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Abstract—Accurate day-ahead load forecasting is essential
for reliable power system operations and market efficiency.
System operators such as the Midcontinent Independent System
Operator (MISO) rely on forecasts from multiple vendors,
yet combining them effectively remains a persistent challenge
due to vendor-specific biases. This paper presents a novel
LSTM-Attention Fusion Network with Error Representation
(LAF-Net) that enhances day-ahead hourly load forecasting
through deep residual learning and multi-modal cross-attention.
The proposed model builds a historical error memory from past
vendor performance and dynamically queries it with future hour
context to generate adaptive, hour-specific trust weights for each
vendor. A bounded residual correction further refines forecasts
by mitigating systematic and temporally localized errors. Tested
on real MISO LBA data with multi-vendor forecasts, LAF-Net
consistently outperforms the best vendor baseline across all 38
LBAs, achieving more than a 40% reduction in system-level mean
absolute error (MAE) relative to the best vendor baseline.

Index Terms—Load forecasting, Deep learning, LSTM, Atten-
tion mechanism, Multi-vendor forecast fusion

I. INTRODUCTION

Accurate and robust load forecasting is critical for power
system operators in daily operations, from unit commit-
ment/dispatch to contingency analysis and emergency prepa-
ration. In practice, system operators rely on forecasts from
multiple forecasting vendors or forecasts of a set of ensemble
members to avoid risk of large bias from a single forecast.
However, it poses challenges to operators in obtaining optimal
forecasts through selecting and combining multiple forecasts
[1].

First, the surging of machine learning introduces a large
collection of load forecasting methods. Specifically, deep
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learning models have been increasingly applied to load fore-
casting tasks due to their ability to capture complex temporal
dependencies and nonlinear patterns in power system data.
For example, [2] employed a coarse set-based backpropagation
neural network to handle complex short-term load prediction
under dynamic and nonlinear conditions, resulting in improved
forecasting accuracy. [3] proposed a hybrid Long Short-Term
Memory (LSTM) and Convolutional Neural Network (CNN).
model for the Bangladesh power system, which achieved
higher precision than conventional models such as LSTM,
radial basis function networks, and extreme gradient boosting.
[4] introduced a hybrid Transformer-based model combining
Complete Ensemble Empirical Mode Decomposition with
Adaptive Noise, Sample Entropy, and the Transformer archi-
tecture for short-term load forecasting in New York City at 4h,
8h, 12h, and 24h horizons. The proposed method outperformed
multiple baselines, achieving a 24-hour Mean Absolute Error
(MAE) of 0.95. A broader overview of recent developments
in load forecasting methods is available in [5], [6].

To better utilize the various load forecasting methods,
research has been done to further improve the forecasting
accuracy by forecast fusion. For example, [7] developed a
multi-source fusion load forecasting model that dynamically
integrates LSTM, bagging, and boosting regressors with adap-
tive weighting based on an improved error function, enhancing
accuracy under fluctuating load conditions. [8] proposed a
PCA-based weighted fusion framework that integrates het-
erogeneous provincial forecasts, dynamically adjusting re-
gional weights by reliability and impact to enhance grid-
level short-term load forecasting accuracy and adaptability.
[9] developed a multi-source fusion framework for short-term
load forecasting that synchronously integrates multi-regional
and external feature via a CNN-LSTM encoder-decoder with
attention. However, these weighted methods rely on globally or
window-static weighting that overlooks hour-level context and
vendor-specific error dynamics, may leading to misweighting
during ramps and peaks. [10] [11] updates expert weights
via cumulative-loss rules such as Hedge or Fixed-Share, with
strong regret guarantees. Although each vendor is reduced
to a scalar loss stream, so these methods react to errors
without modeling structured, time-specific biases or ensuring
consistency across the 24-hour forecast horizon.

In this paper, a novel LSTM-Attention—Fusion Network



with Error Representation (LAF-Net) architecture is developed
for next-day hourly load forecasting. The main contributions of
this paper are shown as follows. First, cross attention queries
a vendor-specific historical error memory with the future hour
as context and feeds the gating network to produce per-
hour softmax weights over vendors, replacing window-static
weighting with hour-level, context-aware trust. Second, LAF-
Net summarizes the attended error representation to generate
a bounded residual that is added to the gated base forecast,
providing anticipatory adjustment of systematic, time-specific
biases and improving the consistency of the 24-hour forecast
profile. Crucially, we validate LAF-Net on real MISO LBA-
level load with multi-vendor forecasts, where it consistently
outperforms the best vendor baseline, demonstrating both
practical impact and deployment readiness under extreme
conditions.

