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Abstract: Vehicular technology has integrated many features in the system, which enhances the
safety and comfort of the user. Among these features, heating, ventilation, and air conditioning
(HVAC) is the only feature that maintains the set cabin air temperature (CAT). The user’s command
drives the set CAT, and the thermostat provides feedback to the HVAC to maintain the set CAT. The
CAT is increased by extracting the heat from the engine surface produced by the fuel combustion,
whereas the CAT is reduced by the known processes of the air conditioning system (ACS). Therefore,
the CAT driven by the user’s command may not be optimal, and estimating the optimal CAT is still
unsolved. In this work, we propose a new process where the user can input a range for CAT instead
of a single value. Optimal HVAC criteria were defined, and the CAT was estimated by performing
iterative analysis in the user-selected range satisfying the criteria. The HVAC criteria were defined
based on two measurable parameters: air conditioning refrigerant fluid pressure (ACRFP) and engine
surface temperature (EST) empirically defined as the vector CATOP. In this article, a NARX DL
model was used by mapping the vehicle-level vectors (VLV) to predict the CATOP in real-time
using field data obtained from a 2020 Cadillac CT5 test vehicle. Utilising the DL model, CATOP
for future time steps was predicted by varying the CAT in the definite range and applying HVAC
criteria. Thus, an optimal set CAT was estimated, corresponding to the optimal CATOP defined
by the HVAC criteria. We performed the validation of the DL model for multiple datasets using
traditional statistical techniques, namely, signal-to-noise ratio (SNR) values, first-order derivatives
(FOD), and root-mean-square error (RMSE).

Keywords: deep learning; HVAC; cabin air temperature; driver behaviour; NARX

1. Introduction

The automotive industry’s evolution has influenced every engineering aspect, in-
cluding materials science, thermal engineering, and control theory [1]. In an internal
combustion engine-driven vehicle, the thermal energy produced by the combustion pro-
cess is exchanged between the ambiance, engine components, HVAC, lubrication oil, and
coolant [2]. HVAC is the only module integrated into the vehicle functions to maintain the
CAT set by the user, and in this article, we propose a novel methodology to predict the set
CAT. It is known from the existing literature that the CAT is reduced by the ACS [3] and
increased by extracting heat from the engine surface, as shown in Figure 1 [4,5].

Ref. [6] adopted an adaptive control technique to alter the functioning of the ACS based
on environmental conditions and driver behaviour. This method produced simulation
results that project 1% more energy-saving than the conventional fuzzy logic control used
by [7]. The fuzzy logic control developed in [7] contained an iterative analysis of CAT and
the ACS compressor load to evaluate the system’s performance, including reduced energy
consumption [7]. Ref. [8] developed an ACS to produce a desirable CAT and maintain the
air quality in conjunction with the engine controller by activating cruise control. Refs. [9,10]
investigated the parameters of the mass flow rate of the air by dynamically adjusting
the blower speed and air-gates opening under various thermal loads, which resulted in
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reduced energy consumption. Ref. [11] developed a heat balance method for estimating
the thermal load encountered by the cabin using a predictive model mapping the driving
conditions. This method could potentially predict thermal comfort in real-time and thus
reduce the power consumption of the ACS. Finally, Ref. [12] developed an optimised
control model for three stages to enhance the efficiency of the ACS. These stages include
optimising the ACS operating point based on the control inputs and relevant actuators.
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All the models developed to optimise the HVAC system have automated functionality
developed by engineers and do not involve the user’s input. The user’s input in real-time
is defined as DBV consisting of the elements (Speeding, Steering, CAT). Ref. [13] proposed
a novel methodology to predict Speed, and in this article, we propose to predict CAT
utilising similar concepts. Also, none of the existing literature proposed a model that can
generate a unique CAT driven by the user’s command to augment the HVAC efficiency. In
this article, we propose a method to predict the CAT profile in a definite range defined by
the user (e.g., [65 70] ◦F or [70 75] ◦F), analogous to [13].

Inspired by the research [13,14], a similar NARX DL model was developed, mapping
the elements VLV— [Odometer, DBV, EAT] and CATOP—EST and ACRFP (HVAC). CATOP
is an empirical parameter defined to represent the HVAC elements, and optimal HVAC
criteria are defined and applied to the predicted CATOP in real-time. We estimated a
unique CAT value by the interactive analysis, and the detailed procedure adopted is shown
in the following sections. The rest of the article is organised as follows: Sections 2 and 4
propose predicting CATOP and CAT, whereas Section 3 defines the optimal HVAC criteria
applied to the CATOP to generate an optimal CAT profile. In Section 5, the detailed results
of the predictive model and experimental techniques are presented.

2. Predictive Model—CATOP

We discuss the NARX DL model elements to predict CATOP—ACRFP and EST in
this section.

