #iHE/F i 5Ll fib A% it 35 RFAE 7.91
5 RS Power NIRRT % 6.32
6 Electrical Downtilt NDXCR SRR BRI f A 5.73
7 Frequency Band NIRRT 29.57
8 Mechanical Downtilt NIRRT EE BB T 01 £ 5.99
9 Cell Height ZINDX ity R E A A FR) A v 361.57
10 Height 7N DX S AL ot b T £ 7 5 92.04
11 Azimuth N RS HLIK P 75 1) f 10667.97
12 RSRP FRE SRR T 114.68

K 8 v LA M, 2% & KBS REE AR & K SR 2 it A% 55 2k ik Bir 4 A A% 110 BE 25
Distance LA S ki Fr e 52 s i FE -5 2 B 26 A& S BR w1 B2 () 225 Height Difference,
L6 R AR ¢ R BB W2 K1, HARFFIEAL & 17 Z A 8N . HIE 7-9 n 13,
LightGBM HEAEIESE . MDA 20T, =& RIS B2 —800.

3t UL B Hr el AL, FRATR T L B BRI AR B 5 ) bR A RO A O, & AAE
NRAE AR ZSEL, F AR, H3EAT I = A A

7Ny BEZHNS SRR

6. 1 [EB=/115Hr
AT A o), FRATT 23 A o 1 REAE S BORVRF AR R B 1) o), 58 A 1 B MRRAE LA
55 BUAE, AT EE LA T IR, SR T AL R A o AN [ 2R A B (Y RSRP {2

AT . IXAE— AW B2 2] BT ), )1 2545 B RSRP {2 2411, A IE AR EBE R,
[A], RSRP & —AMELERAR s, KX & —AN el )5 A f

6.2 98 =2
6.2.1 A H
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1. ZJREFNL

PRSI 2% 2 L IREAL Y B2, T DNN ] DLER R A 1R 22 [ )2 I & 2% . £ 24
28 X 25 RV BEAH 28 0 4% DNN St 2 8 10— N R 1, DNN A5 Bty 48 22 2 8L
(Multi-Layer perceptron, MLP) . M DNN #%AN[E] 2 BI47 B X173 DNN N 5B #2828 |2 1]
PLAr A=K, INZE, RBEMREE, i FERE, —BckiiE —ZRMANE, Bfi—
ERA R, 1A R R R R FREE .

—
hw_b(’()
e
+1 Layer L,
+l Layer Ly
LayerL, LayerL,

K 8: ZRENHRER

MLP H5f— 2B E A2 2R, AR E AU 2R A ZE X ABUERRE W ik
%, SRRHEGE Y. D\ iR T 2EEE, ez, BusE, S%. 28
HTF R8I E, BNEE. Rk sh, il Ba REAA M, B 40
B G B R g — e R BREME R, mME NG ENE RE REANTERRHE, 2
B AR UG IRHIE . & W AL E LG Ak (average—pooling) i K{EHAL
(max—pooling) , FMEMALHEIE—AE O EdEH EATRSERER, SR EL
SR — AN O R R BT Rk R s . T i e Bl DL MG SR v i i — A
2x2 WAL EAER R B, A EE — AN RE AL 7.

224x224x64
112x112x64 Single depth slice
ool
= Jl1]1]2]4
max pool with 2x2 filters
5(6 |78 and stride 2
l 3/2(1]0
112]3 |4
224 downsampli 7112
- pling
112
224 y

9. kiR A
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B I PR A A R G R . 3 LR B L siamoid B, relu B
i&7 tanh l%]i&, /—%‘é/—%‘éo

_To 10
0

o ReLU
Sigmoid (Rectified Linear Unit)

K1 10: sigmoid Al relu ££4 B %L
sigmoid PR SHERFEMGS B 0~1 8], W] DL4B4 B R A RME, fEdEd O X,
ROHFEN S, tanh BREETEFEMUR RI-1~1 2 (8], BEMBH4raEd ok, (BTSSRI
Ffl sigmoid MIBEEEVE KM relu BRELE x>0 YR R EE 2 1, T HAH Bt LAt fr) s
BREL THEIRSE, MRS E SRR . relu i —5A5F, W1 leaky relu,
Exponetial Linear Unit &%, {HREMEREFH, FRZH®R, BFEEHNSEWIHG
Wi, AR relu 1 NS BB BERHE S

2. BRRML ML

ZIATTB A NS RIEAL, R FEAW A, —MEmeeiEEr, 2Rz
AL TORAI EMALE . XS EREE RS R RS R E oA g mn, &%
LR R R IR, HOtEERRIIPk . BIRME R4 (Convolutional
Neural Network, CNN) /& —FF LLEFZ NIZ ORI Mg,  BRZERAN LML IR L
M . — 1873 78 7 YO L N I R LR G, TR Y G A B 3R I, 7E R/ AR 25
i, gy, DLREME, NEARSEEZAUEE, BB TR FERKHA. EAR, HA
EE AN T AR R B S A A T 4R TV A A CNN

GRAMIEAREAE N BRZIEREE R/NE D, EmAEE FiEsh, SRS
& R OE R E . M2, DNN 8 2, BUERE FE & A4 5 s dh A7 56
Feit. GRMAMNETFRGREAWMTHAMER: (D REEd s, Ba—XEHRERE
HRARET TR W R BB AT I (2) S L=, B[R — 4G LU 3 & D17
X W HRARERSMLE, ARG ENGEREE, SXZER—HER&N. £6H
g, GREEFRRAGEME. BuFE—EMH. TEBZ 1 32x32x3 [FFF
EL I EHRRERAE, B 28x28 MRHER I~ &K .
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. 28

w
O

=\

N

7

Bl 11 B RE R R B
FEERFHE ML ONN H, e Se— Z 5 245 B — AN e 2 BTt B3N 2 B XK
N, BERRAERZEY o 254N, 7F maxpooling JEHT, WIS B kenerl size =& 2x2, %
s B R AN TR ES R KT NN 2x2 X s R, BT LA — R RS2 B
KA AR 2. 18 3x2 BRZEH, WRE—ZHEZE & n, BAX—ERBZEHEn+ 2.

