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In order to address the challenges of spatiotemporal coupling and edge
deployment difficulties in distributed photovoltaic power generation prediction, a
multi granularity graph gated long short-term memory network coupled with an
output knowledge distillation architecture is proposed. Firstly, utilizing dynamic
collaboration mechanisms to unify multi-source heterogeneous observations and
grid structure priors. Next, the three-branch graph encoder composed of the
original nodes and the multi hop graph attention network extracts spatial context
through the Softmax gating algorithm. Then, these spatial features are injected into
the time step through conditional bias for joint multi time scale prediction. Finally,
a lightweight student network was constructed using knowledge distillation for
potential edge deployment. The results indicate that the model achieved an
average absolute error of 25.31 MW and an average absolute percentage error of
1.48% within a prediction interval of 1 hour. During the merged time interval, the
global average absolute percentage error decreased to 2.64%, which is 42.39%
less than the traditional gated cyclic unit model. In addition, the lightweight
student model successfully compressed the number of parameters from 319.7K to
44 9K, achieving a compression rate of 85.96%. Although knowledge distillation
has brought about a small overall improvement in comprehensive error, its
statistical significance is manifested as marginal benefits, and it exposes a certain
trade-off of performance degradation in the 24-hour long-term prediction field.
This framework achieves deep collaboration between data fusion, grid aware
modeling, and lightweight compression, providing engineering reference for
potential edge deployment in resource constrained scenarios.

© 2026 MIM Research Group. All rights reserved.

1. Introduction

In the context of a high proportion of renewable energy grid connection, the installed capacity of
distributed photovoltaic continues to grow, and the volatility, randomness and spatio-temporal
coupling characteristics of new energy output become increasingly prominent [1-3]. Compared
with traditional centralized power sources, distributed photovoltaic power is not only driven by
meteorological factors such as irradiation, temperature, humidity, wind speed and rainfall, but also
jointly affected by geographical differences of grid-connected nodes, resource endowments and
grid connection relationships [4-5]. Specifically, high penetration rates of distributed photovoltaics
can cause reverse power flow and severe feeder voltage fluctuations. In addition, the intermittency
of photovoltaics has increased the uncertainty of predictions, leading to increased procurement
costs for rotating backup and operational pressure on voltage regulating equipment. Improving
prediction accuracy directly alleviates these risks by optimizing backup allocation and reducing
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dynamic climbing burden. When the prediction object expands from a single site to a regional-level
grid-connected unit aggregated from multiple nodes, it is often difficult to fully characterize key
features such as cross-regional weather propagation, grid coupling, and power linkage by relying
only on local historical sequences for modeling. Therefore, constructing prediction models that can
uniformly integrate multi-source heterogeneous observations and grid structure priors for
distributed photovoltaic scenarios becomes an important research issue in new energy
dispatching, consumption analysis and operation perception [6].

From the perspective of application requirements, distributed photovoltaic power prediction is not
a single time interval problem. The prediction for the next one hour mainly serves short-term
scheduling and real-time control, the prediction for the next six hours supports intraday rolling
optimization and standby adjustment, and the prediction for the next 24 hours is closely related to
day-ahead planning, energy storage coordination and risk assessment. Different prediction
intervals correspond to different sources of uncertainty and decision-making objectives, but all rely
on the same set of historical power, meteorological information, temporal priors, and spatial
coupling relationships. Therefore, conducting multi-time distributed photovoltaic power
prediction under a unified framework not only helps to improve the consistency of model
expression, but also helps to enhance the availability of prediction results on the dispatch side and
the operation side [7].

Among the existing photovoltaic power prediction methods, hybrid machine learning and deep
learning models provide an effective way to overcome the sharp fluctuations and nonlinear
characteristics of the data. Souhe et al. proposed a prediction model based on parallel hybrid
Support Vector Machine-Gated Recurrent Unit (SVM-GRU) and ant colony optimization algorithm
to address the issue of data variability in smart grid photovoltaic prediction. By combining the
strengths of both algorithms, the method achieved a standard correlation coefficient of 0.9986(8].
Wu S et al. used an adaptive noise fully integrated empirical mode decomposition algorithm to
break down the data into several subsequences to mitigate the interference of large fluctuations in
photovoltaic power. The Convolutional Neural Network-Gated Recurrent Unit (CNN-GRU) model
was constructed. This approach effectively overcame the limitations of a single network in
capturing historical features [9]. To further enhance the supply-demand balance capacity of energy
management systems, Boucetta L N et al. proposed a hybrid deep learning model that integrates
GRU and attention mechanisms. The results showed that the model had a decision coefficient of up
to 0.992 in wind power advance prediction, significantly capturing the inherent volatility of the
sequence [10]. In addition, Ma Y et al. proposed a two-stage prediction method based on the
optimized Transformer architecture for the nonlinear and periodic characteristics of photovoltaic
power generation, introducing the ProbSparse attention mechanism and weighted sequence
decomposition module. Compared with the traditional Transformer, the Root Mean Square Error
(RMSE) of this method was reduced by 31.23% [11]. Zarghami M et al. proposed a novel deep
learning model for evaluating the flexibility of power systems - the spatio-temporal hybrid
convolutional converter network. In power and load predictions for the next 24 hours and 168
hours, the network reduced the prediction error to 2.5% and the maximum Mean Absolute Error
(MAE) to 10.1% [12]. Heng S et al. proposed a method based on multi-task learning and Gru-
attention networks for the planning and scheduling problem of multi-energy load systems. The
results showed that the method reduced the average Mean Absolute Percentage Error (MAPE) of
predictions by 43% [13].

In addition, in recent years, spatiotemporal graph neural networks (ST-GNN) have made
breakthrough progress in the field of power system prediction, with representative frontier models
emerging such as adaptive graph convolutional recurrent networks (AGCRN), attention mechanism
spatiotemporal graph neural networks (ASTGNN), spatiotemporal graph convolutional networks
(STGCN), and time series-oriented Transformer variants (such as PatchTST). However, applying it
to distributed photovoltaic scenarios faces computational and theoretical constraints. Given that
the main physical connectivity between regional substations remains relatively static during most
scheduling cycles, the study adopts the assumption of static graphs. The theoretical boundary lies
in sacrificing absolute sensitivity to instantaneous topology fine-tuning in exchange for stability
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and computational robustness of spatial coupling expression, effectively avoiding edge overfitting
and computational overhead caused by frequent reconstruction of graph structures.

In summary, previous research has made significant progress in distributed photovoltaic power
prediction and multi energy collaborative analysis based on data-driven and hybrid temporal
networks. However, there are still many limitations in the face of regional level grid connected
scenarios with a high proportion of new energy access. One is that multi-source heterogeneous data
is usually aggregated at a single scale, lacking a unified heterogeneous dynamic observation and
power grid topology fusion mechanism [14]. The second issue is that existing graph time series
models often come with high parameter sizes and computational costs. When deployed on the edge
or in real-time perception scenarios with limited resources, there is a lack of deep collaboration
solutions that balance prediction accuracy and model light weighting [15]. To this end, research is
conducted on distributed photovoltaic power prediction and grid perception modeling methods
driven by multi-source heterogeneous data, and a Multi-granularity Graph Gated Long Short-Term
Memory (MGG-LSTM) network is proposed. This model is based on a static graph composed of real
grid connection relationships, using original node branches, 1-hop GATv2 branches, and 2-hop
GATv2 branches to extract multi granularity graph context, and implementing graph side fusion
using Softmax gating. Subsequently, the obtained graph context will be used simultaneously for the
initial state construction and time step bias injection of the conditional LSTM, and then combined
with the shared output head, time-division output head, and persistent skip branch to complete
multi temporal photovoltaic power prediction for the next 1 hour, 6 hours, and 24 hours. This
design can integrate multi-source heterogeneous dynamic observations and grid perception priors
in a unified framework, thus balancing spatial structure expression, time-dependent modeling, and
multi temporal output requirements. On this basis, further research is conducted to construct a
lightweight student model, and the feasibility of compressing and deploying the model is analyzed
using the output knowledge distillation strategy. The main contributions are as follows:

e A multi-source heterogeneous data modeling framework for distributed photovoltaic grid-
connected node prediction is constructed, and historical power, supplementary dynamic
variables, meteorological statistics, time features, differential features, static node attributes,
and static edge attributes are uniformly organized as graph time series inputs.

