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1. Introduction
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1.2. Coolant temperature regulation

▪ How: Performed by controlling the coolant flow and 

temperature to achieve a high driveline overall efficiency.

• Fan controller regulation aims to maintain the coolant 

temperature at a defined setpoint.
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1.3. Control and optimization systems 

• Constraints

• MIMO

• Reactive

Overshoot

Settling time
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1.3. Control and optimization systems 

• Heavy process

• Constraints

• Improved accuracy
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1.4. Feature extraction

▪ Extraction of relevant patterns;

▪ Reduction to the appropriate dimension:

• PCA, LDA, clustering.

▪ Maintenance of sequential relevance:

• Graph-based clustering.

▪ Dynamic and visually supervised 

optimization (Human-interpretability):

• TICC.
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2. Justification

▪ Although classic control systems present light and fast control processes, their regulation

accuracy and complexity are negatively affected as proportional to the dimension of a given

dynamic system.

▪ Such is the case of the vehicle and thermal dynamics systems, impacted by multiple internal

and external factors that present a high-dimensional correlation towards different thermal

rejection states for the vehicle’s engine.

▪ Advances in ML and intelligent systems have shown that system identification,

dimensionality reduction and optimizations can be achieved for highly non-linear systems

while establishing high-level settings for a regulation objective.
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3. Objectives

▪ The main objective of this work is to assess an MPC system proposition for 

the thermal regulation of the cooling system.

▪ The project targets 3 specific objectives to accomplish this goal:

• Define the methods and strategies for the control and optimization systems;

• Design and develop the ML models and architectures;

• Evaluate the MPC system.
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4. Feature extraction

▪ Clustering of high dimensional and temporal 

thermal impact data

▪ Simple and robust configuration:

• (k , w , λ , β)

▪ Human interpretable cluster definition

▪ Extraction of outputs as nonlinear “distances” 

to each defined cluster
D. Hallac, S. Vare, S. P. Boyd, and J. Leskovec, “Toeplitz inverse covariance-based clustering of multivariate time 

series data,” CoRR, vol. abs/1706.03161, 2017. [Online]. Available: http://arxiv.org/abs/1706.03161

4.1. Toeplitz Inverse Covariance-based Clustering (TICC)
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4.2. Human-Interpretable Feature Extraction
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4.3. NARX and DA-RNN

Y. Qin, D. Song, H. Chen, W. Cheng, G. Jiang, and G. W. Cottrell, “A dual-stage attention-based recurrent neural 

network for time series prediction,” CoRR, vol. abs/1704.02971, 2017. [Online]. Available: http://arxiv.org/abs/1704.02971
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4.4. Evaluation

▪ Comparison between accuracy and number of parameters of: 

• Derived: ML model with the proposed feature space as input

• Custom: ML model with the original multivariate time series as input

▪ Accuracy metrics:
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4.4.

14
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4.4. Evaluation
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4.4.
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5. Model Predictive Controller (MPC)

▪ How: An ML model maps past coolant 

temperature and thermal impact variables to a 

future horizon of fan speeds.

• Data-driven model design, model-based 

clustering and RL labeling strategies.

Physical Signals 

from Sensors

Machine Learning

Optimized 

Engine 

Cooling

Heavy-Duty Vehicle Diesel Engine

Processed 

Data

▪ Achievements: Regulation accuracy 

improvements due to a better knowledge of the 

cooling temperature response system:

• Potential fuel economy improvements
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5.1. Method and Strategies

▪ Main strategies:

• Forecasting: Predicts coolant temperature 

and thermal impact states.

• Controller: Predicts a horizon of fan speed 

demands.

• Offline Labeling and training: Provides 

optimized fan speed demands for the 

controller training
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5.2. Offline Reinforcement Learning (RL) Labeling

▪ State space:

▪ Action composition:

(2)
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5.2. Offline Reinforcement Learning (RL) Labeling

▪ Reward:

• Function as a regression problem (MSE)

• Cumulative distribution of reward and penalties

▪ Labeling:

• Learned through exploration

• Optimally achieved with exploitation
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5.2. Offline Reinforcement Learning (RL) Labeling

ExplorationExploitation
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5.3. Models and Architectures

▪ Forecasting:

• Parellel prediction of the target and thermal impact series

• Custom DA-RNN (Sequential attention)

▪ Controller:

• Inspired by the RL agent

• Translation model
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5.3. Models and Architectures
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5.4. Training and Testing
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5.4. Training and Testing

▪ Complete controller solution:

• Multiple runs with a progressive time evolution;

• Performance metrics:

˗ Fan usage;

˗ RMSE.
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6. Physical Evaluation

▪ Evaluation method: 

• Comparison between truck runs with intercallated controller actuations;

• Route and conditions similar to the training and testing samples with a fixed driver control behavior 

(35 km/h | avoidance of gear changes).

• Positional comparisons;

▪ Metrics: Fuel consumption and fan usage. 

▪ How: Python/ATI VISION integration for the acquisition, controller execution and impostion of the values 

of interest. 

▪ Evaluation samples selection: 

• Selection over similar external conditions (6 samples);

• Removal of inconsistent samples with TICC by defining a clustered environment that associates 

samples with similar internal and external impacts in the coolant temperature.
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6. Physical Evaluation

 Evaluation algorithm:

• Multiprocessing and threading;

• Acquisition; 

• Controller execution;

• Imposition;

• Data logging;

▪ ATI Vision visualization tool:
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6. Physical Evaluation



20/12/2022 29JOÃO EDUARDO HOFFMANN | GSA | VOLVO GROUP

6. Physical Evaluation

-0.61% -1.53%
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7. Conclusion

▪ Application of supervised and semi-supervised ML strategies:

• Improvements in the processed knowledge over the plant, reference and controlled signals;

• Addressing of processing time concerns with the generation of low-dimensional feature spaces.

• Multi-agent solution, where different cooling agents will be controlled while performing an individual 
and collective exploration of a new simulation environment;

▪ Controller evaluation results:

• Average fan usage reduction of 1.439%, with remote plant simulations, and 1.53%, as resulted of 
the physical evaluation, when compared to the PID solution;

• Average fuel consumption reduction of 0.63%;

• Consequence of the predictive actuation of the proposed controller, learning without the 
specification of a range for actuation and generating a non-linear demand of fan speeds as 
proportional to a foreseen thermal rejection states.

▪ Additionally, considerations for different metrics of interest, in the conception of an optimization system, 
would generate improvements and a more consistent thermal regulation towards fuel efficiency.
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8. Next Steps

▪ Design and development of a new controller version:

• New input treatment model for the controller and RL agent, containing the input of different vehicle 

characteristics relative to the thermal objective (scalable to multiple configurations);

• Developed into an embedded system, involving production scale concerns;

• Multi-agent solution, where different cooling agents will be controlled while performing an individual 

and collective exploration of a new simulation environment;

• Inner multi-agent setting, for each cooling agent, with a new decision-making system.

▪ The remote and physical tests and evaluations will be enhanced for multiple vehicle 

configurations and engine load conditions, according to the new achievements of a new 

version.
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