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1. Introduction Cooling system circuit (coolant side only)
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Sl

External air flow

Oil pump absorbed power 3kW

Coolant pump absorbed power 1kW

Fan absorbed power 20W
(out of 15kW if fully engaged)
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1.2. Coolant temperature regulation

A

= How: Performed by controlling the coolant flow and |
temperature to achieve a high driveline overall efficiency. |- oo

Coolant temperature

Fan speed demand

- Fan controller regulation aims to maintain the coolant
temperature at a defined setpoint.

A 4

Fuel consumption Power/torque Emissions
reduction increase reduction
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1.3. Control and optimization systems

Overshoot

Reference Pl e Il u, Y
Reference ¢ )—— PID Controller-I
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Settling time

R J Plant

e Reactive Reference PID Controller-N

v

 Constraints

* MIMO
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1.3. Control and optimization systems
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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.

P
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4. Feature extraction

4.1. Toeplitz Inverse Covariance-based Clustering (TICC)

Cluster: A B C B
= (Clustering of high dimensional and temporal

thermal impact data

=  Simple and robust configuration: §
)
e (k,w,A,B) A
sparsity log likelihood  temporal consistency
K ———
argmin ) | |20 ©ill+ > |-00X.©)+ FL{Xi-1 ¢ Pi)
0cT.P =51 X, €P;

(1)

= Human interpretable cluster definition

= Extraction of outputs as nonlinear “distances”

, Cluster A Cluster B
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
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4.2. Human-Interpretable Feature Extraction

Figure 6 —- Human-interpretable feature extraction method.

Clusters
Multivariate time

Algorithm 1 Extract the Feature Space series ‘\\

1: given X = time series of 71" sequential observations, p; = [ \ Feature
i-th cluster’s empirical mean, ©; = i-th cluster’s inverse s '\ space
covariance matrix. ~..:~:\ 1

2: initialize LL = list of K zeros. )

3: fori=1,...,K do n-{ ,\/\ iy

4: X=X — . -7 .

5: LD = log(det(©,)) * *

6: LLI]I=x"®(©; ®x)+LD -,

7: return LL L ,

Source: Own Authorship. . ~ J ',f'
T
- — )
w

Source: Own Authorship.
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4.3. NARX and DA-RNN

— T — ht-l dtl—l
I I
! ! . _ h
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L/U > €t + (L - @ ar " X;
; ; _ thy : ld,
2 : . : : h .
. L 5 2 Xt 2 2 : ‘h :
. x2 —. . e . . a; -x -
W-\! Input t t ® t t 3 1" llh Temporal] . . ht td -1
: : Attn _ _ _ — X, X, —|LSTM Attn If By (H—sCt_1—= | LSTM|e—Y; 1
; : : g : : : !'h: hr d,
AN g n Gaids n | thr Ldr.
. : —_— . 2 (4 * ay "Xi - i
t t &r—[LsTM)—4 J— 1T — | —BF: Cr—1—[LSTM}—yr_,
:
- . _ Vr
Driving sr.ji:les Iflput Softmax New input Encoder  lemporal Softmax Decoder
of length 7 attention Layer at time { attention Layer

(a) Input Attention Mechanism (b) Temporal Attention Mechanism

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:

1 -
MAE = 5 3V, |yi - 9
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4 4 Figure 12 - Outputs of the TICC visualization algorithm.,
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Source: Own Authorship.

Vehicle Speed

Transmission Gear

Engine Speed

Road Inclination 90%

0,
Fan Speed S0%

0,
Coolant Temperature 10%

Table 3 — Importance matrix.