The remainder of this paper is organized as follows. Sec-
tion II introduces the LSTM-Attention—Fusion Network with
Error Representation model. Section III discusses the results.
Conclusions are made in Section IV.

II. METHODOLOGY

In this section, we present a LAF-Net architecture for next-day
hourly load forecasting. The proposed framework is designed
to leverage both historical performance patterns of multiple
vendors and their future forecasts, integrating them into a
unified model that dynamically adjusts trust in each vendor
based on temporal context.

A. Problem Formulation and Notation

MISO performs day-ahead load forecasting every afternoon
at 2 PM, providing predictions for the 24 hours of next day
with a lead time of 10 hours. Let the forecasting horizon be
Tt = 24 (next day’s 24 hours) and the historical window be
T,. We assume there are V vendors providing independent
forecasts. The true load at hour ¢ is denoted y; and the
forecast from vendor v is g§”>. From these, we define: (i)
historical error tensor E € RT»*V 1 E_, =y, , — g}t(z)T, (ii)
future vendor forecasts F € RTr*V : F), , = g)t(i)h, h =
1,...,TY, and (iii) hour-of-day embeddings for discrete hours
h € {0,...,23}, denoted Emb(h) € R%m. Then the task is to
produce ¥ = (Ji41,---,%+1,) € RT minimizing the mean
squared error against the true load.

B. Component Details

The LAF-Net framework is designed with six sequential
modules.
a) Hour-of-Day Embedding
Each historical hour 7 and future hour h is mapped to an
embedding vector:
zUt = Emb(hM), 20 = Emb(A). (1)
These embeddlngs provide a shared temporal reference
frame for aligning historical error patterns with future contexts.
b) Historical Error Memory Encoder.
We form a time-aware error representation by concatenating
vendor errors with their corresponding hour embeddings:
Xl;ist _ [Er,zﬁ Zl‘qrist}. (2)
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Fig. 1: Model architecture.
An LSTM encodes X"t into hidden states H™™, which are
then linearly projected to form attention keys and values:
K = Dense(H™™), 'V = Dense(H™™). 3)
This memory captures when and how each vendor tends to
deviate from the truth.
c) Future Vendor Encoder.
Similarly, we concatenate future vendor forecasts with their
time embeddings:
X' = [Fhizp],
encode them with an LSTM to get HY", and then map to
attention queries:
Q = Dense(H™). 4)
The queries express the informational needs of each future
hour.
d) Multi-Head Cross Attention.
We apply multi-head attention to connect queries Q with
keys and values (K, V):
M = MHA(Q,K, V). 5)
A residual connection to HY" followed by layer normalization
yields:
M = LayerNorm(M + H""). (6)

This step links each future hour to the most relevant historical
error patterns.
e) Gated Vendor Fusion.
For each hour h, we concatenate the attended representation,
raw forecasts, and time embedding to form the fusion input:
w, = [My,; Fp,; 2. @)
The gating network (an MLP) transforms u; into unnormal-
ized gating logits:
gh = MLP(uh), (8)
which are then normalized via the softmax function to obtain
vendor-specific trust weights:
Z whp = 1. ©)

The base prediction is computed as a weighted combination
of vendor forecasts:

wy, = softmax(gy,),

Abase

o = ththv (10)



f) Contextual Enhancement.
To correct for systematic shifts, we average M over the 24

hours:
1 <&
= — M 11
<=7 > My, (11)
h=1
pass through a two-layer MLP, and bound with tanh:
e = tanh(W3 0(Wic)) (12)

where W1 and Wy are weight matrices, and o(-) denotes an
elementwise activation function. The final forecast is:

5’ _ }A,base +e. (13)
This bounded residual ensures stability while enabling day-
level adjustments.

III. RESULTS

This section reports the evaluation results of the proposed
LAF-Net model using the MISO day-ahead load forecasting
dataset. The model is trained and tested for each of the 38
LBAs individually, and its performance is compared with
two vendor baselines across LBA-level, regional, and system-
wide aggregations. Evaluation metrics include MAE, MAPE,
and RMSE. The proposed model contains a total of 90,778
trainable parameters. Given the current data scale, the training
process for a single LBA-specific model can be completed
within 30 minutes. During inference, due to the relatively
compact model size, the model is able to generate the next-day
24-hour forecasts for each LBA within one second.

