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Abstract—Short-term load forecasting in multipurpose re-
search buildings is challenging because diverse load categories
exhibit heterogeneous and often unpredictable usage patterns,
complicating the design of reliable energy-management strate-
gies. This work provides a systematic empirical benchmark
that compares direct total load prediction with a disaggre-
gated approach that forecasts each load category separately
and aggregates the results. Using Long Short-Term Memory
networks applied to different load categories across multiple
training durations and seasons, we deliver practical guidance on
when to use each aggregation strategy. Our analysis reveals that
direct forecasting achieves lower mean absolute error in most
scenarios, with disaggregation providing benefits only for loads
with independent, sporadic usage patterns. We explore conditions
favoring disaggregated predictions, including behavioral diversity
between categories, predictability of individual components, and
representative training data.

Index Terms—demand forecasting, short term load forecasting,
aggregation level, time series analysis, building energy consump-
tion

I. INTRODUCTION

The electrical grid is transforming as renewable energy,
electric vehicles, and heat pumps reduce the significance of
traditional load profiles. While grid-scale forecasting is well-
established, there is growing demand for localized forecasts
in microgrids and smart buildings to better control distributed
resources [1]. Recent research has focused on improving these
short-term forecasts, but the limited availability of quality
training data for modern algorithms makes this harder [2].

One challenge in forecasting concerns aggregation levels:
should diverse loads be predicted as an aggregate or forecasted
separately and then combined? Recent studies on prosumer
systems [3]-[5] suggest that disaggregated forecasting can
outperform direct aggregate prediction, though whether this
extends to different load types remains unclear.

This paper investigates whether category-specific forecast-
ing outperforms direct total load prediction in a real multi-
purpose building. Both methods are compared under different
seasonal and time scales by applying Long Short-Term Mem-
ory (LSTM) models to different load types. This contribution
provides suggestions when each method is most appropriate
while highlighting limitations of established methods when
working with realistic data.
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II. RELATED WORK

Short-term load forecasting (STLF) has been extensively
studied in multiple directions. This section reviews the relevant
literature that motivates the investigation of disaggregated
forecasting strategies for multipurpose buildings.

1) Forecasting Algorithms: Numerous studies have com-
pared forecasting techniques for building and grid-level loads.
Comprehensive reviews of common approaches [6], [7] con-
clude that each method has unique strengths and limitations,
making the optimal choice highly application-dependent. In
[8], the authors further demonstrate that different load types
correspond better to different forecasting models, suggesting
that using the same approach may be suboptimal for hetero-
geneous load groups. Among the various methods reviewed
in literature [1], [2], [7]-[9] LSTM networks have emerged
as one of the most widely adopted approaches for short-term
building load forecasting, with demonstrated success across
diverse applications [3], [5], [10]-[12]. Their effectiveness
stems from the ability to capture long-term temporal depen-
dencies and learn complex non-linear patterns in sequential
data [10], making them particularly suitable for building loads
with irregular occupancy and usage patterns across various
scales, from single household profiles [11] to commercial and
mixed-use buildings. Since our research focuses on categorical
decomposition strategies rather than algorithm optimization,
we employ LSTM as a representative and well-established
forecasting method.

2) Aggregated and Disaggregated Forecasting: Tradition-
ally, aggregated loads at the grid or substation level have been
the primary focus of forecasting research. Aggregation tends
to smooth individual consumption volatility, as random behav-
ioral variations cancel out across many consumers, producing
more predictable patterns [9]. Recent research challenges
the assumption that aggregation always improves forecasts.
Several studies have demonstrated that separately forecasting
photovoltaic (PV) generation and load demand, then com-
bining the predictions, yields higher accuracy compared to
directly forecasting the total load [3]-[5]. This improvement
occurs because generation (driven primarily by weather) and
load (driven by occupancy and usage patterns) follow funda-
mentally different dynamics.

In [13], this concept is extended to industrial production



forecasting, comparing aggregated, disaggregated, and com-
bined approaches. Their results suggest that the best strategy
depends on the similarity of underlying components and the
ability of models to exploit component-specific patterns. This
principle was formalized in [14] by quantifying correlations
between input features and load. They showed that additional
information such as weather or day-of-week only improves
predictions when correlation exists; otherwise, additional fea-
tures degrade performance. This finding supports the notion
that forecasting should group time series with similar driving
factors while separating those with distinct influences.

3) Research Gap: While prior work demonstrates benefits
of separating generation from load in prosumer forecasting,
and recognizes that different building types exhibit distinct
patterns, limited research examines whether disaggregation
benefits extend to heterogeneous loads within a single multi-
purpose building. Specifically, it remains unclear whether such
loads should be forecasted in categories based on behavioral
similarity and aggregated afterwards to improve forecast ac-
curacy compared to direct total load prediction.

