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H I G H L I G H T S

• Gradient-Informed NNs (GradINNs) applied to diesel emission modeling.

• GradINNs use prior beliefs on gradient smoothness to improve learning.

• Models trained and validated using experimental engine test bench data.

• GradINN outperforms MLP and GPR on NOx, CO, THC, and PM predictions.

• GradINN reaches benchmark accuracy with 25 % fewer experimental data.
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A B S T R A C T

The increasing complexity of internal combustion engines, coupled with stringent emission regulations, has made 

virtualization essential for efficient and effective exploration of engine design spaces. This evolution demands 

predictive models that balance accuracy with computational efficiency, particularly when applied to emission 

estimation tasks. Data-driven approaches have been widely adopted in this field due to their flexibility and strong 

predictive capabilities. However, achieving high accuracy with these methods typically requires large training 

datasets.

To overcome this limitation, this study explores the application of Gradient-Informed Neural Networks 

(GradINNs) for diesel-engine emission prediction. GradINN combines a primary neural network, responsible for 

the emission estimates, with an auxiliary network that encodes prior beliefs about the gradients of the output 

with respect to the model’s input parameters. A specialized loss function enforces consistency between the pre-

dicted gradients and these prior beliefs. The proposed model is benchmarked against traditional data-driven 

approaches, specifically Neural Networks (NNs) and Gaussian Process Regression (GPR), using data from both a 

Design of Experiments (DoE) campaign and an engine map.

Results demonstrate that GradINN consistently outperforms both benchmark methods across key emission 

targets, including nitrogen oxides, particulate matter, unburned hydrocarbons, and carbon monoxide. The pro-

posed approach achieves lower prediction errors and improved generalization, notably maintaining comparable 

accuracy with up to 25 % fewer training samples compared to the best-performing benchmark, highlighting its 

potential to reduce experimental effort without compromising accuracy.

1. Introduction

The tightening of emission regulations has significantly increased the 

complexity of modern diesel engine systems, requiring calibration and

optimization of numerous control parameters to comply with emission 

standards [1–3]. This complexity primarily arises from the integration 

of advanced after-treatment technologies and sophisticated combustion

* Corresponding author at: Energy Department, Politecnico di Torino, Corso Duca degli Abruzzi 24, Turin, 10129, Turin, Italy.

Email address: filippo.aglietti@dumarey.com (F. Aglietti).

https://doi.org/10.1016/j.fuel.2025.137435 

Received 29 May 2025; Received in revised form 11 September 2025; Accepted 7 November 2025

Fuel 407 (2026) 137435 

Available online 18 November 2025 
0016-2361/© 2025 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

http://www.sciencedirect.com/science/journal/0016-2361
https://www.elsevier.com/locate/JFUE
https://orcid.org/0009-0006-1553-1834
https://orcid.org/0000-0002-5527-9446
https://orcid.org/0000-0002-3540-5564
mailto:filippo.aglietti@dumarey.com
https://doi.org/10.1016/j.fuel.2025.137435
https://doi.org/10.1016/j.fuel.2025.137435
http://creativecommons.org/licenses/by/4.0/


F. Aglietti, A. Piano, F. Della Santa et al.

control strategies that are introduced to meet these stricter regulatory 

limits, adding additional degrees of freedom to the engine design 

space. As the number of parameters increases, the resulting large and 

multidimensional design space makes the identification of optimal con-

figurations increasingly challenging. Traditional calibration approaches, 

heavily reliant on extensive experimental testing, are becoming less effi-

cient and economically unsustainable due to high resource demands and 

long development cycles. Therefore, robust and accurate modeling tech-

niques are essential to enable virtual calibration processes, significantly 

reducing the reliance on physical testing and consequently shorten-

ing development time and lowering associated costs [4–6]. Traditional 

modeling approaches have been extensively used to predict in-cylinder 

spray and combustion, which significantly influence engine fuel con-

sumption and pollutant emissions [7–11]. These models are typically 

classified into three categories, listed by increasing complexity and com-

putational cost: zero-dimensional thermodynamic, quasi-dimensional 

(phenomenological), and multidimensional models [12]. Although all 

approaches rely on experimental data, they differ considerably in the 

level of detail provided, making model selection dependent on anal-

ysis objectives. For example, multidimensional simulations provide 

detailed spatial and temporal resolution but their high computational 

demands limit their practicality in rapid design iterations and real-time 

applications [13].