A. Case Studies

The proposed LAF-Net model is evaluated using real-world
data from the Midcontinent Independent System Operator
(MISO), which operates a large-scale power system geographi-
cally divided into 38 LBAs across three major regions: Central,
North, and South. The training data span from May 12, 2024
to March 1, 2025, and the testing period covers March 2 to
March 28, 2025. For each LBA, an independent LAF-Net
model is trained and validated, resulting in a total of 38 models
corresponding to all LBAs. During each day within the study
period, MISO performs day-ahead hourly load forecasting at
2 PM, providing next-day 24-hour forecasts from two vendors
along with the realized load observations. This setup enables
a comprehensive evaluation of the proposed model’s ability
to dynamically fuse vendor forecasts and improve prediction
accuracy across diverse regions and operating conditions.

B. Overall Forecasting Performance Across All LBAs

In Table I, the first column (LBA) is indexed using labels
L1-L38. The table reports the mean absolute error (MAE),
mean absolute percentage error (MAPE) and Root Mean
Square Error (RMSE) across 38 load balancing areas (LBAs),
comparing two vendor baselines (V1 and V2) with the pro-
posed LAF-Net model. The results in Table I show that the
proposed LAF-Net model consistently outperforms the best
vendor across all 38 LBAs in terms of both MAE and MAPE.
The improvements are substantial, with error reductions ex-
ceeding 30% in several cases such as L4 (35.1% in MAE,
35.3% in MAPE), L12 (31.7%, 32.4%), and L16 (37.5%,
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37.8%). These findings highlight the effectiveness of LAF-
Net in correcting systematic vendor biases and better capturing
temporal load dynamics at the LBA level. For RMSE, LAF-
Net also delivers almost universal gains, often with large
margins. For example, L4 achieves a 34.1% reduction, L12
a 28.9% reduction, and L16 a 36.0% reduction compared to
the best vendor. These results indicate that the model not only
lowers average errors but also reduces the variance of extreme
deviations, which is crucial for operational reliability. The only
exception occurs at LBA 121, where LAF-Net does not yield
a positive improvement in RMSE. This is primarily due to
an unusual load pattern on the morning of March 5, when the
highest load of the day occurred in the morning rather than the
typical afternoon peak. As a result, LAF-Net’s performance
during that period was suboptimal. However, the difference
relative to the best vendor is negligible (0.1%), effectively
maintaining parity. Overall, these findings demonstrate that
LAF-Net systematically improves vendor forecasts across mul-
tiple error metrics, with particularly strong benefits for LBAs
with higher volatility and challenging demand patterns.

C. Region- and System-Level Aggregated Performance

Table II presents aggregated forecasting performance at the
regional and system levels by summing the load across all
38 LBAs and then computing the corresponding MAE and
MAPE. Results are reported for two vendor baselines (V1 and
V2) alongside the proposed LAF-Net model. As shown, LAF-
Net consistently outperforms the vendor forecasts at both the
regional and system scales. In the Central region, MAE and
MAPE are reduced by over 33%, while the North and South
regions also benefit from notable improvements of 15-20%.
At the system-wide level, where the load of all 38 LBAs is ag-
gregated, the LAF-Net model achieves the largest performance
gain, reducing MAE by 37.07% and MAPE by 37.38%. These
results underscore the scalability of the proposed approach:
not only does it deliver consistent accuracy improvements
across diverse regions, but it also yields substantial system-
level benefits, which are particularly critical for large-scale
operational planning.

To further assess the model’s generalization capability, we
conducted an additional out-of-sample evaluation using an
eight-week period from July 6 to August 30, 2025. Across all
the LBAs, LAF-Net achieved an average MAE reduction of
26.38% compared to the best-performing vendor forecast. The
MAE reduction ranged from a minimum of -1.49% to a maxi-
mum of 46.58% among individual LBAs. At the system level,
the MAE of the best vendor forecast was 3,120.13, whereas
LAF-Net reduced the MAE to 1,101.49, corresponding to a
60.77% reduction relative to the best vendor.

Table III summarizes forecasting performance at the re-
gional and system levels during the daily peak load hour,
defined as the hour with the highest actual load within each
24-hour horizon. As shown, LAF-Net achieves substantial
accuracy gains at peak load hours across all regions, reducing
MAE by 19—42% and MAPE by nearly 20-42%. At the system
level, the improvement is most pronounced, with a 41.14%



TABLE I: Integrated LBA-level results across regions: LAF-Net vs. vendor baselines.

