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Figure 1 Time correlation of PV power generation
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Figure 2 Daily Power generation of a PV station in Jinan
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Figure 8 The interface of intelligent multi-site forecast
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Table 2 Experiment results in Jinan data set
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Impact of Water Level Changes on Seepage Characteristics and Stability of
Soaking Widened Subgrade

LI Fen', LIU Yitao', ZHAO Aoquan'"’

(1. School of Naval Architecture, Ocean and Energy Power Engineering, Wuhan University of Technology, Wuhan 430063, China;
2. Anhui Jianghuai Automobile Group Co. , Ltd. , Hefei 230022, China)

Abstract: The subgrade along the river was affected by unilateral water level changes for a long time, which could
increase the risk of overall instability of the subgrade. In order to analyze the seepage characteristics and stability of
the flooded widened subgrade with the condition of seasonal change of water level, the seepage characteristics of the
subgrade were calculated in real time based on the secondary development of FLAC™ software, and the soil strength
parameters were corrected on this basis, and the influence of seasonal change of water level on the stability of the
widened subgrade was studied. The results showed that the distribution of pore water pressure and saturation curves
of subgrade with horizontal distance was different at the same water level at different times in a certain area near the
water surface of the subgrade. During the high water level period, the curve formed a hysteresis circle-like shape,
and the pore water pressure and saturation in the middle region were greater than those in the water level rise peri-
od. In the low water level period, the curves converge at a certain depth, but the pore water pressure and saturation
in the near water area were greater than those in the water level rise period. The safety factor of the frontal slope
varied greatly with the seasonal change of water level, with a maximum of 22% , while the backwater surface was
less affected by it, with a variation of only 4. 5%. The change trend of safety factor of frontal slope was positively
correlated with the seasonal trend of water level, while that of backwater surface was diametrically opposite. In the
process of seasonal fluctuations of water level, the most unfavorable condition occurred when the water level reached
its peak, and the potential sliding surface appeared at the junction of the old and new subgrade on the backwater.

Keywords: widening subgrade; water level change; seepage characteristics; stability
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Intelligent Site Selection of Distributed Photovoltaic Power Stations Based on a

Multi-site Forecasting Model

SONG Ling', CHANG Longtao', LYU Shunming’, YANG Zhaohui', LIU Xinfeng', CHEN Guanzhong'

(1. College of Computer Science and Technology, ShanDong JianZhu University, Jinan 250101, China;2. Cloud Operations Center,

State Grid Information & Telecommunication Branch, Beijing 100000, China)

Abstract ; In order to improve the operational efficiency of photovoltaic (PV) power stations a proposal of multi-site
forecasting model (MSFM) was proposed to addressing the multi-site location selection problem. In the proposed
model, spatiotemporal correlation, event data, and meteorological factors were leveraged to predict power output
across multiple sites. A three-dimensional tensor was introduced to represent spatiotemporal data, and tensor de-
composition techniques were utilized to recover missing entries. Additionally, the spatiotemporal adjacency, trends,
event text data, and meteorological impacts were modeled using both the three-dimensional tensor and the ResNet
model. An experimental dataset was established using operational and meteorological data from 1,155 PV power
stations in Jinan, Shandong Province. The performance of the proposed method was validated through mean abso-
lute error, relative absolute error, root mean square error, and relative root mean square error, with at least 2. 3%,
0.9%, 2.6% , and 2. 5% reductions, respectively, in these four evaluation metrics, the experimental results dem-
onstrated that the proposed method was applicable to multi-site location selection problems.

Keywords: intelligent site selection; multi-site power output forecasting; deep residual networks; model fusion;

spatiotemporal correlation
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