DNN AT CNN #1258 W 4% () B i i N 2 A2 R o FRATTEIE AR S 2SI, AN TR B8
TR MR 5 IR B R A S A — REOR 2 N AR, (R 75 ZINE — Lo e
(OBHRTRACERE I . W AL BT (1) E3ME: R AEURE &Aook
N0, WNEFTR, HHGRIEREA R RO R B B AR R E A s (2) T4k TRE
IA—EIFEREVE R, I NETs R &4 5 50 BUE o B 0 22 S ok 3, T
wi, ATERAYEEZIRAE A 1B, A JufEl2 0 %] 10, 1 B yulEZ& 0 ] 10000,
REBM X NMRHE A N, Greis2a—a, B A 1B EEREHAE N 0
B 1 Rl ZRHMES BRI T B
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original data zero-centered data normalized data

K12 ZHE5H— R

3.LightGBM

EI B FsRfES, TATCENE T LightGBM BOEEASJH 3 . AR E AN — A W B A
HF AR, AR S LightGBM KR LightGBM —MEE R 20 2K mAR, %,
EERAWEA AT R R S I A, AT LightGBM (URF IR £, 7870 ks
T WIR RS REAE ) 2 X RS H bR B A S S . )R R ) @ = R AR Y R A R, R
fI1sEBr RN T —A LightGBM B, I8 I 11 B R IE 7R A e S0 A FH ok 2381 1) e
RE AR B g n] DO AT MARe s TR n) = rp, FRATT S FH 1) A2 ) i ) i — 11
FRIE TAESE R R FRFE . HIX, LightGBM Feillid & a5 M 5ds, H o] DL5E 36 3 A B i
i FARHIE. SORBERE I AEE, TiX — s ONN SRR B A S A B 1. SEfr b, 78
X EM AR B B ) @A, e 7 VR R 2 TR AR s ) ik, B FEBE L
A (random forest) , XGBoost Z8ZE, TMiX H, LightGBM X 2 & =AM 7k, HRIE
PATHI L, LightGBM AEAE RELIX IR ) R it — N ORAE T IR baseline. [EtE, FAIIA
B2 LightGBM A5 A PR 22 I £ A5 3 i — AN X EE

6.2. 2 MM

L 2 2R

PATE ezl 7 274 JEH) DNN B8, BT (I E a2 . AR E b
relu WH RE SIERRMILAAET, 8 JZHEG 7 Ira RIE, EEnSHEEE R,
SATUIGRE TS, JFHARE S S WG . AT &R 2 R TRE (nse) 1FN
BUR PR AER AN 2, JEEE T — BB 0 7 2208 1o 3 ALY rmse 4 10. 0,

2. BRAMHZLE (CNN)

2 & B AR IR W 25 ] LA B HUR S O, (RIS B T LU i A B b 2% X 4% 2%
B, PR, d 4 FRHIE R R KR AR E S . Bhah, CNN IS ECR H %
s, BN SR SN B LB S4. AT T = ONN £584, W FERFT
No TR B ULHIRI R, conv RINBIE CEAERENULE, BANGE & AR ERBE —/Mtbs

{EAJZ batchnorm, AI—MEUEZE relw) , BRSHN Kk, m, ¢, ¢,), FHERERZ
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Rk, m), FNEIES c,, WHEEL ¢, B )ZMRERN N EERST 0, h, w, o)

PO B, Hor n AREARANH,  JRUaHEE K R B8 2 (h, w, o) = RHESCR, 1, 1.
fe FREERR, H5NNERRZESBIEMENYERE, feat dim RonBiAHm A IR
UEE

®9: BIAIGEHFR

Modell Model2 Model3

Layerl: conv (3, 1, 1, 32) Layerl: conv (5, 1, 1, 64) Layerl: conv (5, 1, 1, 64)
Layer2: conv (1, 1, 32, 32) Layer2: block (3, 64) Layer2: conv (1, 1, 64, 128)
Layer3: conv (1, 1, 32, 32) Layer3: conv (1, 1, 64, 128) Layer3: conv (3, 1, 128, 128)
Layer4: conv (3, 1, 32, 64) Layer4: block (3, 128) Layer4: inception block (128)

Layerb: fc (feat dim x 64, 1) |Layer5: conv (1, 1, 128, 256) |Layer5: inception block (256)

Layer6: block (3, 256) Layer6: inception block (256)

Layer7: fc (feat dim x 256, 1) |Layer7: fc (feat dim x 256, 1)

B —FhEERIIRATIFR Z N naive—network—in—network, Z&£T Network In Network (NIN)
Beit. WATKIAXHWE 3x1 FIBIRE, Sl DU 4 E 42 EZE R, 1 NIN A A
PIGAZE Z AN/ 2% CERan 1x1 B8R, B — oI R 48 8 BE (R I  46 2 50080
wEAEMNTR, BREZEIRAT R — NS 87k AT I M 28 1] LB 1FE A& #)k 6 1)
NIN JEUHIM 2%, B PAFRZ N naive—network—in—network.

B FhEERIIRATIFRZ N progressive-residual—network, J&T- ResNet #1it. ResNet
AR TC NN RN B0 ON B2 2] x —> H(x) IXFERIBLS, 8
2 ResNet P IR Z SRR N x > HE) - x) + x = H(x) = F(x) + x. X
T 1R X 28 &5 4 ] DA A0 1 3 e S Tl FR AR A B TR 2R, S e SR i, BRI vad ot o P
Pk dss, F—AMRESNE BT LA AR R T — MR ZEH . ResNet [
B, 7RI RIS NN T ONN VR, @S Z A residual
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256-d

1x1, 256

Figure 5. A deeper residual function F for ImageNet. Left: a
building block (on 5656 feature maps) as in Fig. 3 for ResNet-
34. Right: a “bottleneck” building block for ResNet-50/101/152.

K 13: ResNet #RZ4E Y
block 1 bottleneck, #1550 /2 (ResNet-50) , 101 JZ (ResNet-101) , #% 200 2L
I (ResNet-200) [IIRFEEM IR RE. BRI Ak, FRATAT LAFE ResNet B AE &%
WX 28 R 2 R, — e FERE L B 1R Bl 5 ) R

Frg block 25 (b, b,) KRN EHRZRIZE: conv (1, 1, b,, b,), conv (b,

1, b,, b,). FATIT 34> block &5#, IN_EHITUEH 5x1 HR, IXFERI25 RS2 2 W1

G 11, NIRGEE BAIE S A RF R RO, SRR X 2% (1 /52 B fie 0 B s BB PO i A 4
PATHRI 28 58 CRE— )R MEERD BEE R n, M 1x1 BROREET T 4E,
N, ARSI B RS R I S 4R R AL, DR MR R RO

progressive-residual-network.

=PRI 2 N multi—view—wider—network. CNN (LN #LgE b, B8 T ResNet 2

b, BEAREFIERN2YJET Inception (GoogleNet) VGG, TFEMGALHE ) EiAT, VGG /&
HEZEHES 1x1 A 3x3 B, WUl ResNet 1) EAEE a2 W25 i, AB4 GoogleNet )

JEARR] DUE B TR M2 0 98« W SR IRATIA BB KBS B I IR, b R S > S48
B, BANZEAM? GoogleNet ] 2 RIEEGEFIZAF — Mo NEF A 7 AR RN
W, ARG Z AR B SR A A ALk . T BN GoogleNet M HH— EHILEH

Filter
concatenation

1x1
convolution
1x1 1x1 3x%3 max
convolution convolution pooling

\/?

