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Accurate prediction of energy consumption in fused deposition modeling (FDM) 3D
printing is essential for sustainable and cost-efficient additive manufacturing, yet remains
challenging due to nonlinear process behavior and time-varying power dynamics. This
study presents an enhanced hybrid deep learning framework for forecasting total energy
usage in FDM processes by jointly modeling high-resolution power time series and static
process parameters. Electrical power data sampled at 1 Hz from 1,260 print jobs were
collected using smart power meters and combined with key printing parameters. The
proposed architecture integrates convolutional neural networks for temporal feature
extraction, an attention-enhanced long short-term memory network to capture long-range
dependencies, static feature fusion, and a gradient boosting decision tree regressor. Model
performance was evaluated using MAE, RMSE, MAPE, and the coefficient of
determination. The hybrid model achieved superior accuracy, with an MAE of 4.12 Wh,
RMSE of 5.87 Wh, MAPE of 6.1%, and R2 of 0.964, outperforming conventional machine
learning and standalone deep learning baselines. Phase-wise and cross-material/printer
analyses further demonstrated strong robustness and generalization capability. The results
confirm that advanced hybrid deep learning approaches enable reliable and precise energy
consumption forecasting in FDM 3D printing, supporting energy-aware process planning
and sustainable additive manufacturing practices.

Copyright ©2026 by authors and Galileo Institute of Technology and Education of the Amazon (ITEGAM). This work is licensed
BY under the Creative Commons Attribution International License (CC BY 4.0).

I. INTRODUCTION

Additive manufacturing has become a disruptive production paradigm, which allows the creation of complex shapes using less
materials and less time to develop, especially in the technology of fused deposition modeling (FDM) [1]. The extensive use of FDM in
prototyping, tooling, and low volume manufacturing has corrupted a commensurate rise in energy consumption, which has been a cause
of concern in terms of efficiency of operations, and environmental sustainability [2]. With the increase in energy prices and carbon laws
that are now going on all over the world, energy conscious manufacturing is now a key research and industrial issue [3]. The 3D
printing using FDM is distinguished by extrusion of materials based on thermal forces, hot platforms, and long-lasting working time of
the machine: all of these factors play an important role in the consumption of electrical energy [4]. However, in contrast to traditional
manufacturing in the form of subtractive manufacturing, FDM processes have a complex and phase-sensitive power dynamics as they
tend to experience start-up heating, steady extrusion, and cooling phases [5]. The characteristics make it hard to directly estimate energy
and require sophisticated predictive modeling techniques [6].
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1.1 BACKGROUND AND MOTIVATION

Energy consumption forecasting helps manufacturers to determine the sustainability of the process, restrict printing and
minimize the cost of production without affecting the quality of part [7]. Previous research has shown that with small changes in
parameter choice, it is possible to achieve quantifiable energy savings in additive manufacturing systems [8]. As a result, predictive
energy models have also become a vital part of intelligent and sustainable manufacturing systems [9]. Machine learning has been
proved as a potential remedy to the large scale manufacturing processes in which analytical formulations are impossible or inaccurate
[10]. Data-driven methods in the FDM enable models used to predict energy consumption to acquire nonlinear relationships among
process parameters, machine states, and observed power usage [11]. But the success of such models is heavily tied to how they are able
to represent the statical process settings and the power dynamics of time [12].

1.2 ENERGY CONSUMPTION PROBLEMS IN 3D PRINTING

The interacting factors in FDM energy consumption are too many and exceed those of layer height, infill density, type of
material, extrusion temperature, printing speed, and part geometry [13]. These variables act nonlinearly and change during the printing
process creating substantial fluctuations in power demand over time [14]. These complexities have often hindered generalization of
different printers and different materials by traditional regression based or rule based energy models [15]. Moreover, the majority of the
FDM energy research concentrates on the total energy use without considering the temporary nature of power use at each single
printing step [16]. This constraint limits the use of the existing models in real-time monitoring, adaptive control, and energy-conscious
scheduling [17]. It is thus important to capture high-resolution time series of power to make correct and sound forecasting models [18].

1.3 RELATED WORK ON ENERGY FORECASTING

Several investigations have used the classical machine learning methods like random forests, multilayer perceptrons, and
support vector regression in predicting the energy consumption in FDM processes [19]. They work well in general as compared to
linear regression models, but they make use of mostly stationary input data, which restricts their capability to depict time-varying
energy patterns [20]. Additive manufacturing energy prediction tasks have been performed more accurately using hybrid machine
learning approaches that include various modeling paradigms [21]. Recent papers highlight the increasing significance of ensemble
learning and hybrid structures towards solving complex manufacturing prediction issues [22]. However, the hybrid models which are
trained by using deep learning and incorporate both time-dependent feature extraction and multi-regression are relatively unknown in
FDM energy prediction [23].