To address these limitations, recent research has increasingly 

adopted data-driven modeling strategies. By leveraging large-scale 

datasets, these methods enable the construction of accurate predic-

tive models of engine behavior and emissions [14] being particularly 

beneficial when conventional physics-based models struggle to capture 

complex phenomena, such as soot formation and oxidation [15], while 

also offering lower computational costs. These techniques enable effi-

cient modeling of nonlinear relationships between engine parameters 

and emissions without detailed knowledge of the underlying physics 

[16–21]. Within this framework, Neural Networks (NNs) [22–29] and 

Gaussian Process Regression (GPR) [29–35] have demonstrated strong 

potential.

However, despite their computational efficiency during prediction, 

data-driven models generally require extensive datasets to achieve high 

accuracy. Collecting these datasets often demands significant experi-

mental effort, which can partially offset the advantages of virtualization. 

A promising strategy to mitigate this dependency is integrating physical 

knowledge into the model training process. One established approach is 

prior-knowledge-based feature selection, where domain expertise guides 

the identification of the most relevant input features, reducing dimen-

sionality and enhancing model generalization [36,37]. Physics-Informed 

Neural Networks (PINNs) provide another effective method, directly em-

bedding physical equations into the training process [38]. PINNs enforce 

compliance with underlying physical laws alongside data fitting, im-

proving accuracy and generalization, particularly when available data 

is limited. Such physics-informed approaches are particularly advanta-

geous in scenarios with costly or limited high-resolution data acquisition 

[39–41]. Recent studies have successfully applied PINNs to model-

ing diesel-engine dynamics [42,43]. An alternative but complementary 

strategy involves leveraging information about gradient magnitude: 

models are trained not only using function values but also gradient in-

formation, thus improving accuracy and generalization capabilities with 

fewer training points [44–46].

However, in many engineering applications, prior information is ei-

ther unavailable or cannot be easily expressed in a precise mathematical 

form, such as in diesel engine emission modeling, where the underly-

ing processes are often too complex to formalize accurately. Although 

several trade-offs between engine control variables and emissions are 

well known [47,48], these relationships are generally qualitative rather 

than quantitative, as their exact impact varies considerably depending 

on specific engine architectures, combustion geometries, operating con-

ditions, and application contexts. For example, increasing Exhaust Gas 

Recirculation is known to generally reduce nitrogen oxide emissions,

but the precise quantitative effect depends heavily on combustion 

parameters, air management, and engine load conditions. Similarly, 

higher rail pressure typically reduces soot emissions by improving fuel 

atomization, yet the quantitative relationship is significantly influenced 

by factors such as injection timing, injection duration, and combus-

tion chamber geometry. These complex, nonlinear dependencies make 

it challenging to directly incorporate precise physical constraints into 

machine learning models.

In such cases, model development relies on empirical data and gen-

eral domain knowledge, such as the expectation that emission gradients 

with respect to input parameters exhibit smooth, non-oscillatory behav-

ior without abrupt discontinuities. In this context, Gradient-Informed 

Neural Networks (GradINN) have been introduced as a new deep learn-

ing model capable of integrating such general prior hypotheses, i.e., 

prior beliefs, into the training of a NN, without requiring explicit mathe-

matical formulations of physical relationships [49]. GradINN utilizes an 

auxiliary NN to impose soft constraints on the gradients of a primary NN, 

guiding the training process toward solutions consistent with expected 

physical behavior. By incorporating prior beliefs, GradINN aims to en-

hance the generalization of NN models and reduce their dependence on 

large experimental datasets. This increased data efficiency is particularly 

beneficial in engineering applications where collecting extensive exper-

imental data is expensive and time-consuming, enabling effective model 

development even with limited available data.

Within this framework, this study compares standard neural net-

works and Gradient-Informed Neural Networks (GradINNs), which in 

this context are employed to enforce smoothness in the model gradi-

ents, for the prediction of diesel engine emissions, focusing on NO x 

, PM, 

CO, and THC. In particular, the investigation examines how gradient-

based regularization, introduced through smooth prior beliefs, affects 

model accuracy and data efficiency across these different emission types. 

Furthermore, the analysis includes a comparison with Gaussian Process 

Regression (GPR), another data-driven approach that incorporates prior 

beliefs via kernel function selection.

The rest of the paper is structured as follows: Section 2 describes 

the test case and data acquisition process. Section 3 presents the mod-

eling approaches, including baseline Neural Networks, GradINN and 

Gaussian Process Regressions. Section 4 outlines the evaluation proce-

dure adopted to compare model performance. Section 5 discusses the 

experimental results and model comparisons. Finally, Section 6 reports 

the main findings of the study.