2.1. Modelling

The NARX DL model is developed mapping the VLV—(Time step, Odometer, DBV,
EAT) and CATOP— (EST, ACRFP) (Figure 2) with default training properties [14]. The
DBV is defined with five parameters (Speed, LOT, LAT, YAR, CAT), which are the user’s
prerogative in real-time [15]. The parameters EAT and CAT influence thermal stress on
the engine [16], whereas the odometer reading reflects the age of the vehicle. This article
does not consider the remaining VLV elements (vehicle posture [17], aerodynamics, tire
pressure) as their effects are assumed to be insignificant. Also, the orientation of the RRC
vector is insignificant for the analysis; thus, positive values of LAT and YAR are considered
in developing the DL models. The purpose of selecting EST and ACRFP as outputs and
methodology to develop the DL models are discussed in Section 3 [18] and Section 5.2.
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3. Optimal CATOP Criteria

In the existing literature, researchers optimised the HVAC system by applying the
constraint of fuel economy [19]. However, the experimental results reflect the fuel saved
per trip being <2%, and none of the techniques had involved the parameter CAT (◦F).
Deviating from the traditional concept of optimising fuel economy, based on the real-time
data retrieved (Section 5.1), two parameters, EST (◦F) and ACRFP (PSI), that reflect HVAC
performance were identified. EST (◦F) is maintained in a specific range to achieve optimal
thermal stress on the engine by transferring heat to four main elements—engine oil, cabin,
coolant/radiator, and external ambience [20].

Similarly, the ACS functionality is affected by multiple parameters, including com-
pressor load, engine fan speed, and power consumed. However, by analysing the real-time
test data (Section 5.1), we conclude that variations of these parameters were insignificant
due to changes in CAT (◦F). Hence, we considered ACRFP (PSI) as the CATOP element,
which showed substantial fluctuations by varying EAT (◦F) and CAT (◦F).

3.1. CATOP Element—EST

It is known from the existing literature that optimal thermal stress on the engine
components and ideal engine oil viscosity is achieved when EST = 90 ◦C (194 ◦F) [21].
Hence, the conformance between the predicted EST (ESTp) and ideal EST (ESTi = 90 ◦C)
must be minimal for optimal HVAC functionality. The real-time test data depict that EST
(◦F) recorded was observed in the range of [165 220] ◦F.

Hence, we define two empirical parameters [A1 A2] to split the scenarios representing
the cases when the predicted EST (ESTp) > 90 ◦C and < 90 ◦C. The parameters [A1 A2] are
plotted for the snippet of the test case (1 km), and the area under the curve is evaluated
[Area_A1, Area_A2]. Hence, the minimum value of the parameters [Area_A1, Area_A2] is
considered the criteria for the element EST (◦F).

A1 =
(
ESTp − ESTi

)
, i f ESTp > ESTi = 90 ◦C.

A1 = 0, i f ESTp < ESTi = 90 ◦C = 194 ◦F.

A2 =
(
ESTi − ESTp

)
, i f ESTp ≤ ESTi = 90 ◦C.

A2 = 0, i f ESTp ≥ ESTi = 90 ◦C = 194 ◦F.

3.2. CATOP Element—ACRFP

The ACS of the test vehicle was assumed to function with the refrigerant R134a. The
ideal functioning of the ACS was defined by correlating the upper boundary limits of the
ACRFP for the corresponding EAT (◦F) [22]. We show these values in Figure 3 and Table S2,
and the intermittent higher boundary values of ACRFP (PSI) for EAT (◦F) in the range
[65 110] ◦F could be estimated by basic linear interpolation. Hence, an empirical parameter
B (PSI) is defined, representing the conformance of the predicted ACRFPp and threshold
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ACRFPh. The threshold ACRFPh is estimated by correlating the recorded EAT using the
plot shown in Figure 3. In a generic case, this value is significant when EAT < 65 ◦F.

B =
(

ACRFPp − ACRFPh
)
, i f ACRFPp > ACRFPh

B = 0, i f ACRFPp ≤ ACRFPh or EAT < 65 ◦F

Similar to the previous criteria, parameter B is plotted for the test case snippet, and
Area_B represents the area under curve B. Therefore, minimum Area_B was considered the
optimal HVAC criteria corresponding to the element ACRFP (PSI).
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3.3. Smoothness Measure—EST and ACRFP

In this research, we developed the CATOP conformance vector Area = [Area_A1,
Area_A2, Area_B] plots for the test case snippets 100 steps (1 step = 10 m). Along with the
area under the curve, we considered the smoothness measure (S) for the plots [A1 A2 B] as
the third optimal HVAC criterion. The spline fit was embedded into the curves [A1 A2 B]
using the built-in functions of MATLAB [13].