e A grid-aware MGG-LSTM model is proposed, effectively injecting multi-granularity graph
context into the time series prediction process through three-branch graph coding, Softmax
gating fusion, and conditional LSTM design.

e Experimental analyses are conducted on future 1-hour, 6-hour, and 24-hour multi-time
interval prediction tasks to verify the positive effects of multi-source heterogeneous feature
fusion and grid-aware modeling on the performance of distributed photovoltaic power
prediction.

e To meet the requirements of lightweight deployment, the study constructs the Student
Baseline model and output distillation model, and analyzes the role of knowledge distillation
in parameter compression and maintaining the accuracy of multi-time interval prediction.

2. Data Modeling and Multi-Source Heterogeneous Input Construction
2.1 Dataset and Scenario Description

The study uses existing data related to the power system in a certain region as a case to construct
a multi-node grid-connected scenario for distributed photovoltaic power prediction. The original
data covers the period from 2019 to early 2021, including hourly organized dynamic observations,
node static attributes, and grid connection relationships. Given that the original data is presented
in the form of regional-level nodes, the study interprets them as distributed photovoltaic
aggregation units or regional-level grid-connected nodes to analyze the multi-node distributed
photovoltaic power prediction problem without changing the data source. The dataset is sourced
from the SCADA system operated by a provincial power grid, covering an area of approximately
5000 square kilometers in the central eastern part of the province. The 27 defined nodes physically
represent 27 regional substations, with installed capacities ranging from 15MW to 120MW. 92
directed edges represent the actual physical transmission lines connecting these substations and
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their flow directions. The physical basis for interpreting these regional level nodes as distributed
photovoltaic aggregation units is that in actual power grid scheduling, scattered roofs and small
distributed photovoltaics are often difficult to be directly observed by the dispatch center one by
one, but are collected through the distribution network to the upper-level substation nodes.
Therefore, treating the net photovoltaic output of the substation node as a distributed aggregation
unit not only conforms to the real physical connectivity of the power grid topology, but also to the
actual data collection and operation perception mode of the scheduling end. Regarding the
modeling of directed edges, although the actual power flow is essentially bidirectional, the directed
graph edges in the study represent the main transmission line directions and energy transmission
paths derived from the historical SCADA power flow direction, effectively capturing the dominant
spatial propagation patterns. In addition, due to the confidentiality agreement governing the
proprietary provincial SCADA dataset, the research has not yet been validated on the open-source
standard benchmark network. The prediction target is the photovoltaic power output of each node
at different time intervals in the future, and the static graph structure is used to describe the
connection relationship between the nodes and the grid perception prior.

Table 1 summarizes the input information used. Overall, distributed photovoltaic power prediction
does not rely solely on a single time series, but is composed of data from multiple sources, different
update frequencies, and different structural forms. Among them, historical photovoltaic power,
supplementary dynamic variables, and meteorological statistics belong to hourly dynamic time
series data. The time features belong to the rule prior constructed based on timestamps. Node
attributes are used to characterize the spatial location and resource endowment of grid-connected
units. Edge attributes are used to describe the connection capabilities and physical constraints
between nodes. There are obvious differences in the physical meaning and representation of the
above information, which form the basis of the multi-source heterogeneous input that the study
focuses on.

2.2 Data Preprocessing

To ensure consistency and reproducibility in the modeling process, the study completes data
cleaning, feature construction, and sample generation following the actual process in the
preprocessing script. The core steps are as follows:

e Time division: In order to overcome the severe seasonal distribution shift caused by
traditional chronological partitioning, this study redesigned and corrected the data
partitioning strategy. We mainly adopted a seasonal stratified rolling cross validation/mixed
sampling scheme to ensure that the training set, validation set, and test set can evenly cover
the complete meteorological and photovoltaic output dynamic characteristics of all seasons,
eliminating fundamental seasonal mismatches.

e OQutlier correction: The study performs non-negative truncation on the dynamic power
sequence to prevent negative observations from interfering with subsequent training.

e Meteorological statistics mapping: The study extracts statistics such as rainfall, air pressure,
global irradiance, air temperature, dew point temperature, humidity, wind direction, gusts,
and wind speed from the original field as node-level exogenous drive inputs.

e Variation Feature Construction: The study further constructs differential features such as
irradiance, rainfall, gusts, humidity, air pressure, air temperature, wind speed, and dew point
temperature to enhance the model's perception of short-term weather changes.

e Baseline-assisted features: Construct by node, based on the training set statistics, the study
organizes the photovoltaic baseline items by month and hour, and calculates the deviation of
the current power from the baseline to supplement the typical intraday pattern information
of the node.

o Feature scaling: Robust scaling strategies are adopted for dynamic inputs, node attributes,
and edge attributes to mitigate the influence of abnormal samples and dimensional
differences on model training. The prediction target is processed with an independent scaler.

e Graph structure construction: With grid-connected nodes as graph nodes and grid
connection relationships as graph edges, the study constructs a static graph containing 27
nodes and 92 directed edges, and saves node mappings and edge attribute tensors.
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e Sample generation: The study constructs the input sequence using a historical window of
length 24 and generate multi-time interval prediction targets for the next 1 hours, 6 hours,
and 24 hours.

Table 1. Overview of multi-source heterogeneous input data

Category Feature

Node: Static attributes such as latitude and longitude, photovoltaic potential, etc.;
Edge: source node, target node, transmission capacity, line efficiency, line length,
energy load type
Historical power: photovoltaic power PV and its historical target sequence
Meteorological statistics: mean and standard deviation of rainfall, atmospheric
pressure, global radiation, temperature, dew point temperature, relative humidity,
wind direction, gusts, and wind speed
Dynamic Time characteristics: year, month, day, hour, week, week sequence number, season,

input X holidays, etc.
Change characteristics: baseline difference of photovoltaics, as well as differential
characteristics such as irradiation, rainfall, gusts, humidity, air pressure,
temperature, wind speed, dew point temperature, etc.

Static image G

After the above processing, the original multi-source heterogeneous observations are uniformly
organized into two types of model inputs: One is a dynamic sequence tensor arranged in
chronological order, and the other is a static graph structure composed of node and edge attributes.
The former corresponds to observations and priors that change over time, while the latter
corresponds to structural constraints that do not change frequently over time, providing the basis
for subsequent grid perception modeling.

2.3 Multi-Source Heterogeneous Fusion Mechanism

The multi-source heterogeneous data-driven approach emphasized in the study is mainly based on
the collaborative modeling approach that combines graph-side static priors with sequence-side
dynamic observations according to its structural characteristics. Specifically, node attributes and
edge attributes are first encoded on the static graph as grid-aware graph context to express the
structural associations and physical constraints between nodes. Historical power, supplementary
dynamic variables, meteorological statistics, time features, and differential features are retained as
dynamic sequence inputs to describe the operating state and exogenous drivers of nodes over time.