2. Test case

The considered test case (Table 1) is a 4-cylinder, 2-L diesel en-

gine designed for passenger vehicles, featuring a compression ratio of 

15.5 (Fig. 1). The engine is equipped with a Variable Geometry Turbine 

(VGT) turbocharger and a Water Charge Air Cooler (WCAC). The fuel 

delivery system is based on a common rail architecture capable of 

reaching injection pressures up to 2000 bar. Additionally, the engine 

employs a dual-loop Exhaust Gas Recirculation (EGR) system, composed 

of high-pressure (HP) and low-pressure (LP) circuits. The HP EGR loop 

(uncooled) is primarily active during low-load conditions and engine 

warm-up phases, whereas the LP EGR loop is utilized under normal 

driving conditions.

Table 1 

Engine technical specifications.

Parameter Specification

Engine Type 4-cylinder diesel 

Displacement 2.0 L 

Compression Ratio 15.5 

Turbocharger Type VGT 

Air Cooling System WCAC 

Fuel Injection System Common rail 

EGR System Dual-loop (HP and LP)

Fuel 407 (2026) 137435 
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Fig. 1. Schematic of engine setup.

Fig. 2. DoE key-points distribution over engine map.

2.1. Test matrix

To train and evaluate the data-driven models, experimental datasets 

obtained from an experimental campaign were employed. This cam-

paign consisted of 12 Design of Experiments (DoEs), each conducted 

at specific engine speed and load conditions to characterize engine 

behavior under warm operating scenarios. By combining the results 

of all 12 DoEs, a dataset of 1116 experimental measurements was 

obtained. Within each local DoE, additional control parameters were 

systematically varied to comprehensively explore the operating range.

The specific engine operating points for each local DoE were se-

lected based on an operational time analysis of various representative 

driving cycles (i.e., NEDC and WLTC). A clustering approach was then 

applied to group similar operating conditions and identify key repre-

sentative points [50]. Fig. 2 illustrates the distribution of selected key 

points across the engine map.

Table 2 summarizes the control parameters varied in each local DoE, 

which, along with engine speed and load, were used as input features for 

the data-driven models. The injection pattern employed in the tests in-

cluded two pilot injections, one main injection, and one after-injection 

(denoted respectively as P 2 

, P 1 

, M , A). All injections were controlled 

both in terms of quantities and timings while the main injection quantity 

was adjusted to maintain the target engine load after setting the pilot and 

after-injection quantities. Injection timings were controlled directly for 

the main injection by setting the Start of Injection (SOI), whereas dwell 

times (DT), defined as the intervals between consecutive injections, were 

adjusted for pilot and after-injections. Additionally, the EGR system 

was regulated by defining the intake airflow setpoint and controlling 

the split ratio between High Pressure (HP) and Low Pressure (LP) EGR 

loops.

The range of control parameters for each local DoE was defined based 

on the characteristics of the corresponding operating point. An orthogo-

nal sampling strategy was then applied within these ranges to generate 

the experimental grid. The distribution of the main control variables 

across the full experimental dataset is shown in Fig. 3. For the emissions 

targeted by this study, their distributions are shown in Fig. 4. These in-

clude NO x 

, PM, THC, and CO. PM is measured in terms of Filter Smoke

Table 2 

Parameters used as input features for the data-driven models. Engine 

speed and main injection quantity identify the key points, while the 

remaining parameters are control variables varied within each local 

DoE.

Key Point Parameters

Eng Speed [RPM] Engine speed

Q [mm3 

M  

 

] M injection quantity (controlled to maintain load)

Control Parameters

Boost [kPa] Intake manifold pressure

M [mg]Air  Air mass flow 

PRail [MPa] Fuel rail injection pressure 

EGR Split [%] Ratio between LP and HP EGR loops

SOI [M  

° BTDC] SOI of M
Q [mm3 

A  ] A injection quantity

Q [mm3 

 P 1  ] P injection1  quantity

Q [mm3]2
 

P  P injection quantity2  

DT [ms]A DT between M and A
DT [ms]P1 DT between P and injection1  M 

DT [ms]P2 DT between P and P injection2 1

Number (FSN) and is referred to as Smoke throughout the paper. Both 

input and output variables are scaled by their respective maximum val-

ues and expressed as percentages (with the exception of the SOI of the

main injection, which is reported as an absolute value).