LBA MAE (V1) MAE (V2) MAE (LAF) MAPE (V1) MAPE (V2) MAPE (LAF) RMSE (V1) RMSE (V2) RMSE (LAF)
L1 6.70 6.67 5.64 4.96% 4.94% 4.14% 8.76 8.65 7.36
L2 25.77 25.73 2431 2.69% 2.69% 2.56% 32.49 32.38 29.69
L3 9.16 9.25 8.13 5.98% 6.06% 5.39% 11.80 11.89 10.24
L4 158.64 150.28 97.56 3.14% 2.98% 1.93% 196.47 186.68 122,97
L5 97.77 96.31 91.46 4.41% 4.33% 4.20% 128.16 127.09 116.00
L6 176.89 165.48 137.41 4.18% 3.91% 327% 222.95 209.68 171.47
L7 6.37 6.06 429 4.02% 3.83% 2.70% 791 7.56 5.66
L8 5.96 5.87 5.41 5.22% 5.14% 4.73% 7.41 7.37 6.67
L9 67.41 65.26 52.53 4.56% 4.43% 3.58% 87.28 83.84 67.93
L10 42.69 42.09 39.20 5.10% 5.02% 4.70% 52.63 52.07 49.15
L1l 13.81 13.17 12.97 3.97% 3.78% 3.72% 16.88 16.25 16.06
L12 11.51 10.87 742 3.40% 3.20% 2.17% 14.07 13.42 9.55
LI13 143.26 135.61 108.72 2.88% 2.72% 2.19% 186.55 174.35 139.15
L14 24.44 23.71 23.08 6.91% 6.75% 6.64% 30.93 30.00 28.41
LI5 3.12 3.06 2.77 6.36% 6.26% 5.72% 420 4.15 3.68
L16 98.04 92.20 57.65 3.23% 3.04% 1.89% 122.17 116.51 74.58
L17 46.76 45.61 36.37 3.26% 3.18% 2.53% 58.66 57.64 45.77
L18 180.89 177.7 140.06 4.45% 4.37% 3.46% 221.53 217.71 179.09
L19 162.25 159.93 131.32 4.62% 4.55% 3.74% 207.00 204.26 168.52
L20 51.16 48.76 36.87 3.46% 331% 2.51% 64.21 62.04 47.82
L21 14.12 13.91 13.82 2.89% 2.84% 2.82% 19.23 19.11 19.14
L22 219.32 229.52 182.2 4.74% 4.93% 3.97% 279.71 291.19 232.78
L23 6.51 6.06 425 4.23% 3.96% 2.75% 8.08 7.50 5.47
L24 61.67 59.66 59.6 3.22% 3.11% 3.10% 78.90 77.59 77.39
L25 66.52 60.61 56.24 4.78% 4.33% 3.98% 85.34 75.27 7151
L26 169.79 168.37 138.76 4.17% 4.13% 3.48% 212.98 212.84 179.17
L27 53.12 53.74 47.12 5.52% 5.59% 4.90% 66.38 67.27 60.24
L28 5.86 5.87 5.69 6.05% 6.08% 5.86% 7.30 7.37 7.27
L29 9.58 9.29 771 5.15% 5.02% 4.11% 12.33 11.82 10.06
L30 429 2.3 35.75 6.76% 6.71% 5.61% 52.75 51.68 4438
L31 101.78 102.91 83.41 2.62% 2.65% 2.16% 129.02 129.10 103.87
L32 42.68 4131 37.29 3.20% 3.09% 2.79% 53.66 51.43 45.60
L33 2.28 2.23 2.18 221% 2.17% 2.12% 2.92 2.87 2.79
L34 39.23 37.32 26.61 5.78% 5.47% 3.90% 48.07 45.09 34.30
L35 77.04 77.06 62.93 3.84% 3.84% 3.16% 94.53 94.62 78.09
L36 40.94 39.17 34.09 5.79% 5.55% 4.80% 51.52 49.54 43.72
L37 265.50 263.45 260.00 2.82% 2.80% 2.77% 330.29 327.65 322.73
L38 48.77 47.95 40.61 3.69% 3.63% 3.09% 63.83 62.72 52.90

TABLE II: Aggravated region and system-level results across regions: LAF-Net vs. vendor baselines.

Region MAE (V1) MAE (V2) MAE (LAF) MAPE (V1) MAPE (V2) MAPE (LAF)
Central 983.16 954.47 634.13 2.82% 2.74% 1.82%
North 492.00 491.55 395.00 2.95% 2.94% 2.37%
South 495.87 485.68 412.12 2.85% 2.80% 2.38%
System 1637.96 1618.24 1018.35 2.38% 2.35% 1.47%

TABLE III: Aggravated region and system-level results across regions peak load hour: LAF-Net vs. vendor baselines.