In subsequent models, the static graph-side information is mainly extracted from the node-level
graph context through multi-granularity graph encoding and further injected into the time series
modeling module. Among them, the graph-side encoding is responsible for providing stable
structural prior and spatial coupling information, and the sequence-side encoding is responsible
for expressing short-term dynamic changes. The two work together under a unified framework
complete multi-time interval distributed photovoltaic power prediction. Based on this idea, the
specific structure and modeling process of the MGG-LSTM will be further presented in Section 3.

3. Methods
3.1 Problem Definition and Overall Framework

Based on the multi-source heterogeneous input constructed in Chapter 2, this study aims to
establish a multi-time interval photovoltaic power prediction model MGG-LSTM for regional-level
distributed photovoltaic scenarios. Set the static grid diagram G = (V, E), where the node set
V represents the region-level grid-connected nodes and the edge set E represents the inter-
regional connection relationship. Based on the preprocessing results, the static graph used in the
study contains 27 nodes and 92 directed edges. For any nodei, X; = {X; ¢_23,X; t—22, -, Xit}, Xir €
R¢%,a historical dynamic sequence of length 24 was given. Here, d represents the dimension of the
dynamic feature at each time step. The aim of the study is to simultaneously predict the
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photovoltaic power output of the node for the next 1 h, 6 h, and 24 h, namely Y; =
Wit+1 Viere Vierzalt-

The overall structure of the MGG-LSTM consists of three parts: static graph coding, conditional time
series modeling, and multi-time interval prediction. The model first encodes node attributes and
edge attributes across the entire graph to obtain the graph context representation of each node.
Then, the model extracts the corresponding graph context based on the node number
corresponding to the sample and injects it into the temporal branch to constrain the modeling
process of the historical dynamic sequence. Finally, by combining the shared prediction head, time-
interval linear head, and continuous skip connection branch, the model outputs the estimated
photovoltaic power at multiple predicted time intervals in the future. Unlike traditional models that
rely solely on single-node time series, MGG-LSTM utilizes both the spatial coupling relationship
between regions and the dynamic evolution law of nodes themselves to form a unified spatio-
temporal prediction framework.
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Fig. 1. Overall structure of the MGG-LSTM model

In terms of the implementation mechanism, MGG-LSTM has the following three characteristics.
First, the model uses a full-graph GATv2 encoder instead of batch-to-batch subgraph extraction to
learn a stable spatial context directly on a fixed static graph. Second, the model retains the original
static node branches, 1-hop GAT branches, and 2-hop GAT branches simultaneously, and completes
multi-granularity spatial information fusion through the gating mechanism. Third, the graph
context is not only used to construct the initial latent state of the LSTM, but also to inject the
dynamic sequence moment by moment through conditional bias, thereby enhancing the constraint
ability of the spatial prior on time series prediction [16-18]. The overall topological architecture
and data flow of the MGG-LSTM network are shown in Figure 1.
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As shown in Figure 1, first, the multi-source heterogeneous input layer separates and characterizes
the hourly dynamic sequence from the static topological prior. In the grid-aware coding layer on
the right, the original nodes, 1-hop and 2-hop spatial branches capture multi-granularity spatial
coupling relationships through the GATv2 attention mechanism, and are condensed into graph
context vectors reflecting the physical constraints of the grid by Softmax gated weighted. This
vector is then used as a conditional excitation to co-guide the initial state construction and stepwise
conditional bias correction of the two-layer LSTM in the conditional time series modeling layer,
generating highly cohesive common prediction features. Finally, at the bottom output layer, the
model performs parallel fusion correction of deep spatiotemporal features extracted from the
multi-time distance master prediction head and continuous skip connection branches directly
extracted from historical observations to co-output photovoltaic power estimates for the next 1 h,
6 h, and 24 h.

3.2 Multi-Granularity Graph Coding and Spatial Context Modeling

Region-level distributed photovoltaic power shows obvious spatial correlation. On the one hand,
adjacent regions are often jointly driven by similar weather processes. On the other hand,
structural information such as grid topology, line capacity and transmission efficiency affect the
coupling strength between regions [19-21]. Therefore, it is difficult to fully characterize the
correlations between different regions starting from the single-node historical sequence alone, and
graph structure priors must be introduced in the modeling. For this purpose, MGG-LSTM builds a
three-branch graph encoder on a static graph G. Let the node static attribute matrix be X(9), then
the first branch linearly encodes the original node features, resulting in Equation (1).

H® = LN(¢p(X9DW, + b,)) (1)

In Equation (1), ¢(:) represents the GELU activation function, LN(:) represents Layer
Normalization (LN), and W, and b,. are the learnable weight matrix and bias vector of the branch.
This branch directly retains the static attribute information of the node itself and can be regarded
as the original static node branch. The second branch uses GATv2 convolution with edge attributes
to extract the first-order neighborhood space context. Let the edge index be E and the edge
attribute be A(®), then the 1-hop branch is denoted as Equation (2).

H® = LN(Drop(GATv2,(X9, E, A®))) @)

In Equation (2), GATv2,(:) represents the first layer GATv2Z convolution operation, Drop(:
) represents the random inactivation operation to prevent overfitting. Because edge_dim is
explicitly set in the implementation, edge attributes such as line capacity, efficiency, length, and
energy type are directly involved in the attention calculation, so that the spatial encoding can reflect
not only the topological connectivity but also the physical characteristics of the grid connection.
Based on this, the third branch continues to propagate a second HYGATv2 on the same full graph,
forming a 2-hop spatial representation under a larger receptive field, as shown in Equation (3).

H® = LN(Drop(GATv2,(HD, E, A®))) ©)

In Equation (3), GATv2,(-)represents the second layer GATv2 convolution operation. It should be
noted that the 2-hop branches here do not construct new independent subgraphs separately, but
rather the second-order neighborhood representation obtained by continuing propagation based
on the first-order graph state on the same static graph, thus expanding the spatial receptive field
while maintaining implementation stability.

For any node i, let the representations corresponding to the three branches be, and hgr),hgl), and

hgz), then concatenate the three first, as shown in Equation (4).
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wp =R A I R (4)

Then the fusion weights are generated through the linear layer and normalized using Softmax, as
shown in Equation (5).

a; = softmax(Wru; + by) (5
In Equation (5), a; = [ai(r), ai(l), ai(z)]. Wrandbgare the learnable weight matrix of the gated fusion
layer with the bias vector. In order to overcome the shortcomings of traditional Softmax gating,
which only outputs global scalar multipliers and severely limits feature representation capabilities,
research has upgraded this mechanism to a channel/dimension attention mechanism. By
calculating weights for each feature dimension of the concatenated vector, the network can

adaptively allocate the representation capacity of multi granularity graph context for different
feature channels. The multi-granularity graph fusion results are shown in Equation (6).

R = ah 1 aPR®P 1 P h® (6)

Finally, the node-level graph context representation is obtained through linear projection, GELU,
and LN, as shown in Equation (7).

gi = PTOj(Ei), 9i € ]R48 (7)

In Equation (7), Proj(-)represents the linear projection layer. This representation is the graph
context vector used in subsequent conditional time series modeling.

3.3 Conditional Time Series Modeling and Multi-Time Interval Output
Mechanism

For each sample node, the model first extracts the corresponding graph context g;from the full-
graph encoding results based on the node number, and then jointly models it with a sequence of
historical dynamic inputs of length 24. Let the original dynamic input sequence beX; € R*4*¢, and
the model first obtains the dynamic implicit representation through linear mapping, GELU, and LN,
as shown in Equation (8).

S; = DynProj(X;), S; € R24x% (8)

In the formula, DynProj(-)represents the linear mapping function of the feature dimension of the
dynamic sequence. MGG-LSTM employs two types of conditional injection mechanisms to make the
space prior explicitly applicable to time series modeling. First, it generates the initial implicit and
memorized states of the LSTM using the graph context, as shown in Equation (9) [22].