S =
[

R2, Adj R2, SSE, RMSE
]

The vector S represents the smoothness measure vector estimated using the traditional
statistical techniques R2/Adj R2 and SSE/RMSE. R2 is a statistical measure of how close the
data are to the fitted regression line, whereas Adj R2 is a modified version of R2 adjusted
for the number of predictors in the model, which is always lower than R2. SSE is the
residual sum of squares of the conformance between the predicted and fitted curve, and
the square root of the mean SSE represents RMSE. Higher values of R2/Adj R2 and lower
SSE/RMSE were considered a good fit for the curve [13]. R2/Adj R2 values range between
[0 1], representing the percentage of match, whereas SSE/RMSE have the same units of the
parameters. Therefore, the vector S is estimated individually for the plots [S_A1 S_A2 S_B]
by fitting a spline using the built-in toolboxes of MATLAB. The mathematical models of
vector S are not the scope of this article.

4. Prediction of CAT

In this research, we challenged the constant CAT (◦F) set by the user, and a novel
model to predict optimal CAT profile in a definite user-defined range was developed. The
default range of allowable CAT, [65 70] ◦F for EAT > 65 ◦F and [70 75] ◦F for EAT < 65 ◦F,
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are considered. In the following sections, we estimate the optimal CAT for future steps by
following the process shown in Figure 4 [13].
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4.1. Estimation of Future Inputs—NARX DL Model

Step 1: We estimated the future input states (VLVk+1) of the DL model relative to the
vehicle’s current state (VLVk) by the equation set shown in Table 1. The magnitude of the
odometer reading Ok+1(km) and timestep Tk+1(s) is estimated using basic interpolation,
and the vehicle’s speed Sk+1 = SL (MPH) since ACCSSP ≈ SL.

Table 1. Equation Set—Prediction of future input states.

Tk+1 = Tk + dT(s) Ok+1 = Ok + Sk.dT (km) EATk+1 = EATk (◦F) Sk+1 = Sk (MPH)

Lo(k+1) = gµr+ gsin(θ(k+1)g)) + ρCd .Ac
2.(Mc+ML)

·S2
k+1 (m·s−2)

2RRCk+1 =
S2

k+1
La(k+1)

+ Sk+1
Ya(k+1)

, min
[

abs
(

Ya(k+1)·Sk+1 − La(k+1)

)]
g = 9.81 m·s−2 µr= 0.013 ρ = 1.225 kg·m−3 Cd = 0.31 Ac = 1.71 m2

CATk+1 = [65 70] (◦F) or [70 75] (◦F) 2020 Cadillac CT5: Mc = 1769.69 kg, ML = 78.7 kg (Load)

The parameters YAR (Ya(k+1)) and LAT (La(k+1)) are estimated using the equations,
framed assuming ISB [23], whereas as LOT (Lo(k+1)) is calculated based on the vehicle
resistance as shown in Table 1. The vehicle is assumed to be integrated with infotainment
and connectivity features, which assist our work to retrieve the terrain parameters [RRCk+1,
θg(k+1)], along with EATk+1 based on the GPS location and infotainment maps (e.g., Super
and Ultra cruise features integrated into the Cadillac vehicle segment—GMC) [13].

We varied CATk+1(◦F) in a specific default range based on EATk+1(◦F). A sample set
of the future input states (VLVk+1) of the DL model for 100 steps are presented in Table 2.

4.2. Prediction of Outputs—NARX DL Model

Step 2: Six input sets (1 set = 1000 m) are developed by varying the CAT in the
user-defined range [65 70] ◦F, based on step 1. We fed the input sets into the NARX DL
model and predicted the corresponding output sets (CATOP vectors). We adopted a similar
procedure for the winter case scenario with CAT = [70 75] ◦F. The properties and precision
of the prediction of the DL model are discussed in Section 5.2.
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Table 2. Estimation of Future Inputs—DL Model, 2020 Cadillac CT5 (100 steps = 1000 m) [13].

Step Odometer
(km)

Speed
(MPH)

RRC
(m)

YAR
(rad·s−1)

LAT
(m·s−2)

LOT
(m·s−2)

EAT
(◦F)

CAT
(◦F)

D0 15,000 70 8304.140 0.216 0.1179 0.4375 78.5, 38.3 [65 70], [70 75]

dD10 15,000.1 70 8304.140 0.216 0.1179 0.375 78.5, 38.3 [65 70], [70 75]

dD20 15,000.2 70 8304.140 0.216 0.1179 0.3125 78.5, 38.3 [65 70], [70 75]

dD30 15,000.3 70 9342.157 0.192 0.1048 −0.125 78.5, 38.3 [65 70], [70 75]

dD40 15,000.4 70 24,912.42 0.072 0.0393 −0.1875 78.5, 38.3 [65 70], [70 75]

dD50 15,000.5 70 74,737.261 0.024 0.0131 −0.0625 78.5, 38.3 [65 70], [70 75]

dD60 15,000.6 70 74,737.261 0.024 0.0131 0.25 78.5, 38.3 [65 70], [70 75]

dD70 15,000.7 70 37,368.630 0.048 0.0262 0.25 78.5, 38.3 [65 70], [70 75]

dD80 15,000.8 70 24,912.420 0.072 0.0393 0.1875 78.5, 38.3 [65 70], [70 75]

dD90 15,000.9 70 24,912.420 0.072 0.0393 0.1875 78.5, 38.3 [65 70], [70 75]

D100 15,001 70 9342.157 0.192 0.1048 0.3125 78.5, 38.3 [65 70], [70 75]

4.3. Implementation—HVAC Criteria

Step 3: We determined the corresponding CATOP conformance vector [A1 A2 B] by
analysing the predicted output sets. The optimal HVAC criteria were applied, and we
estimated the performance vector [Area, R2, Adj R2, SSE, RMSE] for every set of outputs
(Table 3). Based on these values, we identified the top three CAT values, satisfying the
CATOP criteria for 100 m shown in Table 4. Therefore, we framed the CAT matrix for
1000 m for two scenarios, as shown in Table 5.