Previous Layer
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K 14: GoogleNet H[f] inception Z5#4)

PATMT I GoogleNet [ inception &5, HE X T —F 4 N3 inception block, i
A% by 1] inception block (by) ZEfUN N LR

% 10: HEX inception 4554

Branchl

Branch2

Branch3

Branch4

2)

conv (1, 1, by,

b, /

conv (1, 1, by, b /

4)

conv (1, 1, by, b; /

4)

conv (1, 1, by, by /

4)

conv (3, 1, by /4, b,

/ 2)

conv (5, 1, b; /4, b,

/ 2)

dilate conv (3, 1, b3 /

4, by /2

Hp B ZE RN ITIES AT L€ XA, dilate conv KINEIK RZECN 2 IFLIAS
M, T HRFEE 1 BRENSEE, #ir] LUAR| 5x1 BIRE SR KN, FE R,

Dilated Convolution with a 3 x 3 kernel and dilation rate 2

K 15: fLIAGIRRE

PR IE I FIE 4 DB ANRIR SO, BN T 2 AT . AT B A 10
A, HHIFNZ B RPEAR 5R, A R B Z ARSI A R A JR AR AE, I8 A X i A
AT AFE B 3A T S e b i 5 JR) AR AL

3. LightGBM
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AT 2R TAH R LightGBM K347 [RIUH . LightGBM AHLL T ONN, HLHAFETLATR JLA:
(1) FIf@EREMEGE, B I R8BI, BATAT DR B SR 15 B RN IE SR 4y
ZEMRE, CLEAR L JEE B ER, XA 5 R4 AT RFE R #.  (2)
ANFHERHER—, HREEA OB EEE, WS s m o, BATEIE A S I 2R3
P, FIR 2 = BB RE CEATTA T RE & B A E B R S, (H2 BUEM IR R,
L an N X SR OO L /N XN X R S HLR S D6 /Nl s AN X 2 A Ar B 1)
YRR, A —EF —E B EERRE, CLWnER A A G RRIE . IXFEIIELEE, RRIE
4 CONN SRACER, {HAREAELT CNN, LightGBM t0F5 B B E S, ELindEFREEE RiE, MFifK
K CAlik 2] 400M B E KD, MEUAEARBW A =S, S5, Hik, X—HaE2an
HRTEAHIZAT 45

6.2.3 Y%L R
FAVE PRI I A -
o F9EFHEIHNFIZE (PCRR : Poor coverage recognition rate)
PCRR 4545 & Precision (HERAZ) Ml Recall (HIEZ) MHR, HitHE AW F:

Precision = Recall
PCRE= 2=«

Precision + Recall
Horp Precision A DAFE A R 7t &5 5~ 5578 55 A% S br 72 5978 55 AR, Hg X
LN
TP
TP+ FP
Recall 7] AR 2045 A 35 88 3 HOMRS A 2 BB AL T 55 0, 3 X
R

Precision=

TP
TP+ FN

Recall=
o WHMIEZE (RMSE : Root mean squared error)

RMSE 2 Py T 4B A0 S0 8 3 A 22 I 4R b, SL RN BRI 1 05 e ME . B %
TS BE () RMSE, iFE AR T:

N
1 .
RMSE= |- (PO —PeO)2
i=1

Hrp Pl 2 JERA ML B8 2 ST T 45 1 41 9F o MR AL 1Y RSRP T, POas i 41pai %y

PE4E A RSRP 2Bl A{H

FEREAT T )i FE A an S 0T DU 0RO S B s X IR, Refp 58 4 th 35 Blyis 5 v AT AG Vi
RO X 28 T HETH& P ARG . DRIE, 5578 o IR BIER 2 2 AE v — TR & A M E T
MAaPR. 7E557 02 1A% PCRR ARG T, AT EEIPN K TR IRZE RMSE, I
S VS T A S E AR w22 (P e b, R/ NE LRI 11 B AERfR M

1 HEM RN ZREER
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AR B S AT IR B 2 Z ML, RMSE = 10. 0.

IAETRATR L — T _Fid =Fh 77k, M naive—network—in—network %
progressive-residual-network, 2| multi—view-wider—network, & 2%FEE ZibH,
A python3. 6+tensorflowl. 8+cudall. 1 FIFAIE TR, fHH 1 4~ 1080ti gpu. FHATFT
HREEME W NS 2#21% (learning rate) &N 0. 0001, 10 # R F&2) 2 7T Y
10%, Y% 30 &5 NI T7 VR FIBUE RS, S48 0. 0005, DAF7 LG #R/D
(batch size) W BN 2048; MMALZATF Adam, FHIERPIAESIE F BE08 Inslcsy, F+H
—EREE B> ZE G AR R S ) ZR A RRIOT,  FH IR SR 1) 2 B B R B It 2 AT DA
20 fARHELL (batch normalization) EAERE— N GRZ G HE RS H
relu. FREULBANE, ZRFEHERE], FRA TR BAA T A bR 2 B 52
Bl i, G T PRI R LA HIE T IS R . SRTH 5 —R, BATEIIZREL
PR 20%K1 7> IR IR, FERIESE b, AHUIZTERW AR (Modell £ Model3 1
55 5 8 SRR T — O -

F11: =F cnn BIRLEIGIESE FISS R

FEE Y Modell Model2 Model3
RMSE 9.110 7. 805 7.799
PCRR 0.139 0. 398 0. 392

FATFEES 25 H T RMSE A1 PCRR PR/ 25 5, HIRAN PR Rt 2 RMSE, Rl 32 5%
RMSE [Fgh o M ERIRATAT LA Han R ese: (1) AT 2R ML, Modell 2&F NIN
T 4 )28, RMSE giiRT; 780 1 AN . [AR, Modell BB S AL 8928, T
4 EEERZ, R YRR Model 1 AHFRIE DL T, BB NES T 413440;  (2) @
BEINIR R PR RN B8 B2, [ RCRSETH AR R B i, IR U B IRATT I A 9 5 & 1R 2 Ban)
RIZREIRHE, 5 —J5H, BB IEAGE R M S i~ 2%, LA Model2 Afd], 7EsK
BRI, WREAHE G — EEE R, IIZRE ARG In—f%, ) RMSE=7. 984, U
SRk SR B TN 8 F e TR E, RMSE /N MR BE 2= AR5 /N, 2R, Model3 1 Model2 AHLL,
SRR TSR, (HERIERMEZEAKR; (4 ON B4 RYS LightGBM A kit 2 —
EMZER, XMWY TEE RISECS RN, 8RB0 3 oK.