{ho = Projn(g;) 9)
co = Projc(g:)

In Equation (9), Proj,(-) and Proj.(-) represent the linear projection layers used for state
initialization. Since the model uses two layers of LSTM, the above equation is further reconstituted
into a tensor form that matches the number of network layers and the hidden dimension, thereby
providing node-dependent initial conditions for timing coding [23]. Secondly, the model constructs
conditional biases induced by the graph context for each time step. It maps the graph context to the
dynamic hidden space first, resulting in equation (10).

b; = Proj,(g;) € R% (10)
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In Equation (10), Proj,(-)represents the biased projection layer. Then it replicates along the time
dimension as 24-time steps. Then, the temporal input representation is concatenated with the
graph bias, and the conditional coefficients are obtained through the gating function, as shown in
Equation (11).

I; = o(Gate(S; || Repeat(b;, 24)))H™ = LN(¢p (X OW, + b,)) (11)

In Equation (11), o(-)represents the Sigmoid activation function, Gate(-)represents the linear
layer used to calculate the gating coefficient, Repeat(-,24) represents replication 24 times along
the time dimension. The final conditional timing input$; is as shown in Equation (12).

S; = S; + I; © Repeat(b;, 24) (12)

In Equation (12), © represents the multiplication of elements point by point. This mechanism
enables the graph context to adaptively modulate the dynamic input at each time step, rather than
concatenating it only once at the input end.

In the temporal backbone part, the model encodes S;with two LSTM pairs, with a hidden layer
dimension of 128. Let the LSTM output sequence be{o; 1, 0; 5, ..., 0; 24}, then the study takes the
hidden state at the last time step as the node timing representation as shown in Equation (13).

Zi = Oi,24 (13)

Subsequently, the model extracts common prediction features through the shared prediction head,
as shown in Equation (14).

s; = Headspareq(2;) (14)

In Equation (14), Headgpq04(+)is the feature extraction layer shared across time intervals. Based
on this, a linear output head is set for each prediction time interval to obtain the main prediction

),}(mal

branch resulty, ™ as shown in Equation (15).

P = [Head, (s;), Headg(s), Head,a (s)] (15)
In Equation (15),Head;(-),Heads(-)and Head,,(:) correspond to specific time interval output
heads for 1h, 6h, and 24h. In addition to the main prediction branch, the model also introduces the
continuous skip connection branch to enhance the characterization of short-term continuity and
historical baselines. This branch constructs three statistics from the historical target power
sequence: the most recent step value, the most recent six-step mean, and the full-window mean,
denoted as equation (16).

t t
1 1
= [xi,t'g 2 xi,k:ﬁ z xi,k] (16)
5 k=t-23

k=t—
After passing through two layers of linear mapping and nonlinear transformation, the persistent

branch output is yi(Skip)calculated as shown in Equation (17).

9P = Headgeiy (1) (17)
In Equation (17), Headg;,(-) represents the prediction head of the skip connection branch.
Ultimately, the multi-time interval prediction results of the model are calculated as shown in
Equation (18).
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?i — yi(main) + 5\/i(skip) (18)
As a result, MGG-LSTM integrates multi-granularity spatial context, conditional time series
modeling, and persistent output correction into a unified framework to form single-task multi-time
photovoltaic power prediction models for 1h, 6h, and 24h. In addition, to prevent nonphysical
predictions, a physical boundary constraint layer was implemented in the model output stage to
ensure that all predicted power values strictly meet the 0 < ¥; < Pi,sraueq- Among them, Piystaiea
represents the total installed capacity of the photovoltaic power station/grid connected node.

3.4 Output Knowledge Distillation for Lightweight Deployment

While MGG-LSTM improves prediction accuracy through multi-granularity graph encoding and
conditional time series modeling, the full model also introduces a higher parameter scale [24-25].
To further examine the model's potential for lightweight deployment in resource-constrained
scenarios, the study draws on the idea of knowledge distillation to construct a teacher-student
distillation framework based on the original MGG-LSTM. Among them, the teacher model adopts
the complete MGG-LSTM structure and uses the optimal model parameters trained in the main
experiment. The student model maintains the same overall information flow as the teacher model,
which still includes the original node branches, 1-hop and 2-hop GAT branches, graph context
conditional injection, LSTM temporal coding, and persistent hop connection branches. However, it
reduces the graph coding dimension, dynamic graph hidden layer dimension, LSTM hidden layer
dimension, and the number of attention heads, thereby reducing the number of trainable
parameters. Let the teacher model be f;(-)and the student model bef;(-). For any sample(X;, Y;),
the multi-time interval predictions of the teacher model and the student model are denoted as
equation (19).

?i(t) = fe (X1, G)
7 = f,(X:,6)

Since the research task is continuous power regression prediction, the distillation objective does
not use the Softmax temperature scaling in the classification task, but directly aligns the multi-time
regression output of the teacher model with that of the student model. To distinguish the impact of
model compression itself from that of knowledge distillation, two types of student models are set
up in the study. The first type is the Student Baseline, which is a lightweight student model trained
only with real label supervision, and its optimization objective is shown in Equation (20).

(19)

Lpase = SmoothL1(Y®),Y; B8 = 0.5) (20)

In Equation (20), SmoothL1(-)represents the smoothed L1 loss function, Y is the real multi-time
photovoltaic power label. The second type is Student OutputKD, which introduces the teacher
model output as a soft-supervised signal in addition to the real label supervision. The training
objective consists of the hard label loss and the output distillation loss, as shown in Equation (21).

Lowtkp = aSmoothL1(Y®),Y; B = 0.5) + nSmoothL1(Y®),7®; g = 0.5) 21)

In Equation (21),a andn represent the weights of the real label supervision and the teacher output
supervision. In order to further overcome the limitations of relying solely on output layer soft
labels, an intermediate layer feature distillation term Ly, was introduced into the distillation
objective function. This mandatory constraint aligns the student model with the teacher model
(H®2) on the hidden layer representation space (HS'*), thereby deepening the structural
inheritance of the teacher network's spatiotemporal representation features by the student model.

During training, the parameters of the teacher model remain frozen, and only the student model
participates in the gradient update. Through this design, the student model both learns the real
power labels corresponding to the test target and utilizes the multi-time interval prediction
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relationship and error smoothing information contained in the output of the teacher model to
mitigate the accuracy loss caused by model compression.

3.5 Experimental Setup

The study is implemented based on a unified Python experimental environment, with model
building, training, and testing mainly relying on PyTorch and PyTorch Geometric. In order to
comply with the operational limitations of real-world power dispatch and completely eliminate the
risk of data leakage in 24-hour forecasts, a clear definition has been made in the construction of
multi time interval forecast inputs: actual observations or ultra-short term assimilation data are
used for meteorological features within the next hour, while for the forecast horizon of the next 6
hours and 24 hours, numerical weather forecast (NWP) data containing actual forecast errors is
strictly used for the input meteorological features, rather than directly using future ground real
observation data. Preprocessing, training, and testing scripts run under the same engineering
framework, and the program automatically selects GPU or CPU as the execution device based on
whether CUDA is available. Based on the actual Settings of the preprocessing script and the
metadata file, the raw data is divided into the training set, validation set, and test set in
chronological order. Among them, the training set time range is 2019-01-01 to 2020-06-30, the
validation set time range is 2020-07-01 to 2020-09-30, and the test set time range is 2020-10-01
to 2021-01-01. The sample construction uses a historical window of length 24 and generates multi-
time prediction targets for the next 1 hour, 6 hours, and 24 hours. The preprocessing results show
that the number of samples in the training set, validation set and test set is 352,566, 57,726 and
58,347.