3. Modeling approach

The objective of this study is to compare the predictive performance 

of the Gradient-Informed Neural Network (GradINN) against bench-

mark models commonly used for emission estimation. Specifically, the 

comparison includes: Multi-Layer Perceptron (MLP), i.e., a feed-forward 

fully-connected Neural Network, and Gaussian Process Regression 

(GPR). The following sections provide a description of the models 

considered in this study.

3.1. Neural networks and multi-layer perceptrons

Neural Networks (NNs) are widely employed for regression tasks due 

to their ability to approximate complex nonlinear functions [51]. In a

regression task, given a target function F : R 

d → R 

m , a NN trained for 

learning F is a parametric function ˆ F ( . ;𝜃) : R 

d → R 

m , where 𝜃 is the

vector that collects all the trainable parameters of the NN model. Given 

a training set {(x i, F (x i))}
N
i=1 with N samples, the NN learns to approxi-

mate F by optimizing 𝜃 through the minimization of an appropriate loss 

function via Stochastic Gradient Descent [51]. For regression tasks, the 

Mean Squared Error (MSE) loss is typically considered (Eq. 1):

L data(𝜃) = 

1
N

N
∑ 

i=1

(

F̂ (x i;𝜃) - F (x i) 

) 2 

. (1)

Among the various architectures proposed in the literature, this study 

focuses on Multi-Layer Perceptrons (MLPs) as commonlly used architec-

ture for emission regression problems [22–28]. MLPs is a fully-connected 

feedforward neural networks consisting of an input layer followed by

H + 1 fully-connected (FC) layers, where the last one serves as the out-

put layer. The input layer simply receives the input vector x ∈ R 

d , while 

each FC layer performs a transformation defined as:

FC h+1 

(x 

(h) ) = σ 

(h+1) 

( 

W 

(h+1) x 

(h) + b 

(h+1) 

) 

(2)

with h = 0, … , H , where:

• x 

(h) ∈ R 

n h is the input to the layer, with x 

(0) = x ∈ R 

d (i.e., inputs

layer).

• W 

(h+1) ∈ R 

n h+1 

×n h and b 

(h+1) ∈ R 

n h+1 are the trainable weights and

biases of the layer (note that the collection of all such parameters 

across layers defines the global parameter vector 𝜃).

Fuel 407 (2026) 137435 
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Fig. 3. Distribution of the main control variables across DoEs.

Fig. 4. Distribution of target emissions across DoEs.

• σ 

(h+1) is the element-wise application of a nonlinear activation func-

tion (replaced in this study by a linear activation in the output 

layer).

Note that h = 0 corresponds to the first hidden layer and h = H to the 

output layer.

A representation of a generic MLP architecture with H hidden lay-

ers, each containing n neurons, is provided in Fig. 5, where H denotes 

the network depth (hereafter referred to as D), and n the layer width 

(denoted as W ).

3.2. Gaussian processes

Gaussian Process Regressors (GPRs) are a class of nonparametric 

probabilistic models widely used for regression tasks [52]. They define a 

prior over functions, assuming that any finite set of function values fol-

lows a multivariate Gaussian distribution. Specifically, we assume that 

the target function F (x) follows a Gaussian Process prior:

F (x) ~  

 

m(x), k(x, x 

' ) 

 

, (3)GP
( )

where m(x) is the mean function, representing the prior expectation of 

the function values (typically set to 0), and k(x, x 

' ) is the covariance

function, i.e., kernel, which defines the similarity between different in-

puts and encodes assumptions about smoothness and correlation in the 

data.

Given a training set {(x i 

, F (x i 

))}Ni=1, the model learns a posterior

distribution over functions conditioned on the observed data. The pre-

dictive distribution at a new input x 

* is Gaussian with mean μ and 

variance 𝜎 

2 given by:

μ(x 

* ) = m(x 

* ) + K 

T
* K 

-1 (F - m(X)), (4)

𝜎 

2 (x 

* ) = k(x 

* , x 

* ) - K 

T 

* K 

-1 K * 

, (5)

Nwhere X = {(x i 

)} and=1  F =i   {(F (xi N
     

 

))} are respectively the inputs andi=1
outputs at the training points, the term K denotes the covariance matrix 

computed over X, while K * 

is the covariance vector between the new

input x 

* and the training data X.

3.3. Gradient-informed neural networks

Gradient-Informed Neural Network (GradINN) is a novel deep learn-

ing approach that leverages prior beliefs about the target function’s 

gradients to guide the training process [49]. Such beliefs can range
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Fig. 5. Schematic representation of a generic MLP with d input features, m output 

units, and H hidden layers (i.e., depth D = H ), each composed of n neurons (i.e., 

width W = n).