1.4 RESEARCH GAPS AND CONTRIBUTIONS

Although this has been achieved, the current studies do not elaborate on hybrid deep learning models that may be utilized to
jointly predict high-resolution power time series and static printing parameters used in FDM energy prediction [24]. Besides, there are
no studies that have systematically measured the role of attention processes and ensemble fusion in accuracy in prediction [25]. This
paper fills these gaps by proposing improved hybrid deep learning model that combines convolutional neural networks, attention-based
long short-term memory networks, and gradient boosting decision trees to attain the accurate and generalizable energy consumption
prediction in FDM-based 3D printing [26].

Il. EXPERIMENTAL FRAMEWORK AND DATA DESCRIPTION

An effective experimental framework was put in place to guarantee the quality of data gathered and competent assessment of the
put forward energy forecasting model. The setup combines concomitant measurements of power, logging of process parameters and
controlled variation of the experimental conditions throughout a series of printing conditions [27].

1.1 3D PRINTING PLATFORM AND INSTRUMENTATION

Industrial grade FDM 3D printers that would represent the range of commercial systems universally employed in prototyping
and small scale manufacturing were used in experiments [28]. Each printer had a conventional single-nozzle extrusion system and an
actively heated build platform to make sure the material deposition behavior is consistent [29]. In order to record correct data about the
electrical energy, external smart power meter was installed between the electrical socket and the printer power supply [30]. The power
meter could measure real-time voltage, current, and active power consumption, which allowed to accurately monitor machine energy
consumption in the course of the whole printing process [31].

FDM 3D Printer Data Logging Workstation

o adla,
Ldoy,

T

I -
1,260 Print Jobs

Smart Power Meter
(1 Hz Sampling)

Figure 1: Framework of experimental setup and monitoring of energy of FDM 3D printers.
Source: Authors, (2026).
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The figure of FDM 3D printing device shows its connection with a smart power meter that measures electrical power at 1 Hz.
Parameters that are logged by the printer controller include temperature, speed and material type, whereas at a central workstation,
power and process data are synchronized and stored that can be analyzed later on after 1,260 print jobs have been completed.

1.2 THE DATA MEASUREMENT AND POWER

Continuous data were obtained on electrical power at a rate of 1 Hz to record subtle changes in the demand of energy at all
printing stages [32]. The sampling frequency was chosen in order to achieve a compromise between the temporal resolution, data
storage needs and maintain transient power behaviors [33]. Printers were monitored and logs of printer control were taken at the same
time each time, which included the static process parameters of that individual print job. Timing between measures of power and
process records was timed with correspondence to timestamps, which allows mapping of energy use and printing state [34].

1.3 CHARACTERISTICS OF DATA SET AND PRINCIPLES

The last dataset was composed of 1,260 print jobs that were completed with various materials, geometries, and parameter
configurations [35]. The thermoplastics that were used were three (PLA, ABS and PETG) to make sure that there was variety of
materials and the ability to generalize [36]. The parameters that were considered to be static input parameters were height of the layers,
the infill density, nozzle temperature, bed temperature, printing speed, and the estimated volume of materials. Moreover, the high-
resolution power time-series signals were stored in order to assist with the time-based modeling of energy consumption [37].

Table 1: Summary of dataset statistics and printing parameter ranges.

Category Description / Range
Number of print jobs 1,260
Printers 2 industrial FDM printers
Materials PLA, ABS, PETG
Layer height (mm) 0.1-0.3
Infill density (%) 10-100
Nozzle temperature (°C) 190 - 260
Bed temperature (°C) 25-110
Print speed (mm/s) 30-90
Print duration (min) 18 — 420
Total energy consumption (Wh) 45 -310
Power sampling rate 1Hz
Static features 12
Time-series input Power signal (Tx1)

Source: Authors, (2026).
I11. METHODOLOGY

This section gives the methodological framework that will be used in energy consumption prediction during fused deposition
modeling (FDM) 3D printing. The methodology suggested is a combination of highly developed data preprocessing, feature
engineering and a stronger hybrid deep learning model that is aimed at modelling the temporal power dynamics and the characteristics
of the processes at rest.