Table 3. Iterative Analysis—DL Model, 2020 Cadillac CT5 (10 steps = 100 m) [13].

CAT A1 A2 B
◦F Area R Adj R2 SSE RMSE Area R Adj R2 SSE RMSE Area R Adj R2 SSE RMSE

ACCSSP = 70 MPH; EAT = 78.75 ◦F

65 114.5 0.994 0.986 1.495 0.194 1931 0.998 0.994 61.03 1.242 2252 0.995 0.989 158.9 2.004

66 175.2 0.995 0.987 2.749 0.264 1994 0.998 0.994 64.36 1.275 2365 0.996 0.989 167.8 2.059

67 216.5 0.992 0.979 6.555 0.407 2020 0.998 0.994 67.47 1.306 2379 0.996 0.990 149.4 1.943

68 203.8 0.992 0.981 5.391 0.369 1872 0.997 0.993 67.63 1.307 2399 0.996 0.990 155.5 1.983

69 178.2 0.993 0.982 3.933 0.315 1688 0.997 0.993 52.16 1.148 2402 0.996 0.990 167.6 2.058

70 201.9 0.995 0.986 3.773 0.309 1612 0.998 0.994 44.56 1.061 2416 0.996 0.990 162.6 2.027

ACCSSP = 70 MPH; EAT = 38.3 ◦F

70 47.069 0.990 0.976 0.551 0.118 40.095 0.987 0.968 0.938 0.154 0.000 0.000 0.000 0.000 0.000

71 45.876 0.990 0.975 0.557 0.119 40.662 0.987 0.968 0.961 0.156 0.000 0.000 0.000 0.000 0.000

72 45.408 0.990 0.975 0.561 0.119 41.013 0.987 0.968 0.978 0.157 0.000 0.000 0.000 0.000 0.000

73 45.575 0.990 0.975 0.566 0.120 41.169 0.987 0.968 0.988 0.158 0.000 0.000 0.000 0.000 0.000

74 46.270 0.990 0.975 0.569 0.120 41.162 0.987 0.968 0.993 0.158 0.000 0.000 0.000 0.000 0.000

75 47.368 0.990 0.975 0.572 0.120 41.026 0.987 0.967 0.993 0.158 0.000 0.000 0.000 0.000 0.000
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Table 4. Eligible CAT Values: Iterative Analysis—Optimal CATOP. (10 steps = 100 m).

A1 A2 B

Area R Adj R2 SSE RMSE Area R Adj R2 SSE RMSE Area R Adj R2 SSE RMSE

ACCSSP = 70 MPH; EAT = 78.75 ◦F

65 66 66 65 65 70 66 66 70 70 70 67 67 67 67

66 70 70 66 66 69 65 65 69 69 69 68 68 68 68

69 65 65 70 70 68 67 67 65 65 68 70 70 65 65

ACCSSP = 70 MPH; EAT = 38.3 ◦F

72 70 70 70 70 70 71 71 70 70 70 70 70 70 70

73 71 71 71 71 71 70 70 71 71 71 71 71 71 71

71 72 72 72 72 72 72 72 72 72 72 72 72 72 72

Table 5. ACCSSP = 70 MPH: Optimal CAT Matrix—(100 steps = 1 km).

CAT Matrix

EAT = 78.75 (◦F) EAT = 38.3 (◦F)

dT1 dT2 dT3 dT4 dT5 dT6 dT7 dT8 dT9 dT10 dT1 dT2 dT3 dT4 dT5 dT6 dT7 dT8 dT9 dT10

66 66 66 68 68 65 66 66 68 66 70 70 70 70 70 70 72 70 71 73

67 67 67 66 69 66 67 67 66 67 71 71 71 71 71 71 70 71 72 74

65 65 65 67 70 67 65 65 67 65 72 72 72 72 72 72 71 72 70 75

4.4. Estimation of Optimal CAT

Step 4: The CAT matrix (3 × 10) results in a maximum of 310 possible CAT profiles
for 1000 m. In the final step, we proposed the following algorithm to identify the unique
CAT profile [13].

Algorithm to Estimate CAT

1. Assuming the set CAT at step k was Ck, if the eligible CAT’s were either Ck+1, Ck, or
Ck−1, then the highest magnitude among the three was selected as Ck+1, for the case
EATk ≥ 65 ◦F and selected the lower value as Ck+1 for the case EATk < 65 ◦F.