Region MAE (V1) MAE (V2) MAE (LAF) MAPE (V1) MAPE (V2) MAPE (LAF) MBE (V1) MBE (V2) MBE (LAF)
Central 959.43 946.22 760.37 2.50 247 2.00 -808.93 -805.07 90.42
North 634.69 672.76 376.84 3.49 3.71 2.09 -630.79 -669.44 -202.18
South 578.60 543.14 313.19 2.97 2.78 1.62 -461.10 -429.99 7341
SYSTEM 1799.30 1801.87 1059.08 2.39 2.40 1.43 -1699.70 -1786.56 -38.47

reduction in MAE and a 40.36% reduction in MAPE compared
to the best vendor forecast. Beyond accuracy, the bias results
(MBE) demonstrate a marked correction of systematic under-
estimation present in vendor forecasts. While both vendors
exhibit large negative biases at peak hours (e.g., -1699 MW
and -1787 MW at the system level), LAF-Net effectively
mitigates this issue, reducing the system-wide MBE to nearly
unbiased levels (-38 MW). These results highlight the ability
of LAF-Net not only to enhance point accuracy but also to
substantially alleviate forecast bias during the most critical
operating conditions, thereby improving reliability in system
operations and market decisions.
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D. Detailed Analysis of Selected LBA

To conduct a more in-depth evaluation, LBA L18, which
represents the highest-load area within the system, is selected
for detailed analysis. As illustrated in Figure 2, presents the
forecasting results for LBA L18 from March 2 to March 8,
2025, comparing actual load profiles with forecasts from LAF-
Net and vendor baselines. The proposed model demonstrates
strong alignment with the observed values on March 2 to
4, where both morning load increases were captured almost
perfectly. On March 5, the forecasts deviated more noticeably,
with LAF-Net underestimating the mid-day peak; however, its
errors remained smaller than those of the vendors. From March
5 and 6, the model provided consistently closer tracking of
both daily peaks and valleys, outperforming vendors particu-



larly in high-load conditions where baseline forecasts tended
to overpredict.
Load Forecast vs Actual (Mar 02 to Mar 08) - L18
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Fig. 2: Time series plot for L18.

Figure 3 presents the mean absolute error (MAE) by hour of
day for the L18 LBA, comparing LAF-Net against two vendor
baselines. It is observed from figure that LAF-Net achieves
substantially lower error than both vendors during most hours
of the day, with particularly pronounced gains around 06:00,
where its error is more than 100 MW smaller than the
vendors. At 08:00, however, the model underperforms slightly
relative to the vendors, and similar but smaller deviations occur
around 01:00 and 03:00. Beyond these isolated cases, LAF-
Net consistently reduces forecasting error, especially during
midday and evening demand peaks, highlighting its robustness
in capturing daily load dynamics while mitigating vendor
biases.

Mean Absolute Error by Hour of Day - L18
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Fig. 3: Mean absolute error by hour of day.
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Fig. 4: Predicted vs actual.

The Figure 4 compares the predicted versus actual load
for the L18 region using LAF-Net and two vendor forecasts.
Among the three models, LAF-Net shows the tightest clus-
tering of points around the red diagonal line, achieving the
highest coefficient of determination (R? = 0.814) compared
to Vendor 1 (R?> = 0.715) and Vendor 2 (R? = 0.725).
This indicates that LAF-Net provides a substantially better
fit and lower prediction error overall. Moreover, it is clearly
visible that when the actual load exceeds 5000 MW, LAF-
Net’s predictions remain close to the ideal line, while both
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vendors exhibit larger deviations, suggesting that LAF-Net
captures high-load conditions more accurately.

IV. CONCLUSION AND FUTURE WORK

This study proposed the LSTM-Attention Fusion Network
with Error Representation (LAF-Net) to enhance day-ahead
load forecasting by dynamically integrating multi-vendor pre-
dictions. Evaluated on real-world MISO LBA-level data, LAF-
Net consistently outperformed the best vendor baselines across
all 38 balancing areas, achieving an average MAE reduction of
14.9% and a system-level peak-hour error reduction exceeding
40%. We plan to conduct a comprehensive ablation analysis
and report these results in our future work, as well as include
evaluations on additional seasons to further assess cross-season
generalization.

Despite these promising results, several limitations remain.
The current model depends on supervised learning with histor-
ical vendor data and may face performance degradation under
distributional shifts, such as unseen weather regimes or evolv-
ing demand patterns. Moreover, LAF-Net provides determinis-
tic forecasts, which limits its applicability in uncertainty-aware
operational planning. Future studies will explore probabilistic
extensions, online adaptive learning, and joint modeling of
renewable generation and load within the same attention-
fusion framework to enhance robustness, interpretability, and
real-time usability in large-scale power system operations.
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