111.1 PREPROCESSING AND FEATURE ENGINEERING OF DATA

Raw power consumption records with a 1 Hz sampling rate were initially synchronized with printer control logs by aligning
the timestamps. The less than 2% of the total samples that were missing were interpolated by linear interpolation to maintain the
continuity in time. The integrity of the dataset was preserved by excluding abnormal print jobs resulting either because of premature
termination or hardware errors. Power signals were segmented into job-level time series, each corresponding to a complete print cycle.
To facilitate stable neural network training, power values were normalized using z-score normalization. Static printing parameters,
including layer height, infill density, nozzle temperature, bed temperature, print speed, and material type, were scaled using min-max
normalization. Categorical variables were encoded using one-hot encoding. Additional engineered features were derived to enhance
predictive capability. These included estimated material volume, print duration, and a toolpath complexity index computed from slicing
data. The final feature set consisted of a univariate power time series and 12 static input features.

111.2 PROBLEM FORMULATION FOR ENERGY CONSUMPTION FORECASTING

The energy forecasting task was formulated as a supervised regression problem. Given a power consumption time series
P(t)P(t)P(t) and a static feature vector XXX, the objective was to predict the total electrical energy consumption EEE of a print job.
Energy consumption was computed as the time integral of the power signal. The model was trained to minimize prediction error
between estimated and measured energy values across diverse printing conditions.
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1.3 HYBRID DEEP LEARNING MODEL ARCHITECTURE

An enhanced hybrid deep learning architecture was developed to capture both short-term power fluctuations and long-term
temporal dependencies while incorporating static process information. The architecture integrates convolutional neural networks
(CNNSs), an attention-enhanced long short-term memory (LSTM) network, and a gradient boosting decision tree (GBDT) regression
layer.

Static Features
(12)

Power Time
oy Series
W (1) W

ConviD:
32 filters
Kernel =3

Conv1D:

Attention
LSTM
128 Units

Energy (Wh)

Figure 2: Architecture of the proposed CNN-attention—-LSTM-GBDT model.
Source: Authors, (2026).

The figure illustrates a left-to-right data flow starting from a power time-series input processed by stacked CNN layers,
followed by an attention-based LSTM module. The extracted temporal features are fused with static printing parameters and passed to a
GBDT regressor that outputs total energy consumption in watt-hours.

111.3.1 CNN-Based Temporal Feature Extraction

The CNN module consists of two one-dimensional convolutional layers with 32 and 64 filters, respectively. These layers
extract local temporal patterns from power signals, such as transient peaks during heating and extrusion. Rectified linear unit activations
and max-pooling layers were employed to enhance feature robustness and reduce dimensionality.

111.3.2 Attention-Enhanced LSTM for Long-Term Dependencies

The output of the CNN module was fed into an LSTM layer with 128 hidden units. An attention mechanism was integrated to
allow the model to assign higher importance to energy-intensive printing intervals. This mechanism improved the representation of
phase-dependent energy behavior by weighting relevant time steps more heavily.

111.3.3 Static Feature Fusion and GBDT Regression Layer

Temporal features extracted by the CNN-LSTM pipeline were concatenated with static process features before being passed to
a GBDT regression layer. The GBDT component modeled nonlinear interactions between features and reduced residual prediction
errors, improving generalization performance.

111.4 PERFORMANCE COMPARISON BASELINE MODELS

There were a number of baseline models applied in benchmarking, such as linear regression, random forest regression,
standalone LSTM, and CNN-LSTM without attention or GBDT fusion. The data were split in such a way that all the models were
trained and tested on the same data to fairly compare them.

111.5 HYPERPARAMETER OPTIMIZATION AND MODEL TRAINING STRATEGY

The Adam optimizer was used to train models with early stopping based on validation loss. Bayesian optimization was used to
optimize hyperparameters like learning rate, number of filters, number of LSTM units and GBDT depth. The data was divided into
training (70 percent), validation (15 percent) and test (15 percent) data.

111.6 METRICS AND STATISTICAL VALIDATION OF EVALUATION

Mean absolute error (MAE), root mean square error (RMSE), mean absolute percentage error (MAPE), and coefficient of
determination (R 2 ) were used as models of performance evaluation. Paired t-tests were used to evaluate the performance differences at
95% level of significance.

IV. RESULTS AND DISCUSSIONS

The present section provides the experimental results that were achieved in the framework of the proposed hybrid deep
learning model and compare its performance with the baseline approaches. The overall performance of the energy forecasting is
presented in hybrid model that was improved, obtained the best predictive accuracy in all the evaluation metrics in the test data.
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Table 2: Overall performance metrics (MAE, RMSE, MAPE, R?) for all models.