2. LightGBM MRl ZhsE B

LightGBM 75 BB IS HA L . N T IR R HERERE 71, FATIE T4 S 8= B IR
BN 15000, 2ERFEEN0.15, FFHAMTHIREE; N TP IE, RAMEHT 0.8
fEIR4TKHFE . RMSE BN 6. 697, PCRR BN 0. 531,
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y_val_all
Igh pred
0.04 P
0.03 4 /_\
0.02 { i \
)/
0.01 A ,’f \\
. L
- N
0.00 ; —” . . S
~140 -120 -100 -80 -60
RSRP

Kl 13: RSRP X SEAE AN FUIAE k26 73 A L

NT D %E LightGBM B I MERE, FRATTXT B TIM K] RSRP 73 A5 FUAR 25 3 A
AT TR EG . 1EEGUESE) RSRP Dy, HrHE 19 RSRP TMESA v _pred. &idiH5, v 1)
¥MEN-91. 807, y_pred MI¥IMEN-91. 783; v MIkniEZE A 10. 706, y_pred MIkrifEZE N
8.481; y HJIESRENY 2.949, y pred MGy 2. 924, AJLUEH, M—Fr. =k, &2
HE g ERE, E NS AEE R, i, BAHE T v 5 y_pred
)KL B . KL BUE AT RA02, PLy pred LAl y B4 A, SRS S &, ZEMNA
0.0027, XULH, My pred Ko AiRkIEN y B0 A el e &&Er), JLIFAs
Al Bk,

. EEFM

M2 P8 L 2 HTHLAS 2 ST R RIERI T R 22—, MR ER 7> SL b i) A . 22
JEIBGPLMLP, B SRR EHER K DN, SHE R, SHFHRIRT, RIEEIIAMR.
BEF ONN R R JRATIZE ERRF IR, B T 5 TEf& 2 oh, EHEBE LR, A RAKMUR
MEFEHORFAEE R, 1My HA R R A ROKKIIE /7. NN (AR R AR §E F AR EE - MLP 255K
B2, #ZNHTMTE. AREE AR, B3, FiRERE. RS
{H2 NN, FFRlZIRE CNN, HARKMSHELRZE, M2 MG ARARE 5
KM R AR, X g RS R R e DU IEE B T AR R IR e . NN B35 DNN 2248
A AR, AT EERBUERIIR T % EASHE . SRR RO TR
B (2R IENEE) |, A b R TE AL R AR DA 1 ONN B FE N, 55
PP RAERZ I AR . ERPRNR L, 25 BATTRE N B 2R AT BRSO I T Led%
R SRR R T AR Kb
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FEA A, FRATEL E AT A ONN BORURBUIL R, A28 2000 NiEMZ RN,
FEAR SRS 58 BRI 18] A, BEMEFEAL L5 35 2. FATFZH A [2E T ResNet A GoogleNet
() ONN BERY, 7R KSR S, Y9771 7% RMSE BEIA R 7.8 /i, 9578 %% PCRR #%&1L
0.4, XFERY, FATMBRRBABGRK ¥ > RALAE

T3 AR S EAIE 2 A A (] U3 I B O VR R B T AR R I B A . X R T
EUUREALARMR. GBDT. XGBoost. LightGBM & AR, BEAFMEBI —FERIn fRetE, X
BRI 1) gl i B R 7 R B T AREL. XGBoost — A2 I J LR SR E 52 WG ) B R
S SIRETY, LightGBM A2 2 Xt XGBoost MRk — B ifk, fR¥F XGBoost ¥ RN,
B VB BT AR, LightGBM B H 205 . M T4 EHE, THEA S
EHURFIE B AL EE, A2 LightGBM B98I, [HE, LightGBM n] LB 2% ) A R E
(PR, AR ERMEEE . 755G [A] Py EEAR RIS 14 B8 A fRUERYT baseline, LightGBM JL°F
e MfEiki., AL Tseid, IRAMEH LightGBM B T TR0 (36 IFEE HEAT 1 HE
BE, T H R A RSRP B 5 B SE A RSRP {EAHLE, AU J7 R % RMSE 183 6. 6 IR/ N,
55978 oo % PCRR Wi xt 0. 53, 7R H ZRITEM4aFs FIAE] T HLBA BRI MRUR, &N
HEN A, HESC RSRP B AR FOME 1) 70 A5 L — 280 A BUE BN AIE S =,
AR /INE KL—B0E . LightGBM B —S AN E 2 b w5, BT —ANFE T LightGBM )
[FEAESS, FRAE TRERREICNEE . FERATRHE TR A TAE+, BAREA AT LIS
Fri s a], EARAE LightGBM MRS KAk, A ZHERRIE TAR A B 4. Hak, 7Rtk
KIS HHE A SR e START PR it I BRI S, AR TROR K 1) . FRATTII R
HOR 1 LightGBM K/NR 462M, A& ONN BRI B R 2. HE, BUONARRE IR
FRIRR A, FRATTET A TCIEAE Light GBM B 7Y 340 8 3 25 3 o

I\« B3

[T IS T, L. 5G RFRE R M [J]. #2301 1H, 2018,42(10): 19-23.

[2] Christian Szegedy, Wei Liu, Yangqing Jia, Pierre Sermanet, Scott Reed, Dragomir

Anguelov, Dumitru Erhan, Vincent Vanhoucke, Andrew Rabinovich "Going Deeper with
Convolutions CVPR 2015, pp.1-9

[BIRIEAT. LM P AR IE AT FE[D]. bt iB R R, 2011: 13-19

[4] i Jo 4 A5 T8 17 305 AL [l L 22 A0 0 30 AP R R R TE, 2008
[5]SIGKDD Conference on Knowledge Discovery and Data Mining, 2016

[6] Wang.S.S, Wylie-Green.M.P. Geolocation Propagation Modeling for Cellular-Based Mobile
Positioning. In:Vehicular Technology Conference, 2004. VTC2004-Fall. 2004 IEEE 60th.
Irving:M Malkawi, 2001.5155~5159

(715K, I, S, 3T GIS MR aIlE(E S H3 i & v L0 Bt ],
LRIEEHAR, 1003-8329( 2015) 04-0001-06

[8]Zafra A, Gibaja EL, Ventura S. Multiple instance learning with multiple objective genetic
programming for web mining [J]. Applied Soft Computing, 2011, 11:93 -102.

[9] FF My, Fhfifr, &5 W B Al E S TAEM]. 28 R b st N RGHE L i, 2007,
[10]https://www.kdnuggets.com/2018/01/gradient-boosting-tensorflow-vs-xgboost.html
[11]Tiangi Chen and Carlos Guestrin. XGBoost: A Scalable Tree Boosting System. In 22nd

26


https://arxiv.org/search/cs?searchtype=author&query=Szegedy%2C+C
https://arxiv.org/search/cs?searchtype=author&query=Liu%2C+W
https://arxiv.org/search/cs?searchtype=author&query=Jia%2C+Y
https://arxiv.org/search/cs?searchtype=author&query=Sermanet%2C+P
https://arxiv.org/search/cs?searchtype=author&query=Reed%2C+S
https://arxiv.org/search/cs?searchtype=author&query=Anguelov%2C+D
https://arxiv.org/search/cs?searchtype=author&query=Anguelov%2C+D
https://arxiv.org/search/cs?searchtype=author&query=Erhan%2C+D
https://arxiv.org/search/cs?searchtype=author&query=Vanhoucke%2C+V
https://arxiv.org/search/cs?searchtype=author&query=Rabinovich%2C+A
https://www.kdnuggets.com/2018/01/gradient-boosting-tensorflow-vs-xgboost.html
http://arxiv.org/abs/1603.02754

[12]Guolin Ke, Qi Meng, Thomas Finley, Taifeng Wang, Wei Chen, Weidong Ma, Qiwei Ye,

Tie-Yan Liu. "LightGBM: A Highly Efficient Gradient Boosting Decision Tree". Advances in

Neural Information Processing Systems 30 (NIPS 2017), pp. 3149-3157.