By using real operational data from an active research facil-
ity, this work also addresses practical forecasting challenges
including missing data, irregular usage patterns, and atypical
load characteristics.

III. METHODOLOGY

This paper tests the hypothesis that disaggregated forecast-
ing—training separate models for distinct load categories and
summing their predictions—will outperform direct forecasting
of total building load, provided two conditions: (1) loads
within each category must share similar temporal patterns,
enabling category-specific models to learn coherent behaviors,
while (2) different categories must exhibit sufficiently distinct
patterns that a single model cannot capture all behaviors
simultaneously. This approach is used for predicting the to-
tal building load as well as the total category load of the
introduced categories. For predicting the category loads, inter-
category diversity is limited since subloads were clustered by
similarity, so aggregation effects should dominate. However,
for total building load prediction, both key conditions should
be met. If the hypothesis holds, disaggregated forecasting
should outperform direct prediction.

The remainder of this section describes the dataset, load
categorization, LSTM configuration, and experimental design
used to compare the direct and disaggregated forecasting
strategies in a multipurpose building.

A. Dataset Description

The dataset originates from an institute building currently
being transformed into a smart energy complex, as described in
[15] and [16]. The building serves multiple purposes including
teaching facilities, experimental laboratories, industrial pro-
cesses, and office spaces. The electrical infrastructure connects
to the medium-voltage grid through four transformers with
1.3MVA combined capacity. This study focuses on active
power measurements for phase 1 from 35 feeder-level loads at
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Fig. 1. Avarage weekly load profiles categorized by load type.

200 ms resolution, collected since February 2024 with 98.15%
data coverage. These loads exhibit varying dependencies on
workday schedules and weather conditions, with varying base-
line consumption levels.

1) Load Categorization: Based on preliminary correlation
analysis using the hierarchical clustering of seaborn [17],
the 35 feeder-load profiles were grouped into four distinct
categories according to their temporal patterns and operational
characteristics. Fig. 1 illustrates the average weekly profile for
each category over a one-year period.

« Office (9 loads): Distinct daytime peaks during workdays
from ceiling lighting, wall outlets (computers/printers),
and lecture hall air conditioning, indicating strong occu-
pancy dependence with high mean consumption.

o Labs (8 loads): Less predictable patterns due to volatile
experimental activities compared to routine office opera-
tions. Includes one high-demand profile.

¢ Industrial (6 loads): Air compressors, laboratory air
conditioning, and climate chambers demonstrating more
constant operation with reduced occupancy dependence.
Half exhibit high demand.

o Low Load (12 loads): Mean load below 25 W from out-
of-order or rarely utilized assets (e.g., heavy-duty crane
used briefly).

2) Dataset Challenges: The multipurpose use of the build-
ing, combining diverse load types with different behavioral
patterns, complicates total load prediction. The total load over
1.5 years is visualized in Fig. 2 with test periods highlighted.
The building exhibits substantial variability, with hourly load
ranging from approximately 5kW to peaks exceeding 43 kW,
without clear seasonal patterns. As a research institution, the
building lacks controlled working hours typical of manu-
facturing facilities, resulting in irregular occupancy patterns.
Decades-old infrastructure (non-LED lighting) and experimen-
tal power loops (where feeders exchange power internally) cre-
ate unexpected consumption patterns and occasional negative
power flows for individual feeders.

This study’s findings are limited to one building and should
be interpreted as a case study requiring validation across
diverse building types and operational contexts.
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Fig. 2. Total load consumption over the entire dataset with test periods
highlighted.

B. Forecasting Model Configuration

Forecasting results are influenced by various factors. To
isolate the effect of aggregation methods on performance,
modeling choices were kept constant and straightforward
across all experiments. This section gives an overview on those
parameters.

1) Model: A 2-layer encoder-decoder LSTM with 128
hidden states based on the Nixtla repository [18] was used,
drawing on standard architecture as a benchmark approach.
Training is limited to a maximum of 2000 steps (adjusted
to the used horizon) with early stopping enabled to prevent
overfitting.

2) Training Configuration: A 24-hour day-ahead forecast-
ing horizon with an hourly resolution aligns with the intended
application of controlling the building’s Hybrid Energy Stor-
age System (HESS) for optimal energy management.

Two training durations were tested: 90 days and 365 days
of historical data. The 90-day training window was selected
based on literature [12] demonstrating sufficient performance
with this duration, while the 365-day window allows the model
to capture full seasonal variations. The training durations
are limited by data availability, as the measurement system
has been operational for approximately 1.5 years. Rather
than substituting missing values, the LSTM implementation
processes only timestamps with available data. This approach
avoids introducing artificial patterns that could degrade model
performance. With 98.15% data coverage, the impact of miss-
ing data on training and testing is minimal.