Clusters Acc. Spd. Gear Eng. Spd. Road Incl. Fan Spd. Cool. Temp.
#1 84.033 0 0 255.55 41.516 137.506 39.396
#2 42.671 0 0 256.497 28.174 47.543 19.115
#3 50.503 | 67.539 | 39.996 179.106 53.944 63.774 43.138
#4 41.107 | 32.725 | 27.268 130.192 30.645 46.96 20.102

Source: Own Authorship.
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4 . 4 . EV al u at| on Figure 7 — Custom and derived DA-RNN architectures.
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44 ] Figure 13 - Error x prediction window curve of all evaluation models for the (a) MAE metric and (b) RMSE metric.
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Table 4 — Evaluation results.
Metrics - Models :
Custom 1 Derived 1 Custom 2 Derived 2
Number of Param. 3427 3169 7118 7106
MAE 0.0143 0.0137 0.0135 0.0133
Accuracy
RMSE 0.0103 0.0141 0.00475 0.0139

Source: Own Authorship.
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5. Model Predictive Controller (MPC)

= How: An ML model maps past coolant = Achievements: Regulation accuracy
temperature and thermal impact variables to a improvements due to a better knowledge of the
future horizon of fan speeds. cooling temperature response system:
- Data-driven model design, model-based » Potential fuel economy improvements

clustering and RL labeling strategies.

Physical Signals
from Sensors
Optimized
Engine
Cooling

Processed
Data I T

Heavy-Duty Vehicle Machine Learning Diesel Engine
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|
Figure 8 — Proposed MPC method.

5.1. Method and Strategies

Real-time inference at time 7 o f‘ff_l_(t_*_’f) _____
r(t=dlt—n) 7~(t+l<:|t)l ’ Controller (:Hk't)
= Main strategies: o2t —dlt ), .., wi(¢—dlt—n)] | Foreeasting S T
__________________________________ Optimized _
| Offline labeling and training weifhts E
: : : Training ! :
« Forecasting: Predicts coolant temperature ; Reward  pot
and thermal impact states. I R Accurtulated ;
\ | Optimizer @ ] Plant |
1 |
. . , State :
« Controller: Predicts a horizon of fan speed oo
A C
demands. |
Setpoint Predicted outputs  y(t+k|t)

___________________________________

Optimized inputs  u(t+k|t)

« Offline Labeling and training: Provides
optimized fan speed demands for the
controller training

t t+N,

" Past Future

\
\ 4

Source: Own Authorship.
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5.2. Offline Reinforcement Learning (RL) Labeling

Figure 10 — Visual representations of the action space.

Gain

Figure 9 — RL labeling model.
= State space: Reward system Upper bound

v
St — [Uts Yt, LL, Pt, Ps] R(Rt — {1, 2, o T} (2) Figure 15 — Initial action composition.

R _
v | N

= [ Action COABgDO S ition: A (Action) Environment

> . . ()und
(Reinforcement learning controller) (Target series predictor) Uppet 0 Tnitial action
A A I Past agent composition

Table 2 — Action setting. ' states

y

ID Description Summary

#1 Increase the fan speed +k Lower bound

#2 Decrease the fan speed -k

#3 Move forward 2 positions +2p : o
P sa | Move back 2 positions -2p OL JT“ Position
E #5 Move forward 1 position and increase the fan speed +p +k T

#6 Move forward 1 position and decrease the fan speed +p—k Action horizon

#7 Move back 1 position and increase the fan speed -p+k Source: Own Authorship.

#3 Move back 1 position and decrease the fan speed -p—k PLom—y8 P4 T P67 Position

+2p +p +2p

Source: Own Authorship. (b) Strat 1
rategy example

Source: Own Authorship. Source: Own authorship.
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Algorithm 2 - Optimize the fan actuation and extract the labels

5.2. Offline Reinforcement Learning (RL) Labeling

baseError = MSE(Y;[Ps..... 7). Y[Ps.....7c])
fort=1,...,T do

Ui, Py = DONAgentinference(S; reward)

Y, = DNN EnvironmentInference(X;, U;)

S = [UthLLePhPS]

| Reward : currentError = MSE(Y, [Py, ..., .Y [Ps..... 7.])

proximityScore = (currentError — (2 = baseError)) # (2 # rypax) .,
) ' (goalError — (2« baseError)) max