[13]FHER. BREBEINEFEEARM]. Bk, % 2R TR 1R, 2002
Min Lin, Qiang Chen, Shuicheng Yan Network In Network ICLR 2014

[14]Kaiming He Xiangyu Zhang Shaoqing Ren Jian Sun. Deep Residual Learning for Image

Recognition. CVPR 2016

B %

LTRSS EZHT RO HCE AL P . RRAE SR

import math

import numpy as np

from model_service.tfserving_model_service import TfServingBaseService

import pandas as pd

class mnist_service(TfServingBaseService):

def _preprocess(self, data):
preprocessed_data = {}
filesDatas =[]
for k, v in data.items():
for file_name, file_content in v.items():
pb_data = pd.read_csv(file_content) # 17 cols, no RSRP

# FREFR X
pb_data = self._combine_features(pb_data)

input_data = np.array(pb_data.get_values()[:, :], dtype=np.float32)

# MBI I R AR R 2 0 22 RRFAE

input_data = np.concatenate((input_data[:, :5], input_data[:, 6:]), axis=1)

# AP GREE R RAAE, JRIMERRTT 23—

input_data -= np.array([615.29426412, 23.22653556, 172.58714154, 5.1276589, 3.48686738, 1
1.26828345, 530.73660944, -66.95205253, 3.67464835, 3.83187333])

input_data /= np.array([1090.48577941, 9.59413055, 103.28729118, 2.3946823, 2.44741765,
2.51411823,19.01568261, 186.9536307, 2.62639002, 2.81253494])

print(file_name, input_data.shape)

filesDatas.append(input_data)

filesDatas = np.array(filesDatas, dtype=np.float32).reshape((-1, 10))
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preprocessed_data['mylnput'] = filesDatas
print("preprocessed_data[\'myInput\'].shape = ", preprocessed_data[' myInput'].shape)

return preprocessed_data

def _postprocess(self, data):
infer_output = {"RSRP": []}
for output_name, results in data.items():
print(output_name, np.array(results).shape)
infer_output["RSRP"] = results

return infer_output

def _combine_features(self, train):
## (X1, Y1), (X2,Y2) ->dist
xx = train['Cell X'] - train['X"]
yy = train['Cell Y'] - train['Y"]
dist = np.sqrt(xx * xx + yy * yy)

## compute height different from cell building to custom & real height of cell building
diff = (train['Cell Building Height'] + train['Cell Altitude'] + train['Height']) \
- (train['Building Height'] + train['Altitude'])
arcs = (train['Electrical Downtilt'] + train['Mechanical Downtilt']) / 180 * math.pi
for i, arc in enumerate(arcs):
diff[i] -= dist[i] * math.tan(arc)

real_height = train['Cell Building Height'] + train['Cell Altitude'] + train['Height']

col_name = train.columns.tolist()
col_name.insert(10, 'Height Difference')
col_name.insert(9, 'Cell Height")
col_name.insert(1, 'Distance')

trainl = train.reindex(columns=col_name)

trainl = train1.drop(columns=['Cell Building Height', 'Building Height',
'Cell Altitude', 'Altitude’,
'Cell X', 'Cell Y', X', 'Y'])

train1['Height Difference'] = diff
train1['Cell Height'] = real_height
train1['Distance'] = dist

trainl = trainl.drop(columns=['Cell Index'])
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col_name = train1.columns.tolist()

col_name.insert(11, 'New Cell Clutter Index")

col_name.insert(11, 'New Clutter Index")

trainl = trainl.reindex(columns=col_name)

clutter_index_dict={2:1,5:2,6:3,7:4,8:5,10: 6,11: 7,12: 8,13: 9, \
14:10,15:11,16: 12,17:13,18: 14}

new_clutter_index = np.zeros((train1.shape[0], ))
new_cell_clutter_index = np.zeros((train1l.shape[0],))

new_clutter_index= train1['Clutter Index'].map(clutter_index_dict)
new_cell_clutter_index = train1['Cell Clutter Index'].map(clutter_index_dict)

train1['New Clutter Index'] = new_clutter_index
train1['New Cell Clutter Index'] = new_cell_clutter_index

trainl = trainl.drop(columns=['Clutter Index’, 'Cell Clutter Index'])

return trainl

2. S EA
import math

import numpy as np
import os

import pandas as pd

from sklearn.decomposition import PCA

import pickle
with open('./X_train_all.pkl’, 'rb') as f:
train_data = pickle.load(f)

# norm

train_mean = np.mean(train_data, axis=0)
train_var = np.std(train_data, axis=0)
train_data -= train_mean

train_data /= train_var

# pca

pca = PCA()

pca.fit(train_data)

transformed_data = pca.transform(train_data)
y = transformed_data # y = datax P
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lambdas = pca.singular_values_

M = ((y*y)/(lambdas + 1e-8))

#q=10

#major_components = M[:, range(q)]

major_components = np.sum(M, axis=1)

components = pd.DataFrame({'major_components': major_components})
thre = components.quantile(0.99)['major_components']

outliers_idx_pca = np.where(major_components > thre)[0]

3. RFEEFE

import math

import numpy as np

import os

import pandas as pd

import sys
sys.path.append('./LightGBM/python-package/lightgbm')

import lightgbm as lgb

from sklearn.decomposition import PCA
from sklearn.model_selection import train_test_split
from sklearn.preprocessing import OneHotEncoder, LabelEncoder

pathl ="./train_set1/’
files= os.listdir(path1)

X_train_all = np.zeros((0, 11))
X_val_all = np.zeros((0, 11))
y_train_all = np.zeros((0, ))
y_val_all = np.zeros((0, ))

import pickle

with open('./X_train_all.pkl’, 'rb') as f:
X_train_all = pickle.load(f)

with open('./X_val_all.pkl’, 'rb') as f:
X_val_all = pickle.load(f)

with open('./y_train_all.pkl’, 'rb") as f:
y_train_all = pickle.load(f)

with open('./y_val_all.pkl’, 'rb") as f:
y_val_all = pickle.load(f)
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X_train_all = np.concatenate((X_train_all[;, :5], X_train_all[:, 6:]), axis=1)
X_val_all = np.concatenate((X_val_all[:, :5], X_val_all[;, 6:]), axis=1)

H##H#A#HH#H##H## lightgbm baseline #####H#H##H#H#HHH#

lgb_train = Igb.Dataset(X_train_all, label=y_train_all)
lgb_val= Igh.Dataset(X_val_all, label=y_val_all)

param = {

'"num_leaves': 15000,
#'max_depth': 28,
'learning_rate': 0.15,
'"num_threads': 4,
'objective’ : 'regression_|2’,
#'min_data_in_leaf' : 100,
'bagging_fraction': 0.75,
'bagging freq': 1,
'metric': '12_root' # RMSE
}

gbm = Igb.train(param,
lgb_train,
num_boost_round=1000,
valid_sets=Igb_val,
early_stopping_rounds=50,
verbose_eval=50)
print(gbm.best_score)

pathl ="./train_set1/’

files= os.listdir(path1)

trainl = pd.read_csv(path1 + files[0], encoding="gbk")

feature_imp = pd.DataFrame(sorted(zip(gbm.feature_importance(), trainl.columns)), columns=['Value',
Feature'])

print('Feature importances:', feature_imp)

gbm.save_model('./model_gbm.txt")
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4. BRI

import argparse
import numpy as np
import os

import tensorflow as tf

#os.environ["CUDA_VISIBLE_DEVICES"] = "2"