Model MAE (Wh) | RMSE (Wh) | MAPE (%) | R?
Linear Regression 9.82 12.45 14.7 0.71
Random Forest 6.91 8.96 10.2 0.86
LSTM 5.68 7.42 8.4 0.91
CNN-LSTM 5.41 7.16 7.9 0.93
Enhanced Hybrid (CNN-Atth—-LSTM-GBDT) | 4.12 5.87 6.1 0.964

Source: Authors, (2026).

It is indicated in the table that the proposed model had the best MAE of 4.12 Wh, RMSE of 5.87 Wh, MAPE of 6.1 percent
and R 2 of 0.964, which was better than the other baseline models. The hybrid deep learning model was always expected to perform
better than the traditional machine learning and single deep learning models.

Figure 3: Baseline and proposed model predicted energy consumption and actual energy consumption.
Source: Authors, (2026).

The figure shows scatter plots of the predicted and actual energy values, and it is seen that the proposed model has a tight
clustering around the diagonal reference line.

Table 3: Relative performance improvement of the proposed model over baselines.

Baseline Model | RMSE Reduction (%) | MAE Reduction (%) | R? Improvement
Linear Regression | 52.9 58.1 +0.254
Random Forest 345 40.4 +0.104

LSTM 20.9 27.5 +0.054
CNN-LSTM 18.0 23.8 +0.034

Source: Authors, (2026).
IV.1 MODEL COMPONENTS ABLATION STUDY

Ablution experiment was carried out in order to determine the role of a single architectural element.

7.16

RMSE (Wh)

A+Attention +Feature Fusion

Model Configuration

CNN+LSTM

Figure 4: Effects of attention mechanism and feature fusion on RMSE.
Source: Authors, (2026).
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There is a gradual decrease in error, which is shown by the bar chart as attention, fusion of features, and various components of
GBDT are incorporated.
Table 4: Quantitative ablation study results.

Model Variant MAE (Wh) | RMSE (Wh) | R?
CNN-LSTM (base) 5.41 7.16 0.93
+ Attention 4.89 6.47 0.947
+ Static Feature Fusion | 4.55 6.05 0.955
Full Model (+GBDT) | 4.12 5.87 0.964

Source: Authors, (2026).
The table supports the fact that the full model has the lowest RMSE and the highest R 2.
IV.2 INTERPRETATION OF PHASES OF PRINTING

The analysis of the stages by phases showed that prediction accuracy was different in different periods of the printing process.

Cooling 5.1 Wh

Printing
Phase

\3,'4 :

Mean Absolute Error (Wh)

Figure 5: During warm-up, extrusion and cooling phases, accuracy of energy consumption forecasting.
Source: Authors, (2026).

As indicated in the figure, the lowest prediction error is experienced in extrusion phases.

Table 5: Phase-wise forecasting errors for different models.

Printing Phase Metric LSTM | CNN-LSTM | Enhanced Hybrid
Warm-up MAE (Wh) | 7.1 6.6 6.2
Extrusion MAE (Wh) | 4.6 4.2 3.9
Cooling MAE (Wh) | 5.8 5.4 5.1

Source: Authors, (2026).
IV.3 MATERIALS AND PRINTERS GENERALIZATION

According to the table, the proposed model has a MAE of 3.9 Wh in extrusion. This model was found to have high
generalization in assessments of previously unknown combinations of printers and materials.

(L) Printer A
(] Printer B
0.98
095 (o4
0.96
2
Q
@
o094
o

0.92

090 |

I ARS

Material Type

Figure 6: Simulated work on invisible combinations of printers and materials.
Source: Authors, (2026).
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The grouped bar chart shows that there is a steady value of R 2 that is greater than 0.93 in all materials and printers.

Table 6: Cross-material and cross-printer generalization results.

Material | Printer | MAE (Wh) | RMSE (Wh) | R?

PLA Printer A | 4.05 5.72 0.96
PLA Printer B | 4.18 5.91 0.95
ABS Printer A | 4.44 6.12 0.94
ABS Printer B | 4.63 6.35 0.93
PETG Printer A | 4.21 5.88 0.95
PETG Printer B | 4.36 6.01 0.94

Source: Authors, (2026).

The table validates the consistent performance and the slightest degradation despite the circumstances that cannot be seen. The
findings suggest that the suggested hybrid deep learning model could be used to predict FDM 3D printing energy with high precision
and power. This capability facilitates planning of processes that are energy conscious, sustainable manufacturing, and integration into
intelligent manufacturing.