2. We chose the value of Ck+1 closer to Ck. If this resulted in two values, the higher
value was considered Ck+1 for the case EATk ≥ 65 ◦F, and the lower value for the
case EATk < 65 ◦F.

3. If the eligible CATs were neither Ck+1, Ck nor Ck−1, then Ck+1 = Ck.
4. If Ck+1 = Ck for more than 1E3 steps (1 step = 10 m), then Ck+1 = Ck+1 for the case

EATk ≥ 65 ◦F or Ck − 1 for EATk < 65 ◦F.

5. Computational Analysis—Results
5.1. Data Retrieval

We conducted this research by obtaining a 2020 Cadillac CT5 test vehicle from GMC. A
two-step procedure was employed to retrieve the data from the vehicle CAN bus [24]. As a
first step, we connected the hardware neoVI to the vehicle and performed the data retrieval
using the software Vehicle Spy [25]. This tool records data in real-time with a frequency of
10 Hz (100 data points for 1 s) and allows the user to retrieve the selective signal data for
analysis. We performed the real-time test procedure in the second step by activating the
ACC feature, which enhances EOC [26]. The speed data were collected assuming a no-slip
scenario, that is, traction produced is proportional to the friction coefficient and normal
forces [27].



Vehicles 2021, 3 879

Although the data were collected for every 10 ms, substantial variations in the pa-
rameters [EST, ACRFP] were shown at a frequency of 10 m (odometer reading). Hence,
the prediction of CAT was made with a step size of 300 ms (~10 m), and we devel-
oped the test cases by driving the vehicle for two scenarios, EAT > 65 ◦F (summer) and
EAT < 45 ◦F (winter). We adopted these two cases on selected road segments with a range
of ACCSSP = [25 85] MPH, as shown in Figure 5, and the properties of the datasets (mean,
StdDev, variance) of all the parameters retrieved are shown in Table 6.
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Table 6. Dataset sets—Real-time testing: 2020 Cadillac CT5.

Dataset 1—Summer Data (Date: 16 June 2020)

Parameters ACC Speed [25 55] MPH ACC Speed [55 85] MPH

Inputs Mean StdDev Variance Mean StdDev Variance

Odometer (km) 16,047.528 36.052 0.002 14,774.200 707.602 0.048

Speed (MPH) 39.342 8.948 0.227 64.739 6.843 0.106

LOT (m·s−2) 0.332 0.529 1.591 −0.172 0.383 −2.234

LAT (m·s−2) 0.457 0.523 1.145 0.249 0.320 1.284

YAR (deg·s−1) 0.018 0.036 1.998 −0.067 0.726 −10.784

EAT (◦F) 71.585 1.929 0.027 80.142 5.118 0.064

CAT (◦F) 82.800 4.856 0.059 66.922 1.719 0.026

Outputs Mean StdDev Variance Mean StdDev Variance

EST (◦F) 198.931 2.649 0.013 195.183 17.056 0.087

ACRFP (PSI) 160.584 22.056 0.137 165.131 21.673 0.131

Dataset 2—Winter Data (Date: 25 February 2021)

Parameters ACC Speed [25 55] MPH ACC Speed [55 85] MPH

Inputs Mean StdDev Variance Mean StdDev Variance

Odometer (km) 24,875.333 10.030 0.000 24,785.630 5.258 0.000

Speed (MPH) 42.973 7.216 0.168 68.626 6.253 0.091

LOT (m·s−2) −0.165 0.443 −2.677 −0.158 0.158 −1.000

LAT (m·s−2) 0.159 0.252 1.581 0.066 0.193 2.910

YAR (deg·s−1) −0.114 0.397 −3.492 −0.083 0.285 −3.443

EAT (◦F) 39.849 0.870 0.022 36.383 0.914 0.025

CAT (◦F) 74.436 7.293 0.098 77.420 5.449 0.070

Outputs Mean StdDev Variance Mean StdDev Variance

EST (◦F) 201.779 3.994 0.020 201.033 4.350 0.022

ACRFP (PSI) 47.309 3.417 0.072 40.335 0.684 0.017
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5.2. NARX DL Model—Prediction of CATOP

The time-dependent data were retrieved from the 2020 Cadillac CT5 test vehicle in
real-time. Therefore, among many DL models, it is known from the existing literature that
only three techniques, NARX, LSTM, and ARIMA models, are widely used for time series
prediction. We had tested the datasets in Ref. [13] using these techniques and concluded
that the NARX DL model outperformed LSTM and ARIMA.

The NARX DL model is the simplest among all techniques, considering previous states
(e.g., last three states) to predict the future state. This model is the linear representation of
the dynamic system in discrete time with exogenous inputs. In Section 2.1, we proposed
a novel set of inputs (VLV) and outputs (CATOP) to develop the DL model using the
methodology described in Section 5.1. The NARX model is developed using the datasets
retrieved from real-time testing, whose properties are shown in Table 6.