. . reward =0
« Function as a regression problem (MSE) Whill s < milestone < s do
if milestone = 0 then
. . . . . if proximityScore = (r_list|milestone] + d) then
« Cumulative distribution of reward and penalties reward = r_list]1
milestone + +
else if proximityScore < (r_list[milestone] — d) then
reward —= r_list[1]
milestone — —
else
. . break
u Labellng. end if
Ise
. ‘ S(;f proximityScore = (—r_list[—milestone] + d) then
« Learned through exploration reward +=r_lis{1]
else if proximityScore < (—r_list|—milestone| — d) then

- - - . . reward —= r_list|1
« Optimally achieved with exploitation revard el
else
break
end if
end if
end while
if milestone > oldMilestone then
oldMilestone = milestone
L; = GetLabel(X;.U;)
end if
end for
return L;

Source: Own Authorship.

— =

JOAO EDUARDO HOFFMANN | GSA | VOLVO GROUP 20/12/2022 CRUPO DE SISTEMAS
AUTOMOTIVOS




5.2. Offline Reinforcement Learning (RL) Labeling

') (‘ ') "I" Q = |£ x=20,26 y=59.839

Figure 21 — Reward evolution of the labeling model.
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5.3. Models and Architectures

= Forecasting:
« Parellel prediction of the target and thermal impact series

« Custom DA-RNN (Sequential attention)

Figure 11 — Internal structure.

. R R Action feedback
= Controller: ' Forecasting :
. : A4
 Inspired by the RL agent , Target horizon
' —» Target series —>»| Controller -
e T lati del ; ¢ ! Regulation
rfansiation moae L Past ) Encoder : /) action
E values E Clustered
; »  Driving series ) ' environment
: Latent space :
Source: Own Authorship.
ﬁ
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5 . 3 . MO d eI S an d ArC h |teCtu res Figure 13 — Controller architecture.
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| |
5 . 4 . Tr al n I n g an d TeS t I n g Figure 20 - Single-class performance of the driving series forecasting model.

Figure 19 — Accuracy of the target series forecasting and environment models.
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O 4
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0.010 A

0.005 ~

1 (b) Prediction
0.000 - ,
Target forec. RL environment Source: Own authorship.
Model o ) )
Table 6 — Accuracy of the driving series forecasting model.
Source: Own Authorship. Multi-class Single-class
MAE RMSE PCP (%)
0.2391 0.3892 93.9

Source: Own Authorship.
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5.4. Training and Testing

= Complete controller solution:

« Multiple runs with a progressive time evolution;

» Performance metrics: Figure 22 — Results of the MPC solution.

- Fan usage; —— Actual L551[—= Actual
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Source: Own authorship.
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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.

P
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6. Physical Evaluation

Algorithm 4 — Execute the controller inference

Given Sj;;; = sample from the data acquisition process, f; = sampling time.
1 while | do

= Evaluation al gorlth m: " Figure 16 — Configured ATI VISION screen for visualization.

s
3 stripchart Recorder [Stripchart Recordert31] =0 EEh =) ERIERES

Filtered vehicle acceleration
Filtered vehicle acceleration

« Multiprocessing and threading;

‘Dew:e| Name Value | Unrt5| HexVal
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1 . L[ r]\Page1 / < »
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[Device | Name [ wvawe  Unif Hexval [Descr
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.. . . . 5 M EMS2 cs_FORCED_FSP | €08.80F |rpm 0x...¥ [DOD
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= ATI Vision visualization tool: : B o T (oo L O
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Source: Own Authorship.
13 end while

Source: Own Authorship.
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6. Physical Evaluation

Figure 23 — Results of the extraction of reliable samples.

(a) Clustered sequences

(b) Reliable and inconsistent subsets
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Source: Own authorship.
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6. Physical Evaluation

Figure 24 — Regulation performance of the MPC and PID solutions.
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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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