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Fig.1 CPU-GPU heterogeneous computing framework and
CUDA programming model
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A l-eie Rl
BITHAER
4 CJ_DYDLQX N 6557788  450.3
J-DYDLOX i pst iz
KH_CLDZB_1 . 3220269  429.9
5 H G faf 155
M 1 5
CJ_RDJDNL_1 6177487  630.3
KH_CLDZB_2 . 7777590  1038.3
5 6 H B faf 15
3 2 s
CJ_RDJDNL_2 12857237 1311.8
KH_CLDZB_3 X 10370120 1384.4
; H B faf 157
W 3 %t

CJ_RDJDNL_3 17142097 1749.1

EF XN 28 A, £ 2 L T CPU-GPU #4411
725 Oracle 5088 PEAEAt R FE AR A THHIR 7 R 1
8, 2 Fh 7 S 0 BT 435 R 55.34 .655.80 s, ML FE
gk AT A Y, 46 L Oracle B4R 114 7 %2, CPU-
GPU S 3158 7 58 B SR ik T — 2 A IR IR) R 4 74K
WA HANTRAL R, (HJEAE GPU S ik T 1 e {5 B
NI = N R WA U [ B R R R € LS
o3 W 3 232.24 .1423.56 s, T 7E GPU b 52 BLHA
{NFERT 1.73 s £11.78 s(F% 2 ' CPU-GPU M35 5
255 VAL 55 2 Rl R A T8E 3T, R4l #e 2 &
GPU I [ B a4 AT 7 d5cJm 0 BBt 1) A g
AFERT S K Bl 55 T H A R] ) , RCR M4 T 248
R W, B TFASCRHAZEBREARRET 24
GPU I AT E AR , 7 CPU-GPU Sy i3 )y & vh
v 55 1AL 55 2 40 B FE 2 /5 GPU LRI a4 7 974731
B SR SR R DLERAS GPU BB fe K Ak 55
A IE] CEPAL 55 2) , s i — 2 i w1 2508l B T 3

ROF A BT R AN LAk B T 11.85 4%
3 WL T AR LB T 555 GPU JFATI
R PERERE O, M 1—3 43 %0 3R 1 il N 2 B
(9 3 LA EAT T H St AR, 6 R TR R R I
I35 9 31.53.161.69.225.94 s, [ b4 Al %03
1 1 AR () RS ) B 2 Oracle B0HiE 22 vh T H 35 2
232.24 5,1 CPU-GPU SAi 3158 07 S8 HFERT 31.53 s,
ITERCRY R 2 3G 3 LB 225.94 s,
AT3/INT* Oracle X416 e 315577 58 T 7 (4 8], 3K {4
1 CPU-GPU S A4 153 S A Ab BT 3303 4 HUAT: 55
R PG
&2 CPU-GPURMITEH RS Oracle BB EITH TR
THERES T
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Table 3 Performance analysis for daily load calculation
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Fig.2 Error curve of different numbers of clusters
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Table 4 Performance analysis for load forecasting model

i 7 epuse / ewae/ Cyare/ A NN
J9 MW MW % R /s
1 25.535 13967 3980 0.966
XGBoost 2 134.409 40.135 8.560 0.947 41.786
3 29.225 14.288 7.398 0.947
1 29.076 16.197 4.399 0.956
LSTM 2 158.027 54.615 9.924 0.929 1586.361
3 32.462 16.610 9.451 0.935
1 27.243 14383 4.128 0.959
RF 2 152.485 41.760 8.927 0.932 503.153
3 29.690 14.301 7.646 0.940
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Fig.3 Results of station load forecasting
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Expansion planning of transmission network with high proportion of
hydropower considering guidance of marketized electricity price signal

WANG Fuyang',LIU Youbo',XU Weiting’,GOU Jing’,LIU Fang’,SU Yunche’,LIU Junyong'
(1. College of Electrical Engineering,Sichuan University,Chengdu 610065, China;

2. Economic and Technological Research Institute of State Grid Sichuan Electric Power Company,Chengdu 610041, China)
Abstract: The traditional power grid expansion planning model is difficult to reflect the quantitative impact
of global supply and demand situation on investment income of power grid, willingness of market entities
and social benefit under the competitive market mode for a period of time in the future, and the network
congestion and transaction surplus problems in transmission network with high proportion of hydropower
caused by the mismatch between the capacity of hydropower transmission section and the difference between
power flows in wet and dry seasons are increasingly serious, for which, an expansion planning model of
transmission network under the scenario with high proportion of hydropower is proposed considering guidance
of marketized electricity price signal. The upper layer model takes the maximum annual line investment
income as its objective function to form the planning decision lines. The lower layer model adopts the
improved k-means clustering algorithm to obtain the typical annual operation mode of transmission network
with high proportion of hydropower, quantifies load increment and network utilization rate after line planning
based on the clearing results of market transaction and the response characteristic of regional load, and
guides the expansion planning of power grid with the marketized electricity price signal to promote regional
hydropower consumption. KKT optimal conditions are used to realize the coupling of the upper and lower
layer models,and the bi-level programming problem is transformed into a mixed integer programming problem
for solution. A practical power grid with high proportion of hydropower in southwest China is taken as an
example, and the impact of market signal on the expansion planning results under high proportion of hydro-
power integration is verified by comprehensive comparison of congestion surplus,investment income and pro-
portion of hydropower consumption among different planning methods.