Fig. 6. Gradient-informed neural network and loss functions.

from smoothness assumptions to monotonicity or oscillatory behavior, 

thereby reflecting domain-specific knowledge of how the target function

F should behave.

A GradINN model comprises two neural networks (Fig. 6):

• Primary Network F̂ (., 𝜃) : R 

n → R 

m is responsible for approximat-

ing the target function F (x).
• Auxiliary Network 

ˆ G(., μ) : R 

n → R 

n×m encodes prior beliefs re-

garding the gradients of F with respect to x, i.e., J x 

F in the case of 

a generic vector-valued output, while it reduces to ∇ x 

F for a scalar 

output.

The prior belief is encoded into ˆ G primarily through the choice of

activation functions and neural network weights initialization. For in-

stance, using a smooth activation function such as sigmoid or ELU, 

combined with a weight initialization strategy sampling from the Glorot 

uniform distribution, which produces an approximately constant output 

at initialization, incorporates a prior belief of smoothness in the gradi-

ents. This setup tends to penalize gradient spikes, discontinuities, and 

oscillations, guiding the primary network towards learning more stable 

and well-behaved gradient representations.

The networks are coupled via a customized loss function that en-

forces consistency between the gradients of the primary network and the 

expected gradient behavior embedded in the auxiliary network. In par-

ticular, the training process of a GradINN minimizes a total loss function 

defined as:

L tot 

(𝜃, μ; D, C) = L data 

(𝜃;D) + L prior 

(𝜃, μ; C), (6)

where L data 

is the standard supervised loss given in Eq. (1), evaluated 

on a training dataset D = {(~ xk 

, F (~ xk 

))}Nk=1, which consists of labeled data

used to fit 

ˆ F to the ground truth values. The term L prior 

incorporates prior

beliefs about the gradients by minimizing the discrepancy between the 

Jacobian of the primary network and the output of the auxiliary network
N

at the collocation }  

 points C = {x-  

 

C
 

, i.e.,k k=1   unlabeled data where gradient 

constraints are imposed. Since these points do not require corresponding 

ground truth labels, they can be selected without the need for dedicated 

experiments.

L prior(𝜃, μ; C) = 

1
N C 

N C 

∑

k=1

‖Jx ˆ F ( - xk 

, 𝜃) - ˆ G( - xk, μ) 

‖

2

F 

‖

‖

, (7)‖

‖

where ‖ . ‖ F denotes the Frobenius norm.

During training, the parameters

D
 𝜃 of the primary network F̂ are opti

mized

C
 to fit both the labeled data  and the gradient constraints imposed 

in . Simultaneously, the auxiliary network Ĝ,  governed by parameters

μ, refines the prior gradient information to ensure consistency with the 

observed data (i.e., D).

-

By incorporating gradient priors into the learning process, GradINNs 

enhance predictive accuracy, improve generalization, and reduce re-

liance on large training datasets, making them particularly valuable in 

data-scarce scenarios.

4. Models evaluation procedure

The models evaluation process follows three main steps. First, a hy-

perparameter optimization is conducted for each model to determine the 

configuration that achieves the best performance within its respective 

class. This ensures a fair comparison by allowing each approach to reach 

its optimal predictive capabilities. Next, a comparison is performed us-

ing an additional engine map dataset, covering an engine operating 

range from 1250 to 2750 RPM. This evaluation provides insights into 

the generalization ability of each modeling approach under real oper-

ating conditions. Finally, the optimal model for each class is trained on 

datasets of varying sizes to assess the impact of data availability on the 

performance of these data-driven models.

4.1. Dataset

The data generated from the experimental activity described in 

Section 2.1 was used to construct the training and test datasets for the 

data-driven models. Specifically, the full dataset was first randomly split 

into two equal halves. One half was used for training and validation, 

while the other half was reserved for testing (see Fig. 7(a)). This choice 

ensures a robust performance evaluation, as a large testing dataset 

provides a comprehensive assessment of model performance across di-

verse operating conditions, reducing the risk of biased or over-optimistic 

results.

To evaluate how the performance of the models varies with the size 

of the training dataset, the training set was further partitioned using 

a random split strategy. Specifically, training subsets corresponding to 

75 % and 50 % of the training set were considered (respectively, Fig. 7(b) 

and (c)), while the remaining data was discarded. For what concerns 

the testing dataset, it was kept fixed at 50 % without any modification

Fig. 7. Dataset splitting strategy for model evaluation: (a) Initial division into 

training and test sets, (b) and (c) Progressive reduction of the training set to 

75 % and 50 % of its original size to assess data efficiency.
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Table 3 

DoE for NN hyperparameter optimization.