The model operates in univariate mode, using only historical
load data for a single time series as input and neglecting inter-
actions between time series. As established in [14], exogenous
variables can improve forecasting when correlations exist.
However, preliminary analysis showed that exogenous features
interact complexly with the aggregation approach: sometimes
improving aggregated totals while worsening individual cate-
gory forecasts. To isolate aggregation structure from feature-
selection dependencies, this benchmark excludes exogenous
variables, establishing a controlled baseline while enabling
future application of category-specific exogenous inputs.

C. Experimental Procedure

Preliminary experiments revealed high sensitivity when
evaluating single-day forecasts, with performance strongly
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Fig. 3. MAE results for all 40 forecasting scenarios.

dependent on whether the test day exhibited patterns similar
to the training period. To obtain robust results while working
within data availability constraints (approx. 1.5 years), each
experimental configuration was evaluated over 30 consecutive
test days. This provides sufficient data to assess typical per-
formance while capturing day-to-day variability.

The rolling training approach updates the training window
daily, using the 90 or 365 days immediately prior to each
prediction day. This approach ensures the model always trains
on the most recent data and prevents error accumulation across
consecutive predictions. To ensure that results reflect genuine
differences between forecasting strategies rather than seasonal
snapshots, tests were conducted during two distinct periods:
spring and fall (see Fig. 2). These seasons provide contrasting
operational conditions, chosen as the best alternative since the
winter period lacked sufficient data for 365-day training.

Mean absolute error (MAE) serves as the primary eval-
uation metric. MAE provides an easily interpretable mea-
sure of average prediction error in the same units as the
load, making it straightforward to assess practical forecasting
accuracy. Additionally, LSTM models minimize the MAE
during training, ensuring consistency between optimization
and evaluation. While other metrics like root mean squared
error (RMSE) penalize large errors more heavily or provide
scale-independent comparisons like mean absolute percentage
error (MAPE), MAE is sufficient for this comparative study
as the relative ranking of strategies remains consistent across
all three metrics.

The following scenarios are examined:

o Forecasting strategy: Direct vs. Disaggregated

o Training duration: 90 days vs. 365 days

e Test season: Spring vs. Fall

IV. RESULTS AND DISCUSSION

This section presents the evaluation of direct versus disag-
gregated forecasting strategies across multiple scenarios.

A. Overall Performance Comparison

The explored scenarios vary across two training durations
(90 and 365 days), two test seasons (spring and fall), five
aggregation levels (total load and four load categories), and
two forecasting strategies (direct and disaggregated predic-
tion). Fig. 3 summarizes the MAE for all 40 experimental
scenarios.
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Fig. 4. MAE of feeder-level forecasts (used in disaggregation approach) for
365-day training period, with feeders ranked by error.

Longer training generally improves accuracy, with 365-day
training consistently outperforming 90-day training by cap-
turing more operational patterns. However, 365-day training
produces more than twice the error for Low Load spring pre-
dictions. The characteristic spring behavior appears in the 90-
day window but not in the remaining 275 days. This highlights
a known challenge in time series forecasting: training data
must represent the test period, regardless of training duration.

Forecast accuracy varies between spring and fall test pe-
riods. Most categories show consistently lower errors in one
season, suggesting that some load patterns are inherently more
predictable during certain times of year. The seasonal variation
in forecast performance underscores the importance of multi-
season evaluation to ensure model robustness.

B. Category Level

The stacked bars in Fig. 3 reveal that different load cate-
gories contribute with varying error margins. The office and
industrial categories dominate the error distribution, while labs
and Low Load categories contribute less to the total error. This
pattern reflects both the magnitude of loads in each category
and their relative predictability.

Comparing aggregation methods at the category level, direct
prediction mostly achieves lower MAE than the disaggregated
approach, with the Low Load category presenting a notable
exception where disaggregation yields superior predictions
during the fall test period. The Low Load category’s positive
response to disaggregated forecasting is particularly notewor-
thy. The sporadic, independent usage patterns of these loads
mean that aggregation does not produce the smoothing effect
typically expected. In this case, forecasting each load’s simple
on-off pattern separately proves more effective than modeling
their combined behavior, resulting in a 43% MAE reduction
compared to direct prediction.