# get data

import pickle

with open('/ghome/zhanght/MathModel/X_train_all.pkl’, 'rb') as f:
X_train_all = pickle.load(f)

with open('/ghome/zhanght/MathModel/X_val_all.pkl’, 'rb") as f:
X_val_all = pickle.load(f)

with open('/ghome/zhanght/MathModel/y_train_all.pkl’, 'rb") as f:
y_train_all = pickle.load(f)

with open('/ghome/zhanght/MathModel/y_val_all.pkl’, 'rb") as f:
y_val_all = pickle.load(f)

# normalization

X_train_all = np.concatenate((X_train_all[;, :5], X_train_all[:, 6:]), axis=1)
X_val_all = np.concatenate((X_val_all[:, :5], X_val_all[;, 6:]), axis=1)
data_mean = np.mean(X_train_all, axis=0)

data_var = np.std(X_train_all, axis=0)

X _train_all -= data_mean

X_train_all /= data_var

X val_all -= data_mean

X_val_all /= data_var

parser = argparse.ArgumentParser(description="NN_Model")

parser.add_argument('--reg’, default=5e-4, type=float)

parser.add_argument('--Ir', default=2e-4, type=float)

parser.add_argument('--dr’, default=1.0, type=float)

parser.add_argument('--ds', default=1000, type=int)

parser.add_argument('--epoch’, default=100, type=int)

parser.add_argument('--print_freq’, default=500, type=int)

parser.add_argument('--batch_size', default=2048, type=int)

parser.add_argument('--save_path', default="/workspace/MathModel/models/conv7_64_res", type=str)
args = parser.parse_args()
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# train a specific model

tf.reset_default_graph()

# define our input (e.g. the data that changes every batch)

# The first dim is None, and gets sets automatically based on batch size fed in
X = tf.placeholder(tf.float32, [None, 10], name="input_X")

y = tf.placeholder(tf.int64, [None])

#is_training = tf.placeholder(tf.bool, name="is_train")

## define model

def conv7_64_res_model(X):
X =tfreshape(X, [-1, 10, 1, 1])
regularizers = 0

# layer 1

Wconv1 = tf.get_variable("Wconv1", shape=[5, 1, 1, 64])

bconv1 = tf.get_variable("bconv1", shape=[64])

convl = tf.nn.conv2d (X, Wconv1, strides=[1,1,1,1], padding="SAME') + bconv1
#batch1 = tflayers.batch_normalization(conv1, training=is_training)

relul = tfnn.relu(conv1)

regularizers += tf.nn.12_loss(Wconv1)

Wconv2 = tf.get_variable("Wconv2", shape=[1, 1, 64, 64])

bconv2 = tf.get_variable("bconv2", shape=[64])

conv2 = tf.nn.conv2d(relul, Wconv2, strides=[1,1,1,1], padding='SAME") + bconv2
#batch2 = tflayers.batch_normalization(conv2, training=is_training)

relu2 = tfnn.relu(conv2)

regularizers += tf.nn.12_loss(Wconv2)

Wconv3 = tf.get_variable("Wconv3", shape=[3, 1, 64, 64])

bconv3 = tf.get_variable("bconv3", shape=[64])

conv3 = tf.nn.conv2d(relu2, Weonv3, strides=[1,1,1,1], padding='SAME") + bconv3
#batch3 = tflayers.batch_normalization(conv3, training=is_training)

conv3 +=relul

relu3 = tf.nn.relu(conv3)

regularizers += tf.nn.12_loss(Wconv3)

Wconv3_2 = tf.get_variable("Wconv3_2", shape=[1, 1, 64, 128])

bconv3_2 = tf.get_variable("bconv3_2", shape=[128])

conv3_2 = tf.nn.conv2d(relu3, Wconv3_2, strides=[1,1,1,1], padding='SAME") + bconv3_2
#batch3_2 = tflayers.batch_normalization(conv3_2, training=is_training)

relu3_2 = tf.nn.relu(conv3_2)
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regularizers += tf.nn.12_loss(Wconv3_2)

Wconv4 = tf.get_variable("Wconv4", shape=[1, 1, 128, 128])

bconv4 = tf.get_variable("bconv4", shape=[128])

conv4 = tf.nn.conv2d(relu3_2, Wconv4, strides=[1,1,1,1], padding='SAME") + bconv4
#batch4 = tflayers.batch_normalization(conv4, training=is_training)

relu4 = tf.nn.relu(conv4)

regularizers += tf.nn.12_loss(Wconv4)

Wconv5 = tf.get_variable("Wconv5", shape=[3, 1, 128, 128])

bconv5 = tf.get_variable("bconv5", shape=[128])

conv5 = tf.nn.conv2d(relu4, Wconv5, strides=[1,1,1,1], padding='SAME") + bconv5
#batch5 = tflayers.batch_normalization(conv5, training=is_training)

conv5 +=relu3_2

relu5 = tfnn.relu(conv5)

regularizers += tf.nn.12_loss(Wconv5)

Wconv5_2 = tf.get_variable("Wconv5_2", shape=[1, 1, 128, 256])

bconv5_2 = tf.get_variable("bconv5_2", shape=[256])

conv5_2 = tf.nn.conv2d(relu5, Weconv5_2, strides=[1,1,1,1], padding='SAME") + bconv5_2
#batch5_2 = tflayers.batch_normalization(conv5_2, training=is_training)

relu5_2 = tf.nn.relu(conv5_2)

regularizers += tf.nn.12_loss(Wconv5_2)

Wconv6 = tf.get_variable("Wconv6", shape=[1, 1, 256, 256])

bconv6 = tf.get_variable("bconv6", shape=[256])

conv6 = tf.nn.conv2d(relu5_2, Wconvé, strides=[1,1,1,1], padding='SAME") + bconv6
#batch6 = tflayers.batch_normalization(convé, training=is_training)

relu6 = tf.nn.relu(conv6)

regularizers += tf.nn.12_loss(Wconv6)

Wconv7 = tf.get_variable("Wconv7", shape=[3, 1, 256, 256])

bconv7 = tf.get_variable("bconv7", shape=[256])

conv? = tf.nn.conv2d(relu6, Wconv7, strides=[1,1,1,1], padding="SAME") + bconv6
#batch7 = tflayers.batch_normalization(conv7, training=is_training)

conv7 +=relu5_2

relu7 = tfnn.relu(conv7)

regularizers += tf.nn.12_loss(Wconv7)