Level 1 Level 2 Level 3

W 16 32 64

D 2 4 6

g Sigmoid ELU –

bs 128 64 32

LR 0 0.001 0.01 –

Table 4 

DoE for GradINN hyperparameter optimization.

Level 1 Level 2 Level 3

WF ˆ 16 32 64

D F̂ 2 4 6

gF̂ 

Sigmoid ELU –

WG ˆ 16 32 64

D Ĝ 2 4 –

gĜ 

Sigmoid ELU –

bs 128 64 32

LR 0 0.001 0.01 –

Table 5 

DoE for GPR hyperparameter optimization.

Level 1 Level 2 Level 3 Level 4

Kernel RBF Matern (𝜈 = 0.5) Matern (𝜈 = 1.5) Matern (𝜈 = 2.5)
Length Scale 0.1 0.5 1.0 2.0

Alpha 10 

-6 10 

-3 10 

-2 10 

-1

Noise Level 10 

-3 10 

-2 10 

-1 10 

0

(Fig. 7). This consistency ensures a fair performance comparison across 

models trained with different dataset sizes, isolating the effect of training 

data availability on predictive accuracy.

The engine map dataset, used to test the models under real operating 

conditions, was obtained from a dedicated experimental campaign in 

which the engine calibration maps for the control parameters were fixed. 

A total of 127 operating points were tested over a uniform grid spanning 

0 %–75 % of engine load and 1250–2750 rpm of engine speed.

For the GradINNs, the input variables of all points in the DoE were 

used as the collocation dataset. This choice follows from the nature of the 

experimental grid, which was defined a priori based on the number of 

control factors for each design of experiment, resulting in a standardized 

distribution of inputs across the operating space.

4.2. Hyperparameters optimization

The hyperparameter search was designed following a full-factorial 

approach, considering a set of predefined levels for each parameter.

The configurations explored for the NN and the GradINN are re-

ported in Tables 3 and 4. For the network architecture, we explored 

the width (W ) and depth (D) of the network, as well as the activation 

function (g). Regarding the training process, different mini-batch sizes 

(bs) were considered and a Reduce-on-Plateau schedule was adopted for 

the learning rate update. Specifically, the training starts with

LR
 an ini

tial learning rate ( 0  

), which is reduced by half whenever the model

performance does not improve for 100 consecutive epochs. To moni

tor training progress and avoid overfitting, 20 % of the training dataset 

was used as a validation set. This validation set was employed both for 

learning rate scheduling and for implementing early stopping, ensuring 

that training stops when performance no longer improves. The hyper

parameter combinations tested for the standard NN model are the same 

as those considered for the primary network F̂  

 in GradINN. In addition,

for GradINN, G  

 different architectures of the auxiliary network  ̂ were ex

plored, including its width (W Ĝ), depth (DĜ), and activation function 

(
  

g ). Since the goal is to impose a prior beliefĜ   of gradient smoothness 

 

in the emission estimation task, Ĝ  

 employs smooth activation functions,

and its weights are initialized using a Glorot scheme [

-

 

-

-

-

49].

In total, the hyperparameter optimization involved 108 experiments 

for NN and 1296 experiments for GradINN, reflecting the additional 

complexity introduced by the auxiliary network.

For the GP models, the hyperparameter search focused on opti-

mizing the kernel function and its associated parameters. The tested 

configurations are reported in Table 5. The choice of kernel plays a 

crucial role in determining the flexibility of the model, influencing 

both the smoothness of predictions and the ability to capture complex 

dependencies.

The GP hyperparameters include: the kernel type, where RBF (Radial 

Basis Function) and Matern kernels with different smoothness parame-

ters (𝜈, with smaller values corresponding to less smooth functions) were 

tested; the length scale, which controls the spatial correlation between 

points; Alpha, representing the regularization parameter that helps pre-

vent overfitting; and Noise Level, which accounts for the observation 

noise in the training data. In total, the GP hyperparameter optimization 

involved 256 experiments.

Unlike neural networks, Gaussian Process models do not require a 

validation dataset during training. Model parameters are optimized by 

maximizing the marginal likelihood, allowing the entire training set to 

be used without the need for early stopping or performance monitoring.