In Ref. [13], we proved the performance of the NARX method with default training
properties built-in MATLAB, whose properties are defined in Table S1. In this project, we
focus our attention on presenting the concept of predicting CAT profile, and developing de-
tailed mathematical models is not the scope of our project. Our sponsors provided the soft-
ware, and we used the relevant toolboxes in MATLAB to generate the training functions.

The test cases with ACCSSP > 25 MPH were selected, and individual training networks
were developed for the two CATOP—elements. The results are shown in Figures S1–S5
for EAT > 65 ◦F and Figures S6–S10 for EAT < 45 ◦F for ACCSSP = [35 75] MPH. Each
figure consists of two parts, EST (left) and ACRFP (right). Furthermore, each plot compares
the measured data (blue) with the predicted values (orange). Finally, we validated the
DL model using the statistical measures (RMSE, FOD, SNR) by comparing the actual and
predicted values of CATOP, reported in Table 7. The following Figures 6 and 7 depict an
example of a prediction of CATOP vector for the snippet ACCSSP = 70 MPH.

Table 7. NARX Model Performance—ACC Speeds [35 75] MPH.

(Date: 16 June 2020)
Data Set 1: NARX—DL Model Validation (Predicted-Actual)

EST (◦F) ACRFP (PSI)

ACCSSP (MPH) CAT (◦F) EAT (◦F) RMSE FOD SNR RMSE FOD SNR

35 66 83.309 2.2057 1.5868 5.1067 14.0017 10.5611 16.1348

45 65 80.375 1.8169 1.4288 7.1183 10.8150 7.4388 12.1116

55 68 82.526 1.4794 1.0503 5.2231 9.5438 7.2012 20.3788

65 67 81.32 1.66 1.2953 12.7934 3.7248 2.7151 6.9461

75 70 86.081 1.2763 0.7945 5.7699 8.6413 5.2471 28.3001

(Date: 25 February 2021)
Data Set 2: NARX—DL Model Validation (Predicted-Actual)

EST (◦F) ACRFP (PSI)

ACCSSP (MPH) CAT (◦F) EAT (◦F) RMSE FOD SNR RMSE FOD SNR

35 76 36.374 0.9528 0.6636 3.4284 2.9186 0.9376 1.3323

45 71 39.047 0.5678 0.3981 6.2342 0.0281 0.0148 1.7795

55 73 33.8 0.3916 0.2618 5.4806 0.0040 0.0007 0.3951

65 74 37.4 0.3080 0.2158 15.4239 0.0013 0.0007 1.3281

75 75 37.4 0.4556 0.3179 32.7227 0.0011 0.000 0.000
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5.3. Estimation of CAT

The analysis is conducted on the datasets retrieved using steps mentioned in Section 4.
The snippet with ACCSSP = 70 MPH, with EAT = 78.75 ◦F and EAT = 38.3 ◦F, is applied
with Steps 1–3, and the results are shown in Tables 2–5. We varied the range of initial CAT
with the default values, and Figures 8 and 9 depict the possible CAT profiles resulting from
Step 4. Therefore, constant initial CAT = 65 ◦F and 70 ◦F results in unique CAT profiles
shown in Figures 10 and 11. Similarly, the performance analysis for the test cases is shown
in Table 8, and the plots of the CAT profiles are shown in Figures S11–S20.
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Table 8. Performance analysis—Prediction of CAT.

Parameter EAT (◦F) CAT Profile (◦F) Area Conformance R2 Adj R2 SSE RMSE

ACCSSP = 35 MPH

EST
[A1, A2]

78.566
66 515.975

−9.312
0.960 0.900 2.981 0.276

Predicted 506.662 0.810 0.526 22.762 0.762

36.806
74 424.360

4.411
0.989 0.973 12.604 0.567

Predicted 428.771 0.992 0.980 11.889 0.551

ACRFP
(B)

78.566
66 1957.947

−20.879
0.985 0.962 732.229 4.323

Predicted 1937.067 0.983 0.958 810.917 4.550

36.806
74 28,924.676

−4.548
0.982 0.954 1.384 0.188

Predicted 28,920.127 0.985 0.962 1.121 0.169

ACCSSP = 45 MPH

EST
[A1, A2]

71.384
65 350.128

−54.605
0.974 0.934 11.985 0.553

Predicted 295.523 0.981 0.952 8.216 0.458

33.8
71 8.335

−4.436
0.997 0.994 0.000 0.000

Predicted 3.898 0.984 0.959 0.002 0.007

ACRFP
(B)

71.384
65 968.488

259.626
0.915 0.788 845.487 4.646

Predicted 1228.114 0.977 0.944 491.012 3.540

33.8
71 29,057.213

0.462
0.998 0.996 0.000 0.000

Predicted 29,057.675 0.887 0.717 0.000 0.002

ACCSSP = 55 MPH

EST
[A1, A2]

