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MOTIVATION & OBJECTIVE

RESEARCH OBJECT: VOLVO FME 42T 540 kWh

PHYSICS-INFORMED FEATURE SELECTION

MESOSCOPIC MODELLING SCALE

XAI FEAUTURE WEIGHTING

TIME-SERIES SEQUENCING

ENERGY CONSUMPTION FORECAST MODELS

Weight 18t
Permissible 
Weight

40t

Battery Weight 3t
Battery Size 540 kWh
Approx. Range 300 km
Power 490 kW

Three Volvo FME 42T have been in operation by the Nord-Spedition GmbH & Co. KG since
Juli 2023 and are monitored by the Volvo Connect System [5].

Predicting the energy consumption of battery-electric heavy-duty trucks plays a vital role in
successfully planning shipping routes.
ML prediction of energy consumption forecast for diesel trucks has shown promising results
[1], yet the research on electric trucks differ in two ways:
1. The driving range is way smaller (~300 km to ~1000 km) [2]
2. Data is scarce with few vehicles (GER: 190 out of ~134k trucks; 01.01.24) [3]
3. Smaller ranges and long charging times increase the pressure to reliably plan trips and

charging stops
Machine learning offers promising capabilities to accurately predict energy consumption
and help speed-up the integration of electric trucks [4].

Different modelling
scales can be used. The
micro-scale requires in-
depth data and is
computationally intense.
The macro-scale leads to
inaccurate results.
This study uses the
meso-scale which
divides the trip into
preferably homogeneous
recurrent sequences and
statistically
approximates properties
per segment available at
the point of prediction.

Physics-based modelling of vehicle forces allow to identify factors influencing energy
consumption. The main data source is Volvo Connect, in combination with OpenRouteService
[7] for road information, OpenWeatherMap [8] for temperature, air and wind information.
The data set consists of ~25 features, 445 trips for three vehicles.

(1) Technical specifications Volvo FME 42T[6]

(2) Modelling scales illustration [27]

Previous research in the field of vehicle energy consumption and solar energy generation
forecast have shown promising approaches. Siriu et al. [37] and Zhao et al. [38] used a
gradient-boosted random forest (XGBoost). Another approach are Long-Short-Term-Memory
Recurrent Neural Networks (RNN) with Autoencoder preprocessing. These algorithms are
especially suitable for time-series data and have been successfully utilized for solar energy
generation forecast as shown by Gensler et al.[39].
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(3) Estimating feature importance using SHAP values

(4) HDBSCAN clusters with noise; visualized using 
UMAP embedding

(5) Identified states during an exemplary trip 
compared to real historical driving speed

(6) Autoencoder visual explanation []

Methods from Explainable Artificial Intelligence (XAI) were used to explain the performance
of regression models. Dynamic features were weighted using Elastic Net [28] and Random
Forest [29] on a sliding window approach. The Elastic Net coefficients were compared with
SHAP values [30] of the tree-based model to identify the most influential factors.

Four different clustering techniques were compared to maximize the internal (Silhouette/
Davis-Bouldin / Calinski-Harabasz Index [31, 32, 33]) and external (Adjusted Rand Index
[34]) cluster stability. HDBSCAN [35] on UMAP [36] embedding showed the strongest result.

(7) Recurrent Neural Network [] 
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