5. Results

The performance of the modeling approaches described in Section 3 

was first assessed through a hyperparameter optimization study. Fig. 8 

shows box plots of the root mean squared error (RMSE) values obtained 

from different hyperparameter configurations tested for GPR, MLP, and 

GradINN across all considered emission targets.

Fig. 8. Hyperparamenters optimization: RMSE box plot for GP, MLP and GradINN.
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Table 6 

Performance of the models in terms of RMSE and MRE for training and testing 

datasets. Best testing performance in bold.

RMSE MRE

MLP GradINN GPR MLP GradINN GPR

Training NO x 13.4 ppm 10.7 ppm 21.8 ppm 4.7 % 4.0 % 7.9 %

Smoke 0.12 FSN 0.05 FSN 0.27 FSN 20.8 % 7.8 % 52.6 %

THC 6.3 ppm 1.5 ppm 5.2 ppm 13.9 % 3.5 % 10.6 %

CO 95.9 ppm 94.2 ppm 348.3 ppm 18.6 % 16.1 % 48.7 %

Testing NO x 24.1 ppm 19.6 ppm 31.4 ppm 7.1 % 5.7 % 11.5 %

Smoke 0.25 FSN 0.20 FSN 0.37 FSN 33.9 % 21.5 % 60.4 %

THC 7.5 ppm 6.4 ppm 7.3 ppm 15.2 % 10.8 % 14.1 %

CO 214.3 ppm 188.9 ppm 394.7 ppm 38.2 % 25.9 % 66.5 %

When comparing the best-performing model for each approach, it 

can be observed that for NOx, Smoke, and CO emissions, the opti-

mal MLP models achieve lower RMSE values than the optimal GPR. 

Conversely, for THC emissions, the best GPR model shows slightly lower 

RMSE values than the best MLP model. This indicates that the rela-

tive performance of these approaches varies depending on the specific 

emission type being modeled.

In contrast, the optimal GradINN models, through the introduction 

of a smoothness prior belief, demonstrate significant improvement in 

predictive accuracy resulting in lower RMSE values than both the best 

GPR and MLP models across all emission types.

Table 6 presents a quantitative comparison of the errors achieved by 

the best-performing model in each class, reported in terms of RMSE and 

Mean Relative Error (MRE) for both training and testing datasets. The 

GradINN approach yields the lowest RMSE and MRE values across all 

emission types. Compared to MLP, GradINN achieves RMSE reductions 

of 18.7 % for NO x 

, 11.9 % for CO, 20.0 % for Smoke and 14.7 % for 

THC. When compared to GPR models, the improvements are even more 

substantial with reductions of 37.6 % for NO x 

, 52.1 % for CO, and 45.9 % 

for Smoke, while showing similar improvements of 12.3 % for THC.

An additional analysis was conducted on the error distribution across 

the test dataset for the best-performing models from the three model 

classes. As shown in Fig. 9, the test dataset was divided into three 

ranges based on the full range of each normalized emission, i.e., low 

(0 %–33 %), mid (33 %–66 %), high (66 %–100 %). Absolute prediction 

errors were then evaluated within each subrange. The analysis confirms 

the superior performance of the best GradINN configuration compared to 

the best MLP and GPR models, showing consistent improvements in er-

ror distribution across all three ranges and for all emissions considered. 

This global improvement indicates that the reduction in overall RMSE is 

not limited to specific emission level but reflects a broader enhancement 

in predictive accuracy.

To further assess the performance and evaluate their ability to predict 

emissions under real operating conditions, the three models analyzed 

in Fig. 9 were tested on the engine maps dataset. Fig. 10 shows a 

comparison of emission predictions where the first row displays the nor-

malized ground truth (GT) emission distributions for NO x 

, Smoke, THC, 

and CO. Note that the emission values of the engine map dataset are nor-

malized with respect to the maximum of the corresponding emissions 

observed across the entire DoE campaign of Section 2.1. The subsequent 

rows illustrate the absolute prediction errors (computed as the differ-

ence between GT values and Model predictions) for the MLP, GradINN, 

and GPR models, respectively. For each emission type and model, the 

RMSE and MRE values are reported above the corresponding plots.

The results show that GradINN consistently provides the lowest pre-

diction errors across the engine map for all emissions, while the GPR 

model exhibits substantially higher prediction errors compared to both 

MLP and GradINN. Despite the overall trend, all three models exhibit 

lower performance in specific operating regions, particularly in the mid-

to-high RPM and low-load zones. In particular, the error increase is most 

pronounced for THC emission, where the emission gradients become 

significantly steeper and more difficult to be extrapolated. These chal-

lenging areas were underrepresented in the original DoE experimental 

campaign, leading to limited training information. This pattern illus-

trates that while GradINN successfully enhances generalization within 

well-represented domains through its smooth prior belief implemen-

tation, its effectiveness diminishes in regions where the underlying 

emission behavior lacks sufficient characterization due to insufficient 

training data.