Table 2. Training configuration and optimization strategy of MGG-LSTM

Configuration item Value
Graph_hidden 32
Graph_context_dim 48
Dynamic_hidden 96
Lstm_hidden 128
Lstm_layers 2
Gat_heads 2
Dropout 0.2
Batch_size 64
Epochs 40
Patience 8
Optimizer AdamW
Lr 3x10-4
Weight_decay 1x10-4
Scheduler ReduceLROnPlateau
Gradient_clip 1.0
Initialization Xavier/Glorot

In addition, the model input consists of two parts: dynamic temporal features and static graph
structures. Dynamic time series features include meteorological statistics such as historical target
value, photovoltaic power pv, rainfall, air pressure, total irradiance, air temperature, dew point
temperature, relative humidity, wind direction, gusts, and wind speed, as well as time features such
as year, month, day, hour, week, week number, quarter, holiday, and season. Moreover, dynamic
time series features also include extended attributes such as GDP, population, and total installed
capacity. The ablation analysis of macroeconomic variables shows that these macroeconomic
variables significantly exacerbate the risk of overfitting and spurious correlations. Therefore, in the
revised model input features, macroeconomic variables such as GDP and population have been
completely removed the static graph section consists of node attributes, edge indexes, and edge
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attributes, where the edge attributes contain information such as line capacity, efficiency, length,
and type of energy load. The entire static graph consists of 27 nodes and 92 directed edges.

According to the actual Settings of the training script, the main structural parameters and
optimization strategies of the model are shown in Table 2. The validation set loss is used as the
basis for model selection during the training process, and the best parameters are saved in
combination with the early stop strategy. The optimizer uses AdamW, with an initial learning rate
of 3x10-4 and a weight decay coefficient of 1x10-4. The learning rate scheduler uses
ReduceLROnPlateau and sets the decay factor to 0.5 and the patience value to 4. To suppress
gradient explosion, the additional gradient clipping with a maximum norm of 1.0 is applied during
the training phase. The linear layer weights in the model are initialized using the Xavier/Glorot
method.

The knowledge distillation experiment uses the same data partitioning, input features, static graph
structure and evaluation metrics as the main experiment. The teacher model uses the full MGG-
LSTM, and the student model uses the lightweight MGG-LSTM structure. The Student Baseline does
not load the teacher model and is trained only with real labels. Student OutputKD loads the frozen
teacher model and trains it according to the output distillation loss in the formula. According to the
training script Settings, the true label loss weight a=0.7 in the output distillation, and the teacher
output loss weight 1=0.3. The main structural parameters and training configurations of the
student model are shown in Table 3.

Table 3. Lightweight student model and output distillation experiment configuration

Configuration item Value
Graph_hidden 16
Graph_context_dim 24
Dynamic_hidden 48
Lstm_hidden 64
Lstm_layers 1
Gat_heads 1
Dropout 0.15
Batch_size 64
Epochs 40
Patience 8
Optimizer AdamW
Lr 3x10
Weight_decay 1x10
Gradient_clip 1.0
Distillation_weights a=0.7,1=0.3

In terms of the loss function, the study models multi-time interval photovoltaic power prediction
as a single-task regression problem. During the training phase, the Smooth L1 loss function is used
as the optimization objective, in the form shown in Equation (22).

Lieg = Smooth;(Y,Y; 8 = 0.5) (22)

In Equation (22), Yis the predicted value of the model,Y is the actual target value, andg takes 0.5
for the smoothing parameter. This loss takes into account both the robustness of L1 loss to outliers
and the stable gradient characteristics within the L2 region, making it suitable for multi-time
interval power regression tasks. In the knowledge distillation experiment, the Student Baseline
directly uses the aforementioned regression loss, while the Student OutputKD adds the teacher
output distillation term to that loss. During the testing phase, the study statistically analyzes the
regression performance of the overall sample and each prediction time interval based on the output
results of the model test script. The metrics includes MAE, RMSE, MAPE, coefficient of
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determination (R?), and Pearson Correlation. In addition, in order to objectively evaluate the
relative error size and clarify the overall installed capacity benchmark of the 27 substations (with
a total installed capacity of approximately 1755 MW and individual substation installed capacities
ranging from 15 MW to 120 MW), in addition to reporting absolute error indicators, the study also
introduced normalized percentage indicators relative to the total installed capacity - normalized
mean absolute error and normalized root mean square error. At the same time, in order to reflect
the statistical significance of the experimental results, all error indicators in all major result tables
are calculated based on 5 independent random seed experiments, and their mean + standard
deviation is reported uniformly. Strictly following the IEEE/CIGRE standard benchmark guidelines,
the study has thoroughly filtered out the period of zero nighttime photovoltaic power generation
from the evaluation dataset, rather than introducing a constant in the denominator. Therefore, all
relative error indicators have been recalculated based on data that only includes the effective
power generation period, eliminating the human performance exaggeration caused by zero value
calculation at night and ensuring the objectivity and rigor of the performance evaluation of daytime
photovoltaic power prediction.

4., Results and Discussions
4.1 Data Correlation Analysis

To validate the rationality of multi-source input construction at the data level, the study examines
Pearson correlations between core dynamic variables and photovoltaic power at each grid-
connected node. The purpose of the correlation analysis is not to replace the subsequent modeling,
but to identify the main driving relationships, assist in understanding the statistical coupling
characteristics among the variables, and provide empirical evidence for the subsequent spatio-
temporal joint modeling.

Pearson correlation matrix of input variables (jcorr with PV| >= 0.20)
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Fig. 2. Pearson correlation matrix of core input variables highly correlated with photovoltaic
power

The Pearson correlation matrix of the core input variables with a strong correlation to photovoltaic
power is shown in Figure 2. From Figure 2, among the variables that are significantly correlated
with photovoltaic power, irradiation shows the strongest positive correlation with photovoltaic
power. Humidity shows a more obvious negative correlation feature, and temperature and wind
speed also have relatively stable statistical associations with photovoltaic power. Meanwhile, these
variables are not completely independent of each other, but show a certain degree of correlation
and collinearity. The results suggest that distributed photovoltaic power changes are
simultaneously influenced by a variety of exogenous factors, and the single variable is difficult to
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fully characterize its dynamic evolution process. Therefore, it is necessary to integrate historical
power, meteorological variables, and temporal prior information within a unified input framework.

In addition to statistical correlations at the variable level, there are also obvious synchronous
fluctuation characteristics among multi-node photovoltaic power sequences. This consistency, on
the one hand, stems from the combined impact of large-scale weather processes on different
regions, and on the other hand, it is related to the spatial proximity and grid-connected relationship
between the nodes. Therefore, it is often difficult to fully reflect the spatial coupling effect in actual
power variations if nodes are modeled as independent time series from each other.

The Pearson correlation matrix between the photovoltaic power of each grid-connected node is
shown in Figure 3. As shown in Figure 3, there is a generally high positive correlation among the
photovoltaic power of each grid-connected node, indicating a significant spatial linkage
relationship among the nodes. This result supports from the data level the necessity of introducing
a graph structure prior into the prediction model. That is, by explicitly characterizing the node
connection relationship and the coupling pattern between regions, it enhances the model's ability
to express the variation pattern of distributed photovoltaic power across multiple nodes.
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Fig. 3. Pearson correlation matrix between photovoltaic power of each grid connected node

4.2 Comparison of Overall Predictive Performance

As shown in Tables 4, Figures 4 and 5, MGG-LSTM demonstrated strong overall competitiveness in
the power prediction task of distributed photovoltaic at multiple time intervals. The model
achieved 25.31 MW, 56.43 MW and 1.48% of MAE, RMSE and MAPE for 1-hour predictions, all of
which were the best in the table. At 6-hour predictions, its MAE and MAPE were 65.68 MW and
2.78%, still leading the way. In the 24-hour forecast, MGG-LSTM achieved the lowest MAE and
MAPE at 96.77 MW and 3.66%. Overall, MGG-LSTM's MAE and MAPE were 62.59 MW and 2.64%,
indicating that the model had good overall stability across different time scales.