# layer5: 1 fc

W1 = tf.get_variable("W1", shape=[10 * 256, 1])
b1 = tf.get_variable("b1", shape=[1])

relu7 = tf.reshape(relu7, [-1, 10 * 256])

y_out = tfmatmul(relu7, W1) + b1
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y_out = tf.reshape(y_out, [-1, ])
regularizers += tf.nn.12_loss(W1)

return y_out, regularizers

def icp_res_model(X):
X =tfreshape(X, [-1, 10, 1, 1])
regularizers = 0

# layer 1

Wconv1 = tf.get_variable("Wconv1", shape=[5, 1, 1, 64])

bconv1 = tf.get_variable("bconv1", shape=[64])

convl = tf.nn.conv2d (X, Wconv1, strides=[1,1,1,1], padding="SAME') + bconv1
#batch1 = tflayers.batch_normalization(conv1, training=is_training)

relul = tfnn.relu(conv1)

regularizers += tf.nn.12_loss(Wconv1)

# layer 2

Wconv2 = tf.get_variable("Wconv2", shape=[1, 1, 64, 128])

bconv?2 = tf.get_variable("bconv2", shape=[128])

conv2 = tf.nn.conv2d(relul, Wconv2, strides=[1,1,1,1], padding='SAME") + bconv2
#batch2 = tflayers.batch_normalization(conv2, training=is_training)

relu2 = tfnn.relu(conv2)

regularizers += tf.nn.12_loss(Wconv2)

# layer 3, with a shortcut

Wconv3 = tf.get_variable("Wconv3", shape=[3, 1, 128, 128])

bconv3 = tf.get_variable("bconv3", shape=[128])

conv3 = tf.nn.conv2d(relu2, Wconv3, strides=[1,1,1,1], padding='SAME") + bconv3
#batch3 = tflayers.batch_normalization(conv3, training=is_training)

#batch3 +=relul

relu3 = tf.nn.relu(conv3)

regularizers += tf.nn.12_loss(Wconv3)

# inception residual layer4

Wconv4_1 = tf.get_variable("Wconv4_1", shape=[1, 1, 128, 64])

bconv4_1 = tf.get_variable("bconv4_1", shape=[64])

conv4_1 = tf.nn.conv2d(relu3, Wconv4_1, strides=[1,1,1,1], padding='SAME") + bconv4_1
#batch4_1 = tflayers.batch_normalization(conv4_1, training=is_training)

relu4_1 = tf.nn.relu(conv4_1)

regularizers += tf.nn.12_loss(Wconv4_1)

Wconv4_2a = tf.get_variable("Wconv4_2a", shape=[1, 1, 128, 32])
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bconv4_2a = tf.get_variable("bconv4_2a", shape=[32])

conv4_2a = tf.nn.conv2d(relu3, Wconv4_2a, strides=[1,1,1,1], padding="SAME") + bconv4_2a
#batch4_2a = tflayers.batch_normalization(conv4_2a, training=is_training)

relu4_2a = tf.nn.relu(conv4_2a)

regularizers += tf.nn.12_loss(Wconv4_2a)

Wconv4_2b = tf.get_variable("Wconv4_2b", shape=[3, 1, 32, 64])

bconv4_2b = tf.get_variable("bconv4_2b", shape=[64])

conv4_2b = tf.nn.conv2d(relu4_2a, Wconv4_2b, strides=[1,1,1,1], padding="SAME') + bconv4_2b
#batch4_2b = tflayers.batch_normalization(conv4_2b, training=is_training)

relu4_2b = tf.nn.relu(conv4_2b)

regularizers += tf.nn.12_loss(Wconv4_2b)

Wconv4_3a = tf.get_variable("Wconv4_3a", shape=[1, 1, 128, 32])

bconv4_3a = tf.get_variable("bconv4_3a", shape=[32])

conv4_3a = tf.nn.conv2d(relu3, Wconv4_3a, strides=[1,1,1,1], padding="SAME") + bconv4_3a
#batch4_3a = tflayers.batch_normalization(conv4_3a, training=is_training)

relu4_3a = tf.nn.relu(conv4_3a)

regularizers += tf.nn.12_loss(Wconv4_3a)

Wconv4_3b = tf.get_variable("Wconv4_3b", shape=[5, 1, 32, 64])

bconv4_3b = tf.get_variable("bconv4_3b", shape=[64])

conv4_3b = tf.nn.conv2d(relu4_3a, Wconv4_3b, strides=[1,1,1,1], padding="SAME') + bconv4_3b
#batch4_3b = tflayers.batch_normalization(conv4_3b, training=is_training)

relu4_3b = tf.nn.relu(conv4_3b)

regularizers += tf.nn.12_loss(Wconv4_3b)

Wconv4_4a = tf.get_variable("Wconv4_4a", shape=[1, 1, 128, 32])

bconv4_4a = tf.get_variable("bconv4_4a", shape=[32])

conv4_4a = tfnn.conv2d(relu3, Wconv4_4a, strides=[1,1,1,1], padding="SAME") + bconv4_4a
#batch4_4a = tflayers.batch_normalization(conv4_4a, training=is_training)

relu4_4a = tf.nn.relu(conv4_4a)

regularizers += tf.nn.12_loss(Wconv4_4a)

Wconv4_4b = tf.get_variable("Wconv4_4b", shape=[3, 1, 32, 64])

bconv4_4b = tf.get_variable("bconv4_4b", shape=[64])

conv4_4b = tf.nn.atrous_conv2d(relu4_4a, Wconv4_4b, rate=2, padding="SAME') + bconv4_4b
#batch4_4b = tflayers.batch_normalization(conv4_4b, training=is_training)

relu4_4b = tf.nn.relu(conv4_4b)

regularizers += tf.nn.12_loss(Wconv4_4b)

relu4 = tf.concat([relu4_1, relu4_2b, relu4_3b, relu4_4b], 3)

# inception residual layer5

36



Wconv5_1 = tf.get_variable("Wconv5_1", shape=[1, 1, 256, 128])

bconv5_1 = tf.get_variable("bconv5_1", shape=[128])

conv5_1 = tf.nn.conv2d(relu4, Wconv5_1, strides=[1,1,1,1], padding='SAME") + bconv5_1
#batch5_1 = tflayers.batch_normalization(conv5_1, training=is_training)

relu5_1 = tf.nn.relu(conv5_1)

regularizers += tf.nn.12_loss(Wconv5_1)

Wconv5_2a = tf.get_variable("Wconv5_2a", shape=[1, 1, 256, 64])

bconv5_2a = tf.get_variable("bconv5_2a", shape=[64])

conv5_2a = tf.nn.conv2d(relu4, Wconv5_2a, strides=[1,1,1,1], padding="SAME") + bconv5_2a
#batch5_2a = tflayers.batch_normalization(conv5_2a, training=is_training)

relu5_2a = tf.nn.relu(conv5_2a)

regularizers += tf.nn.12_loss(Wconv5_2a)