70.997
65 658.373

−72.241
0.969 0.922 4.957 0.356

Predicted 586.131 0.969 0.924 5.472 0.374

33.8
73 307.908

−1.912
0.967 0.917 1.839 0.217

Predicted 305.996 0.965 0.913 1.867 0.218

ACRFP
(B)

70.997
65 2928.211

−229.571
0.970 0.925 2745.421 8.371

Predicted 2698.639 0.974 0.936 2679.109 8.270

33.8
73 28,850.426

−2.175
0.999 0.998 0.000 0.000

Predicted 28,848.251 0.997 0.993 0.000 0.001

ACCSSP = 65 MPH

EST
[A1, A2]

81.095
67 505.586

−31.343
0.978 0.944 7.887 0.449

Predicted 474.242 0.948 0.871 22.979 0.766

37.4
72 568.740

4.009
0.970 0.924 1.279 0.181

Predicted 572.750 0.968 0.921 1.292 0.182

ACRFP
(B)

81.095
67 3078.741

269.982
0.946 0.865 61.282 1.251

Predicted 3348.724 0.961 0.901 92.636 1.538

37.4
72 28,851.571

0.180
0.912 0.779 0.000 0.000

Predicted 28,851.752 0.989 0.971 0.000 0.000
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Table 8. Cont.

Parameter EAT (◦F) CAT Profile (◦F) Area Conformance R2 Adj R2 SSE RMSE

ACCSSP = 75 MPH

EST
[A1, A2]

84.4
68 639.694

246.732
0.952 0.880 7.089 0.425

Predicted 886.427 0.952 0.879 28.418 0.852

37.40
70 669.610

−5.7879
0.966 0.915 2.408 0.248

Predicted 663.822 0.967 0.917 2.350 0.245

ACRFP
(B)

84.4
68 2231.887

−782.45
0.919 0.797 383.320 3.128

Predicted 1449.436 0.909 0.773 1664.53 6.518

37.4
70 28,850.316

0.065
0.999 0.996 0.000 0.000

Predicted 28,850.381 0.925 0.813 0.000 0.000

6. Discussion

In this research, the predictive model of CAT, one of the elements of DBV, is proposed.
This article involved multiple concepts, developing the NARX DL model by mapping the
elements VLV and CATOP (Section 2.1), defining the optimal HVAC criteria, predicting
optimal CAT, and detailed validation using various test cases.

The properties of the NARX DL model are defined in Table S1, and its efficacy to
predict CATOP vectors is validated using statistical techniques (RMSE, FOD, SNR), shown
in Table 7. The test cases were developed with ACCSSP = [35 75] MPH for the two datasets
differentiated by EAT > 65 ◦F and <45 ◦F. The EST RMSE < 2.2 for set 1 and <0.95 for set
2, whereas ACRFP FOD < 11 for set 1 and <0.94 for set 2. In real-time, the values of [EST
(◦F), ACRFP (PSI)] are always fluctuating, and hence the resulting SNR values are <17 for
all cases, which depict acceptable noise. Despite the stochastic variation of the data, by
visualising Figures 6 and 7 and Figures S1–S10, we observed that the predicted values
fit the real-time curves. It is a well-known fact that extended training with multiple data
sets would enhance the performance of the NARX DL model. Also, this article proposes
the core concept of predicting the CAT profile by optimising CATOP elements. Therefore,
the DL model is developed using default training properties and is assumed to produce
acceptable results. Thus, we initiate the further steps of the project.

We selected the snippet with ACCSSP = 70 MPH to initiate the testing, and the
proposed methodology described in steps 4.1–4.4 (Figure 4) is adapted. The required input
sets for the iterative analysis are generated using the equations defined in Table 1, and
sample input sets are shown in Table 2. The optimal HVAC criteria proposed in Section 3
and Tables 3 and 4 are developed for estimating optimal CAT values for 10 steps = 100 m.
Thus, an optimal CAT matrix is developed shown in Table 5, executing the algorithm
described in Section 4.4, and optimal CAT profiles are generated shown in Figures 8 and 9.
Therefore, by fixing the initial value of CAT, a unique CAT profile has resulted, as shown
in Figures 10 and 11.

To validate the proposed methodology, we developed the input sets with constant
and predicted CAT profiles (Figures S11–S20), and these sets are fed into the NARX DL
model. The results of the performance analysis comparing the constant and predicted CAT
profiles are shown in Table 8. The test case with ACCSSP = 75 MPH, EAT = 84.4 ◦F, resulted
in higher EST = 246.73 (◦F) for constant CAT = 68 ◦F and predicted CAT profile has lower
ACRFP = 782.45 (PSI). Whereas for EAT = 37.4 ◦F, the predicted CAT has EST lower by
5.787 (◦F), and ACRFP has similar performance. The snippet with ACCSSP = 45 MPH,
EAT = 71.384 ◦F, resulted in ACRFP lowering by 259.626 (PSI) for constant CAT = 65 ◦F,
which is deviating the proposed concept, but the smoothness performance for predicted
CAT has higher [R2, Adj R2] = [0.977 0.944] and lower [SSE RMSE] = [491.01 3.540]. It is easy
to see that the performance of the predicted CAT profile with test case ACCSSP = 55 MPH
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has enhanced performance for all the parameters, and a similar explanation follows for the
rest of the scenarios.