Key words: expansion planning;hydropower consumption;congestion surplus;price elasticity;locational marginal

price
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High-performance electricity load forecasting under CPU-GPU

heterogeneous computing framework
ZHAO Jiahao',ZHOU Gan',HUANG Li',LU Chunyan*,TAO Xiaofeng’, FENG Yanjun'
(1. School of Electrical Engineering,Southeast University,Nanjing 210096, China;

2. NARI Group Corporation / State Grid Electric Power Research Institute,Nanjing 211106, China)
Abstract: With the rapid development of power grid, the electricity information acquisition system faces
great challenges in the data computing business. Recently, GPU (Graphics Processing Unit) has become
important issues in high-performance computing problems due to its superior performance on floating-point
computing speed and memory bandwidth. GPU has been successfully applied to scientific computing fields
such as power system caculating analysis. When facing power load forecasting problem based on artificial
intelligence methods, most of the past researches only considered training of GPU-accelerated forecasting
model, but not applied to data acquisition and calculation. A high-performance electricity load forecasting
solution under the CPU-GPU (Central Processing Unit-Graphics Processing Unit) heterogeneous computing
framework is proposed. Firstly, with the help of CUDA (Compute Unified Device Architecture) and multi-
threading technology, power data is computed in parallel by multi-GPUs. Afterwards, with the help of cluster
analysis, multi-station load forecasting is completed based on XGBoost algorithm,where GPU accelerates the
model training calculation. Finally,through the case analysis of the electricity information of 43254 stations
in Shenzhen,the efficiency and applicability of the proposed method are verified.
Key words:electricity information acquisition system;electric load forecasting; GPU;heterogeneous computing;
XGBoost
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Kernel: parallel_scan

FK1 GPUIFATH i sl it 275
tid = blockldx.x * blockDim.x + thread ldx.x;
BHFERSEER Itid /& 4 gblock {1 £ FHIDH 5]
while tid < Num_T_A

mark=0, i=-1, j=-1;
Table A binary search for the same ID records
mid « find T_A.ID[tid] == T_B.ID[mid]
IR L ) L B
B.1D[mid]
B.ID[mid+1]
j=mid+1;

Table B

if T_A.D[tid] == T_I
mark = 2, i=mid-1, j=mid;
else mark = 1, i=mid;
end if
end if
Mapl[tid] « {mark, i, j}; //4 Heh it 4
tid+=blockDim.x*gridDim.x;
end while

BB RS
l Map:{mark, i, j}

GPUN B H AT
Kernel: calculate_day_power
$ik2 GPUFFAT TS S fif el
tid = blockldx.x * blockDim.x + threadldx.x;
Itid & 2T blocks (£ FEID % 5]
while tid < Num_T_A
if Map[tid]. mark == 2
i=Mapl[tid].i, j=Mapl[tid].j
powerl[tid]=(T_B.DATA[j]-T_B.DATA[i])*T_A.rate[i]
end if
tid+=blockDim.x*gridDim.x;
end while

Al GPUHTIHHEBAFEREE
Fig.A1 GPU-based parallel daily load calculation
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Sk GPU SEHLI P SO h

A Xy, X2 Xp EX
it tree
tree « {}
expand_queue « InitRoot()
while expand_queue is not empty do
expand_entry <« expand_queue.pop()
tree.insert(expand_entry)
IIE GPU 1 Ab BRI ZhAE A
for i in 0...p do
TTARHE 2 1 11 43 24705 )0 B AR FAE HEAT HE P
RepartitionInstances(expand_entry, X;)
NFAT AR R S0 B BT
BuildPartialHistograms(expand_entry, X, gi)
end for
1145 9% GPU L JT A R4 1 EL 5 18]
AllReduceHistograms(expand_entry)
IFRB e TR R R 2 B
left_expand_entry « EvaluateSplit (expand_entry.left_histogram)
right_expand_entry « EvaluateSplit (expand_entry.right_histogram)
expand_queue.push(left_expand_entry)
expand_queue.push(right_expand_entry)
end while
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Table C1 Features for cluster analysis of station load
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Table C2 Input features for load forecasting model
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Fig.C1 Computing solution under the framework of heterogeneous computing
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Table C3 Parameter configuration of forecasting model

Hik S E

XGBoost  THRIE 8, 315 015, RHGKH 300, BT i FEAL
3, BEHURFERIELEI 0.7, M7 o R MR 0.1

LSTM W2 2 2, 429 LSTM 1 Dropout, £ n¥ii 128, fi
HEN 1 E4asERE, ZE 50

RE M R MEAR SR 1, TSR R DA 2, WL
H 300
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