Wconv5_2b = tf.get_variable("Wconv5_2b", shape=[3, 1, 64, 128])

bconv5_2b = tf.get_variable("bconv5_2b", shape=[128])

conv5_2b = tf.nn.conv2d(relu5_2a, Wconv5_2b, strides=[1,1,1,1], padding="SAME') + bconv5_2b
#batch5_2b = tflayers.batch_normalization(conv5_2b, training=is_training)

relu5_2b = tf.nn.relu(conv5_2b)

regularizers += tf.nn.12_loss(Wconv5_2b)

Wconv5_3a = tf.get_variable("Wconv5_3a", shape=[1, 1, 256, 64])

bconv5_3a = tf.get_variable("bconv5_3a", shape=[64])

conv5_3a = tf.nn.conv2d(relu4, Wconv5_3a, strides=[1,1,1,1], padding="SAME") + bconv5_3a
#batch5_3a = tflayers.batch_normalization(conv5_3a, training=is_training)

relu5_3a = tf.nn.relu(conv5_3a)

regularizers += tf.nn.12_loss(Wconv5_3a)

Wconv5_3b = tf.get_variable("Wconv5_3b", shape=[5, 1, 64, 128])

bconv5_3b = tf.get_variable("bconv5_3b", shape=[128])

conv5_3b = tf.nn.conv2d(relu5_3a, Wconv5_3b, strides=[1,1,1,1], padding="SAME') + bconv5_3b
#batch5_3b = tflayers.batch_normalization(conv5_3b, training=is_training)

relu5_3b = tf.nn.relu(conv5_3b)

regularizers += tf.nn.12_loss(Wconv5_3b)

Wconv5_4a = tf.get_variable("Wconv5_4a", shape=[1, 1, 256, 64])

bconv5_4a = tf.get_variable("bconv5_4a", shape=[64])

conv5_4a = tf.nn.conv2d(relu4, Wconv5_4a, strides=[1,1,1,1], padding="SAME") + bconv5_4a
#batch5_4a = tflayers.batch_normalization(conv5_4a, training=is_training)

relu5_4a = tf.nn.relu(conv5_4a)

regularizers += tf.nn.12_loss(Wconv5_4a)

Wconv5_4b = tf.get_variable("Wconv5_4b", shape=[3, 1, 64, 128])
bconv5_4b = tf.get_variable("bconv5_4b", shape=[128])
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conv5_4b = tf.nn.atrous_conv2d(relu5_4a, Wconv5_4b, rate=2, padding="SAME') + bconv5_4b
#batch5_4b = tflayers.batch_normalization(conv5_4b, training=is_training)

relu5_4b = tf.nn.relu(conv5_4b)

regularizers += tf.nn.12_loss(Wconv5_4b)

relu5 = tf.concat([relu5_1, relu5_2b, relu5_3b, relu5_4b], 3)

#1fc

W1 = tf.get_variable("W1", shape=[10 * 512, 1])
b1 = tf.get_variable("b1", shape=[1])

relu6 = tf.reshape(relu5, [-1, 10 * 512])

y_out = tf.matmul(relu6, W1) + b1

y_out = tf.reshape(y_out, [-1, ])

regularizers += tf.nn.12_loss(W1)

return y_out, regularizers

#y_out, regularizers = conv7_64_res_model(X)
y_out, regularizers = icp_res_model(X)
my_y_out = tf.reshape(y_out, [-1, 1], name="output_y")

total_loss = tf.losses.mean_squared_error(y, y_out)
mean_loss = tf.reduce_mean(total_loss + regularizers * args.reg)

# define our optimizer

global_step = tf.Variable(0, trainable=False)

starter_learning_rate = args.Ir

learning_rate = tf.train.exponential_decay(starter_learning_rate, global_step, args.ds, args.dr, staircase=Tr
ue)

optimizer = tf.train.AdamOptimizer(learning_rate) # select optimizer and set learning rate

train_step = optimizer.minimize(mean_loss)

# batch normalization in tensorflow requires this extra dependency
"'extra_update_ops = tf.get_collection(tf.GraphKeys.UPDATE_OPS)
train_step = optimizer.minimize(mean_loss)

train_step = tf.group([train_step, extra_update_ops])""

"'with tf.control_dependencies(extra_update_ops):

train_step = optimizer.minimize(mean_loss)

#init_op = tf.initialize_all_variables()

sess = tf.Session()
sess.run(tf.global_variables_initializer())
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print('Training')

def run_model(session, predict, loss_val, Xd, yd,
epoch=1, batch_size=64, print_every=100,
training=None):
# shuffle indicies
train_indices = np.arange(Xd.shape[0])
if training is not None:
np.random.shuffle(train_indices)

training_now = training is not None

# setting up variables we want to compute (and optimizing)
# if we have a training function, add that to things we compute
variables = [loss_val, predict]
if training_now:
variables += [training]

# counter

iter_cnt=0

# keep track of losses and accuracy

losses =[]

y_output = np.zeros((0, ))

# make sure we iterate over the dataset once

for i in range(int(np.ceil(Xd.shape[0] / batch_size))):
# generate indicies for the batch
start_idx = (i * batch_size) % Xd.shape[0]
idx = train_indices[start_idx: start_idx + batch_size]

# create a feed dictionary for this batch
feed_dict = {X: Xd[idx,],
y: yd[idx],}
#is_training: training_now}
# get batch size
actual_batch_size = yd[idx].shape[0]

# have tensorflow compute loss and correct predictions
# and (if given) perform a training step
if training_now:

loss, output, _ = session.run(variables, feed_dict=feed_dict)
else:

loss, output = session.run(variables, feed_dict=feed_dict)
y_output = np.concatenate((y_output, output))
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# aggregate performance stats
losses.append(loss * actual_batch_size)

# print every now and then
if training_now and (iter_cnt % print_every) == 0:
print("Iteration {0}: with minibatch training loss = {1:.3f}"\
format(iter_cnt, loss))

iter_cnt+=1

total_loss = np.sum(losses) / Xd.shape[0]
print("Epoch {1}, Overall loss = {0:.3f}"\
format(total_loss, epoch + 1))

return total_loss, y_output

def CaculatePcrr(y_true, y_pred):
t=-103
tp = len(y_true[(y_true <t) & (y_pred < t)])
fp = len(y_true[(y_true >=t) & (y_pred < t)])
fn = len(y_true[(y_true < t) & (y_pred >=t)])
precision = tp / (tp + fp)
recall =tp / (tp + fn)
pcrr = 2 * (precision * recall) / (precision + recall)

return pcrr

foriin range(args.epoch):
run_model(sess, y_out, mean_loss, X_train_all, y_train_all, i, args.batch_size, args.print_freq, train_step)
_, y_output = run_model(sess, y_out, mean_loss, X_val_all, y_val_all, i, args.batch_size)
pcrr = CaculatePcrr(y_val_all, y_output)
print("pcrr: {}".format(pcrr))
print("Finish Training !")

tf.saved_model.simple_save(sess, args.save_path,
inputs={"myInput": X},

outputs={"myOQOutput": my_y_out})

sess.close()
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