As a final step, the data efficiency was investigated. This analysis 

was conducted by progressively reducing the training dataset size from 

100 % to 50 % (Fig. 7). The hyperparameters of each model class cor-

responded to the best-performing configurations identified during the 

hyperparameter optimization process. Fig. 11 illustrates the RMSE and 

MRE over the DoE test dataset as a function of training dataset size for 

MLP, GradINN, and GPR models. The results show that GradINN main-

tains its superior performance across all tested training dataset sizes. 

From a practical implementation perspective, the achievable dataset 

reduction is limited by the emission type with the highest data require-

ments. When comparing GradINN to MLP it is possible to see how, for 

NO x 

, THC, and CO emissions, GradINN maintains performance equiva-

lent to full-dataset MLP models even when trained on less than 75 % of 

the data. However, Smoke emissions represent the constraining factor, 

limiting the achievable reduction to approximately 25 % of the origi-

nal dataset. This increase in data efficiency demonstrated by GradINN 

offers significant flexibility in experimental testing strategies. In partic-

ular, this gain can be leveraged in two main ways: either as a direct 

reduction in experimental testing time and associated resources, or al-

ternatively, as an opportunity to redistribute the testing points toward

Fig. 9. Absolute error distribution across three emission intensity ranges (low: 0 %–33 %, mid: 33 %–66 %, high: 66 %–100 %) for the best-performing models.
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Fig. 10. Comparison of model prediction performance across the engine map. The top row shows normalized Ground Truth (GT) plotted against engine speed [RPM] 

and Load [%]. The subsequent rows display the absolute prediction errors for MLP, GradINN, and GPR models with their respective RMSE and MRE values. In all the 

plots, the black dots represents the DoE key-points.

Fig. 11. Prediction error (RMSE and MRE) as a function of training dataset size for MLP, GradINN, and GPR.

less explored regions of the operating domain. The latter approach could 

further enhance model performance in challenging regions such as the 

mid-to-high RPM and low-load zones identified in the engine map val-

idation, potentially addressing the limitations observed in these areas 

while maintaining the same overall experimental effort.

6. Conclusion

This work focused on comparing benchmark machine learning 

models, i.e., Multi-Layer Perceptrons (MLPs) and Gaussian Process 

Regression (GPR), with a novel Gradient-Informed Neural Network 

(GradINN) model for predicting key pollutants emitted by a diesel
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engine, including Nitrogen Oxides, Particulate Matter, Hydrocarbons, 

and Carbon Monoxide. GradINN employs two neural networks: a pri-

mary network responsible for emission prediction, and an auxiliary 

network that encodes smoothness prior beliefs about the gradient of the 

target function. This auxiliary network guides training by encouraging 

consistency between prior belief and gradient of the primary network, 

thus driving the model toward more physically meaningful solutions.

To evaluate the best achievable performance, a dedicated hyperpa-

rameter optimization was conducted for each model using a dataset 

derived from a Design of Experiments testing campaign, which systemat-

ically explored the engine’s operating space. Under these conditions, the 

best-performing configurations of GradINN, MLP, and GPR were com-

pared. GradINN consistently outperformed the other models across all 

emission targets, achieving lower prediction errors.

To further validate the models under real-world operating condi-

tions, the best-performing configurations were evaluated on a complete 

engine map dataset covering a wide range of speed and load scenarios. 

GradINN again demonstrated superior predictive capabilities, outper-

forming the other models across all emissions. However, performance 

degradation was observed in specific regions of the engine map, partic-

ularly at mid-to-high RPM and low-load conditions. These areas were 

underrepresented in the training data, confirming that while GradINN 

benefits from smooth gradient priors, it still requires sufficient input 

coverage to maintain accuracy across the entire domain.

Since GradINN consistently demonstrated superior predictive perfor-

mance, the study further investigated its data efficiency. Specifically, 

GradINN maintained high accuracy even when trained on reduced 

datasets, achieving performance comparable to MLPs with up to 25 % 

fewer training data points. This increased data efficiency provides a 

significant practical advantage, as it allows experimental effort to be re-

duced or redirected towards underrepresented regions of the operating 

space.
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