V. CONCLUSIONS

This study presented an enhanced hybrid deep learning framework for accurate energy consumption forecasting in fused
deposition modeling (FDM) 3D printing, addressing the growing need for energy-aware and sustainable additive manufacturing. By
integrating convolutional neural networks, attention-enhanced long short-term memory networks, static feature fusion, and gradient
boosting decision trees, the proposed approach effectively modeled both high-resolution temporal power dynamics and static process
parameters associated with FDM printing operations. Extensive experimental evaluation conducted on a dataset comprising 1,260 print
jobs demonstrated that the proposed model achieved superior predictive performance compared to conventional machine learning and
standalone deep learning approaches. The enhanced hybrid model achieved a mean absolute error of 4.12 Wh, a root mean square error
of 5.87 Wh, and a coefficient of determination of 0.964, confirming its strong ability to explain variations in energy consumption across
diverse printing conditions. These results indicate that combining temporal deep learning with ensemble regression provides a robust
solution for complex energy prediction tasks in additive manufacturing environments. The ablation analysis further validated the
contribution of individual architectural components. The inclusion of an attention mechanism significantly improved the model’s ability
to focus on energy-intensive printing phases, while the fusion of static process features enhanced predictive stability. The addition of
the gradient boosting decision tree regression layer effectively captured nonlinear interactions among extracted features, resulting in
reduced residual errors and improved generalization. Phase-wise analysis revealed that the proposed model achieved the lowest
prediction error during the extrusion phase, which represents the dominant contributor to overall energy consumption in FDM
processes.

Generalization experiments across different materials and printers demonstrated that the proposed framework maintains stable
performance under unseen conditions, with R2 values consistently exceeding 0.93. This robustness highlights the practical applicability
of the model in real-world manufacturing settings, where variability in machines, materials, and process parameters is unavoidable. The
ability to accurately forecast energy consumption prior to printing enables manufacturers to compare alternative parameter settings,
schedule jobs more efficiently, and reduce operational energy costs without compromising part quality. Overall, this work demonstrates
that enhanced hybrid deep learning techniques offer a powerful and scalable approach for energy consumption forecasting in 3D
printing. The proposed methodology provides a foundation for future energy-aware optimization, real-time monitoring, and intelligent
control strategies in additive manufacturing systems, supporting the broader goals of sustainable and smart manufacturing. The results
obtained in this study demonstrate that accurate energy consumption forecasting in fused deposition modeling (FDM) requires
simultaneous consideration of both temporal power dynamics and static process characteristics. Traditional regression-based and single-
model machine learning approaches struggle to capture the strongly nonlinear and phase-dependent nature of FDM energy behavior.
The superior performance of the proposed hybrid framework highlights the importance of combining complementary modeling
paradigms rather than relying on a single predictive structure.

A key observation from the results is the significant contribution of temporal feature learning to prediction accuracy. The
convolutional neural network effectively captured short-term power fluctuations associated with heating cycles, extrusion onset, and
transient load variations, while the attention-enhanced LSTM successfully modeled long-term dependencies across the entire print
duration. The attention mechanism played a critical role by assigning higher importance to energy-intensive intervals, particularly
during sustained extrusion phases, which dominate total energy consumption. This selective focus explains the notable reduction in
prediction error compared to standard CNN-LSTM architectures without attention. The integration of static process features with
temporal representations further improved model stability and generalization. Parameters such as material type, layer height, infill
density, and temperature settings introduce systematic shifts in baseline energy demand that cannot be inferred from power signals
alone. By fusing these features, the model was able to contextualize temporal patterns within the physical and operational constraints of
the printing process. This fusion proved especially beneficial in cross-material and cross-printer evaluations, where consistent
performance was maintained despite variations in hardware and material properties. The gradient boosting decision tree regression layer
contributed additional gains by modeling higher-order nonlinear interactions among extracted features. Unlike purely neural
approaches, the ensemble-based regressor reduced residual errors and mitigated overfitting, resulting in improved robustness under
diverse operating conditions. The ablation study confirms that each architectural component provides a measurable and cumulative
benefit, reinforcing the value of hybridization in complex manufacturing prediction tasks.
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Phase-wise analysis offers further insight into the practical implications of the model. The lowest prediction errors were
observed during the extrusion phase, which is the most energy-dominant and operationally stable segment of the print cycle. Higher
errors during warm-up and cooling phases can be attributed to shorter durations and greater variability in transient power behavior.
These findings suggest that future work could incorporate phase-aware modeling or adaptive weighting strategies to further refine
prediction accuracy during transient stages. Overall, the study underscores that energy consumption in FDM 3D printing is governed by
intertwined temporal and parametric factors that demand advanced, interpretable, and generalizable modeling approaches. The proposed
hybrid deep learning framework not only achieves high predictive accuracy but also provides meaningful insights into energy-driving
mechanisms, supporting its applicability in energy-aware scheduling, parameter optimization, and sustainable additive manufacturing
practices.
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