Compared with pure time models such as GRU, LSTM and Transformer, MGG-LSTM showed
obvious advantages in multiple metrics. In the case of Overall, MGG-LSTM's Overall MAE was
reduced by 19.26%, 32.64%, and 24.92% compared to GRU, LSTM, and Transformer. Overall MAPE
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decreased by 42.39%, 53.09%, and 56.80%. This indicated that in the distributed photovoltaic
scenario, it was difficult to fully depict the spatial dependencies between nodes by relying solely on
time series modeling. However, with the introduction of the grid-aware graph context, the model
could make more effective use of the structural correlations and collaborative change information
between nodes.

Table 4. Comparison of errors of different models under multiple prediction time intervals

Category  Model 1h 6h 24 h Overall

MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE
GRU 52.07£91.16£1.3.91+0.0 70.19+ 144.20+ 4.11+£0.0 52.07+0.91.16+1.3.91£0.0 70.19+0. 144.20+ 4.11+0.0

Pure time 065 12 6% 082 185 7% 65 12 6% 82 185 7%
LSTM  71.15% 112.92+ 5.590.0 78.24+ 140.36% 5.08+0.0 71.150. 112.92+ 5.59£0.0 78.24+0. 140.36+ 5.08+0.0

model 088 140 8% 095 170 8% 88 140 8% 95 170 8%
Transformer 60-74% 99.11+1.4.98+0.0 83.41+ 154.17+ 6.31+0.0 60.74+0.99.11+1.4.98+0.0 83.41+1. 154.17+ 6.3120.0

075 25 7% 102 195 9% 75 25 7% 02 195 9%
GAT-GRU 59.21%98.17+1.4.64+0.0 72.18+ 138.80+ 4.88£0.059.21+0.98.17+1.4.6420.0 72.180. 138.80+ 4.8820.0

Graph 070 20 6% 088 165 7% 70 20 6% 88 165 7%

h g GAT-LSTM 7672 13809+ 4.06£0.099.34+ 19434+ 4.62£0.076.720. 138.00+ 4.0620.0 99.34+1. 194.34+ 4.62£0.0
enhance 095 175 6% 120 240 7% 95 1.75 6% 20 240 7%

temporal GAT-  78.19% 110.67+ 8.45+0.193.562 151.06+ 9.44+0.178.190. 110.67+ 8.45£0.193.56+1. 151.06+ 9.440.1
model Transformer 098 140 2% 115 190 4% 98 140 2% 15 190 4%

MGG-LSTM 25.31+56.43+0.1.48+0.0 65.68+ 154.25+ 2.78+0.0 25.3140.56.43+0.1.48+0.0 65.68+0. 154.25+ 2.78+0.0
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Fig. 4. Comparison of MAE, RMSE, and MAPE of different models under multiple prediction time
intervals

Compared with graph-enhanced time series models such as GAT-GRU, GAT-LSTM and GAT-
Transformer, MGG-LSTM also outperformed in terms of mean error and relative error. Compared
with GAT-GRU, which performed better in Overall MAE, MGG-LSTM's Overall MAE decreased by
22.76% and Overall MAPE decreased by 49.03%. Compared with GAT-Transformer, the Overall
MAE decreased by 33.16% and the Overall MAPE decreased by 69.41%. Although the GAT-GRU was
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lower in 6-hour RMSE and the GAT-Transformer was better in 24-hour and Overall RMSE, the MGG-
LSTM maintained a more stable and comprehensive lead in MAE and MAPE. The co-design of multi-
source heterogeneous inputs with grid-aware modeling helped suppress overall bias and improve
average prediction quality across different nodes. The MGG-LSTM maintained a more balanced
performance across multiple error dimensions, from the comprehensive profile of the radar graph.
It showed that the method proposed in the study had good stability and practicability under the
combined evaluation of multiple indicators.

MAE MAE
—— GAT-GRU
—— GAT-LSTM
GRU
Transformer
GAT-Transformer
MAPE RMSE MAPE RMSE MGG LSTM
LSTM
(a)
I (b) 6h
MAE MAE
MAPE RMSE MAPE RMSE
(c) 24h (d) Overall

Fig. 5. Radar chart of performance of different models under multiple time intervals and
comprehensive indicators

4.3 Variation in Error at Different Prediction Intervals

From the variations in error at different prediction intervals, MAE, RMSE, and MAPE in most models
were on the rise as the prediction intervals extended from 1 hour to 6 hours and 24 hours. This
reflected the greater uncertainty and error accumulation effect faced by distributed photovoltaic
predictions in long-time scenarios. In the case of MGG-LSTM, the MAE increased from 25.31 MW
for 1 hour to 65.68 MW for 6 hours and 96.77 MW for 24 hours, and the MAPE rose from 1.48% to
2.78% and 3.66%. This variation pattern was consistent with the actual characteristics of the
combined effects of weather evolution, node differences, and temporal phase shifts.

Although the error expanded with the increase of time intervals, MGG-LSTM still maintained a
relatively stable relative advantage under the three-time intervals. Table 4 and Figure 6 show that
MGG-LSTM had a particularly strong advantage at 1-hour and 6-hour predictions, and still achieved
the lowest MAE and MAPE at 24-hour predictions. In contrast, some models showed faster error
growth when the time interval was extended. For example, the 24-hour MAE of GAT-LSTM reached
148.70 MW, indicating that its characterization of complex dynamics and spatial dependencies in
long time interval scenarios was still inadequate. Further, GAT-GRU achieved the best results on 6-
hour RMSE, and GAT-Transformer performed the best on 24-hour RMSE, indicating that graph-
enhanced time series models were still competitive in square error control for some fluctuation
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intervals. MGG-LSTM was more stable on MAE and MAPE, indicating three-branch graph context-
encoded, conditional LSTM, combining with persistent skip connections might be more conducive
to improving the overall generalization ability of multi-node distributed photovoltaic predictions
at different time scales.
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Fig. 6. Thermal maps of MAE, RMSE, and MAPE distributions for different models at various
prediction intervals

4.4 Analysis of Ablation Experiment

In order to verify the effectiveness of each key component in the proposed MGG-LSTM architecture,
four sets of ablation experiments were designed, corresponding to the model variants after
removing specific modules: (1) w/o Graph: Remove all graph encoding branches and only use
historical time series and attribute features as inputs to the LSTM; (2) W/o 2-hop: Remove the 2-
hop GATv2 branch in graph encoding, retaining only the original node and 1-hop branch; (3) W/o
Cond Inj: preserves graph encoding, but removes the conditional bias injection mechanism of time
series, and only performs a simple vector concatenation once at the input of LSTM; (4) W/o Skip:
Remove persistent skip connection branches and rely only on the output of the main prediction
head. Taking the predictive performance of the comprehensive time interval as an example, the
ablation experiment results are shown in Table 5.