Therefore, the predicted CAT outperforms the constant CAT in maintaining the EST
closer to 194 ◦F and ACRFP in the range of the threshold defined in Figure 3 [25] and
Table S2. This approach satisfies the optimal HVAC criteria, and this enhances the EOC.

7. Conclusions and Future Work

In real-time, the DBV is defined by the three elements (Speeding, Steering, CAT), and
variation of these parameters is the user’s prerogative. In this manuscript, we proposed a
new methodology to input the range of CAT and predict the optimal CAT profile, which
could augment the HVAC functionality. The criteria of optimal HVAC were empirically
developed using the elements (EST, ACRFP) predicted by the NARX DL model by mapping
the elements VLV. We validated the NARX DL model by using real-time datasets and
applied statistical techniques to the conformance of predicted and actual values.

The unique CAT profile was generated in the user-defined range, satisfying the
constraints of optimal HVAC criteria. We prepared new input sets with the predicted
and constant CAT profiles and fed them into the NARX DL model, which validates the
predicted (EST, ACRFP) in the optimal desired range. The computational results obtained
are satisfactory, and we quantified short snippets of distance (1 × 103 m) for the speed
ranges ACCSSP = [25 85] MPH. Also, the DL model generated smoother CAT profiles, and
this method could derive a new functionality of inputting a range of user-defined set CAT
to the HVAC system to enhance vehicle performance.

In this research, environmental factors (traffic congestion, solar reception (idling),
HUM, ATP), HVAC parameters (compressor load, engine fan speed, power consumed),
and human comfort elements (cabin moisture, multiple CAT inputs, psychrometric anal-
ysis) were not considered in the NARX DL model because of minimal variations and
unavailability of the CAN data retrieved. Also, this project is confined to a single-vehicle
test, that is, a 2020 Cadillac CT5 provided by GMC, and future work would involve devel-
oping the model to include all the affecting parameters and extend the validation using
multiple vehicle test cases.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/10.3
390/vehicles3040052/s1. The Supplementary Materials validating the DL model and predicted CAT
profiles for multiple test cases are added for this article. Please refer to the Tables S1 and S2, and
Figures S1–S20.
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Abbreviations

ACC Adaptive cruise control
ACCSSP Adaptive cruise control set speed profile (MPH)
ACRFP Air conditioning refrigerant fluid pressure (PSI)
ACS Air conditioning system
ATP Atmospheric pressure (~1.01325 bar)
CAN Controller area network
CAT Cabin air temperature (◦F)
CATOP Cabin air temperature operating point
DBV Driver behaviour vector
DL Deep learning
EAT External air temperature (◦F)
EOC Engine operating conditions
EOP Engine operating point
EST Engine surface temperature (◦F)
FOD First-order derivative
GMC General Motors Company
HUM Humidity (%rh)
HVAC Heating, ventilation, and air conditioning
ISB Ideal steering behaviour
LAT Lateral acceleration (m·s−2)
LOT Longitudinal acceleration (m·s−2)
MSE Mean square error
NARX Nonlinear autoregressive network with exogenous inputs
RMSE Root mean square error
RRC Radius of road curvature (m)
SL Speed limit (MPH)
SNR Signal to noise ratio
SSE Sum of squares of error
StdDev Standard Deviation
VLV Vehicle level vectors
YAR Yaw Rate (rad·s−1)
Nomenclature
Ac Area of vehicle cross-section (m2)
bar 1 bar = 100 kPa
Cd Aerodynamic drag coefficient. 2020 Cadillac CT5 (~0.31)
◦C Centigrade
deg·s−1 Degrees per second
◦F Fahrenheit
g Gravity (9.8 m·s−2)
Hz Hertz
Kg Kilogram
Km Kilometres
kPa Kilo pascals
La(k) Lateral acceleration at time step k (m·s−2)
Lo(k) Longitudinal acceleration at time step k (m·s−2)
Mc Mass of the vehicle. 2020 Cadillac CT5 (kg)
ML Mass of the additional load (kg)
MPH Miles per hour
m Metres
m2 Metre square
m·s−2 Metres per second square.
ms Milli seconds
µr Rolling coefficient (~0.013)
PSI Pound per square inch
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rad Radians
rad·s−1 Radians per second
RRCk Radius of road curvature at time step k (m)
ρ Density of air (~1.225 kg·m−3)
s Seconds
Tk Time step (s)
dT Incremental time step. (~300 ms)
θg(k) Gradient of the terrain at time step k (rad)
Ya(k) Yaw rate at time step k (rad·s−1)
%rh Relative humidity (water vapour)
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