However, this improvement is small compared to the risks
of disaggregation. When direct prediction excels, the biggest
decline is a 20-fold increase in MAE for the lab category. This
contrast indicates that while disaggregation rarely provides
substantial benefits at category level, it carries significant risk
of performance degradation.
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C. Load Level

To identify which loads drive category-level performance
differences, Fig. 4 presents the 20 highest MAE values for
individual loads in the disaggregated approach with 365-day
training. The logarithmic scale reveals that a small subset of
highly problematic loads dominates the error distribution. The
industrial and office categories account for the top 5 high-
error loads, explaining their large degradation under disaggre-
gated forecasting, while the Low Load category contributes
minimal error due to low absolute consumption. Test period
significantly influences individual load accuracy. Spring test
patterns resembled training data for industrial and office loads,
whereas fall data contained outliers and atypical usage patterns
not well-represented in either training window.

The climate chamber (industrial) emerges as the most prob-
lematic load (MAE > 28 kW), operating infrequently (twice in
365 days) with high peaks (16 kW). During spring, it remained
inactive, enabling accurate predictions, whereas in fall two
activations caused large errors. Two experimental sub-panels
also contribute significantly to industrial category error where
inconsistent schedules and power loops (see Section III-A)
further complicate industrial predictions.

Office loads show day-to-day variability in their character-
istic bell-curve profiles, with fall capturing more variations.

Almost all lab loads appear in the top 20 errors, con-
firming that experimental activities—with unpredictable type,
duration, and intensity—are fundamentally difficult to forecast
from historical data alone.

The individual load analysis reveals that certain load types
are fundamentally difficult to predict regardless of method.
When forecasted individually, their errors directly impact
summed category predictions.

D. Total Load Prediction

Contrary to the initial hypothesis, direct forecasting of the
total building load outperforms the disaggregated approach in
nearly all scenarios. Only one configuration—90-day training
in spring—shows marginally lower MAE (< 1%) for the dis-
aggregated approach, though this difference is not substantial
enough to recommend the method given its significantly higher
computational cost (four times higher) of training four separate
models.

Fig. 5 presents the spring test period predictions for both
forecasting strategies using 365-day training. Both forecasting
methods successfully capture the general daily load curve,
capturing the characteristic occupancy-driven patterns. How-
ever, both methods also produce over- and under-predictions
at various time points, with no single method demonstrating
consistent superiority across all time steps.

A notable observation is that the two forecasting strategies
show complementary error characteristics. When the direct
prediction method produces substantial errors at certain time
points, the disaggregated method often achieves predictions
closer to the actual load, and vice versa. The complementary
nature of their errors indicates that neither method captures all
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Fig. 5. Load forecast for the spring test period using 365 days of training.

relevant patterns on its own, and their strengths lie in different
aspects of the load profile.

V. CONCLUSION

This study evaluated whether disaggregated forecasting of
correlated load groups could improve prediction accuracy for
a multipurpose institute building. The central hypothesis—that
forecasting load categories separately would outperform direct
total load forecasting—was not supported. For most scenarios,
direct prediction achieved lower errors. The key difference
from successful prosumer forecasting lies in component char-
acteristics: PV generation and load profiles are fundamentally
different, whereas load categories in this study may not be suf-
ficiently distinct. Moreover, a third critical condition emerged:
individual loads must be inherently predictable from historical
data. When loads exhibit high volatility due to rare events,
unscheduled operations, or irregular patterns, disaggregation
amplifies rather than mitigates forecasting challenges. The
building’s multipurpose use varies heavily due to its research
and teaching purpose, placing an upper bound on achievable
accuracy regardless of method. This study was somewhat
limited by available data (approximately 1.5 years), so further
investigations could lead to different results.

Nevertheless, when analyzing the predicted total load over
time, the disaggregated approach shows promise in handling
some time steps better than direct forecasting, with results
depending highly on whether the training period captured
similar behavior. Mixed approaches combining direct and
disaggregated strategies using ensemble methods are par-
ticularly promising because of the observed complementary
error patterns. The disaggregated approach’s potential to apply
category-specific exogenous features represents an important
avenue for future research. Our preliminary analysis revealed
multifaceted interactions between exogenous variables, ag-
gregation strategy, and seasonal context. Future work should
explore these relationships across diverse building types, load
patterns, and temporal contexts to fully exploit disaggrega-
tion’s flexibility in feature selection.

While based on a single building, the methodology’s re-
liance on having multiple distinct load categories suggests po-
tential applicability to similar building types or larger campus
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complexes. Buildings with a more uniform load profile (e.g.
pure office spaces) are likely to benefit less from disaggrega-
tion. However, validation across diverse operational contexts
remains necessary.

Similarly, these findings are based solely on LSTM net-
works. Validation with other forecasting architectures would
strengthen these conclusions.

In summary, while direct forecasting remains recommended
for multipurpose buildings with diverse loads, this work
identifies potential for successful disaggregation and proposes
hybrid ensemble strategies that combine the strengths of both
approaches.
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