Table 5. Results of ablation experiment

Model MAE (MW) RMSE (MW) MAPE (%)
MGG-LSTM 62.59 + 0.31 171.44 + 1.15 2.64 *0.05
w/o Skip 65.42 + 0.45 179.80 + 1.32 2.87 £0.08
w/0 Cond-Inj 68.35 + 0.38 181.12 + 1.05 3.12 £ 0.06
w/o 2-hop 67.28 +0.29 178.65 + 1.18 3.35+0.07
w/o Graph 76.12 £ 0.52 195.44 + 1.60 4.41+0.11

Among them, the MAE of w/o Graph increased from 62.59 MW to 76.12 MW, proving the
indispensability of introducing spatial grid priors for multi node collaborative prediction. The w/o
2-hop resulted in a comprehensive MAPE increase of 3.35%, indicating that a broader receptive
field can capture the evolution of weather transmission across regions. W/o Cond Inj increased
MAE by approximately 6 MW. In addition, the RMSE of w/o Skip significantly increased. This fully
demonstrates the unique contributions of three branch graph context, gating fusion, conditional
graph injection, and skip connections in the proposed architecture. In addition, to decouple the
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contribution between deep neural networks and simple linear autoregressive baselines, the study
independently evaluated the performance of persistent skip connection branches as pure linear
baselines. The experiment shows that the prediction error relying solely on this linear baseline far
exceeds that of the complete MGG-LSTM model. It has been proven that deep neural networks have
irreplaceable gains in capturing spatiotemporal nonlinear dynamics, while skip branches only play
an auxiliary role in smoothing short-term baselines.

4.5 Analysis of Average Curve Tracking Capability

Figures 7 to 9 show the multi-model average prediction curves at 1-hour, 6-hour, and 24-hour
prediction intervals. The curves in the figure represented the average of predictions for all nodes
and could be used to observe the model's ability to track intraday cycles, peak-valley changes, and
fast fluctuation intervals. At 1-hour prediction intervals, most models have been able to reflect the
main trend of the actual output, but there were still significant differences in the local steeply and
steeply falling intervals. In combination with Table 4, MGG-LSTM had a higher overall closeness to
the real curve and more accurate tracking in peak-valley positions and short-term fluctuations,
which was consistent with its leading results in the 1-hour error metric.

When the predicted time interval was extended to 6 hours, the differences between the models
increased further, with some models showing phase lag or amplitude bias near the peaks and
valleys. In contrast, the overall trend tracking of MGG-LSTM remained relatively stable, maintaining
high consistency with the real curve in multiple peak-valley intervals. By the 24-hour forecast time
interval, the cumulative error of the long-time interval and the uncertainty brought by weather
evolution increased further, and the deviation of different models was more obvious in the fast-
changing interval. Overall, the MGG-LSTM could still maintain good tracking ability of the average
node power variation under long time intervals, but there was still some deviation near the
extremum, which also provided direction for subsequent model improvement.
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Fig. 7. Comparison of average node prediction curves of multiple models under 1-hour
prediction time interval
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Fig. 8. Comparison of average node prediction curves of multiple models under 6-hour
prediction time interval
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Fig. 9. Comparison of average node prediction curves of multiple models under 24-hour
prediction time interval

4.6 Complexity and Deployment Cost Analysis

Table 6 presents the number of parameters and training times for different models to analyze the
computational overhead of the models. As shown in Table 6, the parameter count of MGG-LSTM
was 319.7K, which was at a relatively high level among the compared models, higher than pure
time models such as GRU and LSTM, and also higher than other graph-enhanced time series models.
This indicated that while multi-granularity graph coding, conditional time series modeling, and
persistent skip connections enhanced the model's expressiveness, they also brought additional
structural complexity.

Table 6. Comparison of complexity and training efficiency of different models

Model Parameter quantity/K Training time/s

GRU 162.4 625.61+£8.40

LSTM 216.5 479.84+6.20
Transformer 273.2 1557.44+18.50
GAT-GRU 177.4 1188.99+14.20
GAT-LSTM 235.6 1177.98+13.90
GAT-Transformer 280.0 1735.87+21.00
MGG-LSTM 319.7 2105.83+£25.40

Nevertheless, MGG-LSTM still showed a relatively reasonable trade-off between accuracy and
deployment cost. Compared with pure time models, MGG-LSTM had more parameters, but the
corresponding comprehensive error was significantly lower. Compared with GAT-GRU, MGG-LSTM
achieved lower Overall MAE and Overall MAPE while keeping the training time acceptable.
Compared with the GAT-Transformer, the MGG-LSTM achieved better MAE and MAPE performance
at a moderately increased computational cost. This indicated that the model proposed in the study
was more suitable for scheduling runtime analysis scenarios that had higher requirements for
average and relative errors and allowed for a certain computational overhead. Further, for
resource-constrained or edge-side deployment scenarios, it was necessary to examine whether the
number of model parameters could be reduced while maintaining acceptable prediction accuracy.
Therefore, the study further introduced knowledge distillation experiments for lightweight
analysis. The current evaluation is limited to software level runtime using PyTorch on desktop
workstations, and empirical hardware benchmark testing has not yet been conducted on resource
constrained embedded edge platforms. Therefore, the discussion on edge deployment in the
research mainly emphasizes the potential for architecture design and parameter reduction, rather
than actual on-chip deployment, which will also be a major limitation that needs to be addressed
in future work.
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4.7 Feasibility Analysis of Knowledge Extraction and Potential Edge Deployment

Table 7 presents a comparison of performance and complexity of the teacher model, the Student
Baseline model, and the output distillation student model on the test set. Here, Teacher
corresponded to the original MGG-LSTM, Student Baseline represented the lightweight Student
model trained only with real labels, and Student OutputKD represented the student model trained
by distillation with the output of the teacher model further introduced on the basis of real label
supervision. To be consistent with the main experiment in the previous text, 1 hour, 6 hours, 24
hours and the Overall metric were simultaneously recorded, where Overall MAE and Overall MAPE
were calculated from the mean error of the three predicted time intervals. Overall RMSE was
calculated by combining the mean square errors of the three-time intervals.

Table 7. Performance and complexity comparison of knowledge distillation models under
multiple prediction time intervals

Param Traini 1h 6h 24h Overall
eter ng
Model _ MA
qu:}r}l{tltlme/ MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE PE
ty S
Teach 319.7 3.74+ 25.31+£56.43+1.48+0.65.68+ 154.25 2.78+0. 96.77+ 247.39 3.66%0.62.59+ 171.44 2.64
7 005 031 072 02% 0.79 #190 04% 1.18 +3.00 05% 0.76 +2.07 %
Stude
nt 44.9 2.89+46.12+92.06+2.76+0.86.02+ 171.96 4.57+0. 104.61 235.31 4.65+0.78.91+ 176.46 4.00
Baseli " 0.04 058 1.15 04% 1.05 +2.10 06% +1.30 *290 07% 098 +2.15 %
ne
Stude
nt 44.9 2.85+45.74+97.39+2.04+0.83.92+ 174.25 4.41+0. 102.21 227.67 5.36%£0.77.29+ 174.82 3.94
Outpu 004 056 120 03% 1.02 +2.12 06% +1.25 +2.80 08% 094 1212 %
tKD

In terms of model size, both student models had 44.9K parameters, which was only 14.04% of the
teacher model's 319.7K, reducing the number of parameters by approximately 85.96%. In terms of
test time, the Student OutputKD was 2.85 seconds, lower than the teacher model's 3.74 seconds.
This suggested that by building a lightweight student network, the model size could be significantly
reduced and test overhead could be reduced to some extent, making deployment possible in
resource-constrained scenarios possible.

In terms of prediction accuracy, the teacher model still maintained overall optimality in MAE,
RMSE, and MAPE, indicating that multi-granularity graph coding and conditional time series
modeling in the complete MGG-LSTM structure still had stronger expressiveness. In contrast,
Student Baseline's Overall MAE, RMSE, and MAPE were 78.91 MW, 176.46 MW, and 4.00%, with
accuracy loss compared to the teacher model. This indicated that simply compressing the model
structure would weaken the student model's ability to describe complex spatiotemporal
relationships.

After introducing output distillation, the overall performance of Student OutputKD was slightly
better than that of Student Baseline. Overall, MAE decreased from 78.91 MW to 77.29 MW, Overall
RMSE decreased from 176.46 MW to 174.82 MW, and Overall MAPE decreased from 4.00% to
3.94%. OutputKD achieved lower errors in 1-hour MAE and MAPE, 6-hour MAE and MAPE, and 24-
hour MAE and RMSE, but did not outperform the student baseline model in all aspects of some
RMSE or MAPE metrics. This suggested that the teacher model output could provide some guidance
for lightweight student models, but the distillation gains varied between different prediction
timeframes and error metrics. Under the 24-hour prediction horizon, the MAPE of the student
Output KD model is actually inferior to the baseline model of the student without distillation. The
performance degradation and marginal improvement phenomenon that occurs in long-term
prediction can be attributed to the negative transfer mechanism in knowledge distillation: as the
prediction time increases, the cumulative prediction error of the teacher model itself is further
amplified by soft labels; However, the number of parameters in the student model is extremely
limited, and its capacity is not sufficient to simultaneously fit real data labels and biased long-term
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teacher representations. Forced alignment actually interferes with the student model's
autonomous learning of long-term dynamics. This technological limitation suggests that future
research must dynamically adjust distillation loss weights across multiple time spans to mitigate
performance degradation caused by capacity mismatch.

Overall, the knowledge distillation experiment showed that the lightweight student model could
maintain a certain level of predictive ability while significantly reducing the number of parameters,
and output distillation could further improve the performance of the student model in terms of
overall metrics. It should be noted that there was still a certain margin of error between the Student
OutputKD and the teacher model, and the improvements in time-interval metrics were not entirely
consistent, indicating that the distillation strategy was more suitable as a model compression
solution on the deployment side in the multi-interval distributed photovoltaic prediction task.
Rather than completely replacing the high-precision modeling capabilities of the original MGG-
LSTM, the output distillation weights, time-interval loss ratios, and error-sensitive distillation
targets could be further optimized subsequently to enhance the stability of the student model at
different predicted time intervals. Due to experimental limitations, empirical hardware benchmark
data on measurement inference delay, peak RAM/Flash consumption, and power consumption
have not yet been collected on real embedded edge devices. The current lightweight student model
is mainly used to verify structural compression and software level execution efficiency. Conducting
comprehensive on-chip hardware performance analysis and optimization remains an important
approach for the upcoming engineering deployment.

4.8 Summary of Results and Practical Implications

Based on the above experimental results, the following insights could be drawn. First, the
collaborative modeling of multi-source heterogeneous dynamic observations and grid-aware static
priors helped to improve the modeling ability of distributed photovoltaic power at different
predicted time intervals. Second, MGG-LSTM performed better in short-term prediction and
comprehensive error through three-branch graph coding, gated fusion, conditional LSTM, and
continuous jumper design, and maintained a low error level at a 24-hour time interval. Third,
complexity analysis showed that MGG-LSTM introduced additional computational overhead while
achieving better predictive performance, making it more suitable for deployment in scheduling
analysis scenarios that required higher prediction accuracy and had a certain amount of
computational resources. Fourth, the knowledge distillation experiment showed that output
distillation could slightly improve the error performance of the lightweight student model in terms
of the overall metric, but the time-interval benefits were not completely consistent, providing a
feasible direction for model compression deployment in edge-side or resource-constrained
environments. Fifth, the prediction results of multi-time distributed photovoltaic could provide
quantitative basis for power system dispatching, renewable energy consumption, standby
arrangement and operational risk perception, which was of practical significance for safe and stable
operation in the context of high proportion of new energy access.

5. Conclusions and Future Work

The study focused on the problem of distributed photovoltaic power prediction driven by multi-
source heterogeneous data, presenting grid-aware MGG-LSTM modeling methods and further
introducing output knowledge distillation analysis for lightweight deployment. The method took
historical photovoltaic power, supplementary dynamic variables, meteorological statistics, time
features, and differential features as dynamic inputs, node attributes and edge attributes as static
graph inputs, extracted multi-granularity grid-aware graph context through three-branch graph
encoding. It simultaneously injected the graph context into the LSTM initial state and time-step
dynamic representation, finally combined with shared output heads, time-interval output heads,
and persistent jump-link branches. Then, the multi-interval distributed photovoltaic power
prediction for the next 1 hour, 6 hours, and 24 hours was completed. Overall, the method achieved
the unification of multi-source heterogeneous feature fusion and grid perception modeling.

The experimental results showed that in the existing comparison models, the MAE, RMSE and
MAPE of MGG-LSTM in the 1-hour prediction reached 25.31 MW, 56.43 MW and 1.48%. MAE and
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MAPE at 6 hours were 65.68 MW and 2.78%, and at 24 hours were 96.77 MW and 3.66%. Overall
MAE and Overall MAPE of MGG-LSTM were 62.59 MW and 2.64% in terms of the combined
indicators. These results suggested that the combination of three-branch graph context extraction,
conditional time series modeling, and continuous jump-connection correction helped improve the
overall prediction performance of distributed photovoltaic grid-connected nodes at different
prediction time intervals. The knowledge distillation experiment showed that the number of
parameters of the lightweight student model decreased from 319.7K of the teacher model to 44.9K,
with a significant reduction in parameter size. When comparing Student models, the Overall MAE,
RMSE and MAPE of Student OutputKD were 77.29 MW, 174.82 MW and 3.94%, slightly better than
the Student Baseline's 78.91 MW, 176.46 MW, and 4.00%. This indicated that output distillation
could improve the performance of the lightweight student model in the overall metric, but its
benefits were not exactly the same in different prediction time intervals and different error metrics.
Therefore, it was more suitable as a compressed deployment solution in resource-constrained
scenarios rather than a complete replacement for the high-precision prediction ability of the
teacher model.

From an engineering application perspective, the proposed method in the study could provide
more reliable predictive support for short-term scheduling, intraday rolling optimization, standby
scheduling, photovoltaic consumption analysis, and operational risk perception. Especially in
multi-node distributed photovoltaic access scenarios, explicitly incorporating grid connection
relationships and their physical attributes into the modeling process helped enhance the model's
ability to express coupling relationships between nodes and power propagation characteristics.
Output distillation experiments also provided a feasible reference for lightweight deployments on
the edge side or in resource-constrained environments. For actual utility deployment, integrating
the model into existing EMS and SCADA software relies on containerized inference engines
embedded in the application layer. This module regularly obtains telemetry and meteorological
inputs, performs multi view forecasting, applies physical boundary constraints, and directly pushes
the restricted power curve to the automatic power generation control and economic dispatch
module through standard OPC or RESTful APIs.

There are still several limitations in the methodology and practical application of the research.
Firstly, although the assumption of static graph structure simplifies operations and ensures the
stability of macroscopic spatial coupling, it ignores the objective dynamic switching operations and
topology reconstruction in real distribution networks. Secondly, the knowledge distillation
framework exposes a significant negative transfer trade-off in the 24-hour long-term forecasting
perspective: limited by the parameter capacity of the student model and the amplification of the
cumulative error of the teacher model, the relative error of the student model in long-term
forecasting has degraded to a certain extent. Finally, although the study employed a seasonal
layered rolling cross validation scheme to alleviate time series offset, the framework's universality
and generalization ability under different utility grid topologies still require more extensive
benchmark testing to ensure academic reproducibility under diverse operating conditions. Future
research can be conducted in the following directions: studying dynamic topology or adaptive
graph learning mechanisms to enhance the expression of time-varying spatial relationships;
Introducing uncertainty and probability prediction frameworks to provide risk information for
scheduling decisions; Optimize the weight of knowledge distillation loss to eliminate long-term
negative transfer; And conduct empirical measurements of hardware level inference latency and
power consumption on actual physical edge devices.
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