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 A B S T R A C T

In the field of pattern recognition, the noise inherent in real-world images poses a significant challenge to 
traditional image processing methodologies. While existing approaches have made progress in addressing 
this issue, they often struggle with limited model generalization, data distribution shifts, and domain 
adaptability discrepancies between simulated environments and real-world contexts, compromising efficiency 
and robustness. In this paper, we propose a novel contrastive learning strategy for Enhancing Robustness 
and Interpretability in Image Recognition through Environmental Perturbations (ERIEP) of clear-featured 
image data. ERIEP meticulously identifies a set of core visual features, termed ‘‘invariant features’’, which 
can offer optimal explanations for image predictions. Concurrently, it emphasizes learning noise-resistant 
strategies to amplify the model’s interpretability. Through ERIEP’s contrastive learning approach, we address 
complex images, enabling the model to progressively refine its understanding of both the invariant features 
and noise mitigation technique. Our extensive experiments on CIFAR-10, CIFAR-100, and ImageNet-1K 
demonstrate that ERIEP significantly outperforms several state-of-the-art image-processing baselines, showing 
robust performance under various noise intensities and environmental perturbations.
1. Introduction

Currently, robustness against various forms of input perturbations 
remains a crucial challenge (Zhang et al., 2017; Niu et al., 2020). In 
real-world scenarios, images (Torralba and Efros, 2011; Yang et al., 
2024b) exhibit extensive variations attributed to diverse capture condi-
tions, imaging devices, and inherent scene dynamics. To ensure consis-
tent performance across various scenarios, models need to be resilient 
against both natural and adversarial perturbations. Real-world images 
are often subject to a much broader range of perturbations than repre-
sented in curated datasets, such as varying lighting conditions, image 
degradation, occlusion, etc. Moreover, the diversity and complexity 
of objects in real scenarios (Recht et al., 2019; Yang et al., 2024a) 
far exceed those in dataset images. A promising approach is to sim-
ulate various environmental conditions like illumination, motion blur, 
noise, Tobin et al. (2017), Qiu et al. (2021) etc. during training, thereby 
exposing the model to richer and more realistic image variations. This 
can enhance the model’s adaptability to complex real-world scenarios 
and improve its robustness (Sun et al., 2019).

Data augmentation is a commonly utilized technique to improve 
model generalization. Traditional data augmentation techniques, such 
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as rotation, scaling, and cropping, have been employed to artificially 
increase dataset size and variability. More recently, advanced aug-
mentation strategies, like AutoAugment (Cubuk et al., 2018), have 
demonstrated the potential of automated, learned augmentation poli-
cies. However, the computational demands of AutoAugment inspired 
the development of more efficient strategies, such as Faster AutoAug-
ment (FasterAA) (Hataya et al., 2020), which leverages proxy tasks to 
accelerate the search for optimal augmentations.

In recent years, contrastive learning has also been widely applied 
in the realm of data augmentation (Chen et al., 2020b; Grill et al., 
2020). By constructing contrasts between positive and negative sample 
pairs, contrastive learning methods can learn beneficial feature rep-
resentations, thus enhancing model robustness against complex trans-
formations (Sheng et al., 2022; Wang and Qi, 2022). Some studies 
employ contrastive learning frameworks to design self-supervised data 
augmentation strategies, obtaining positive and negative pairs by ar-
tificially introducing transformations or perturbations to the training 
data, thereby improving generalization (Chen et al., 2020a). Combining 
contrastive learning frameworks with data augmentation techniques 
is a promising direction for enhancing the robustness of models (Qiu 
et al., 2023; Zhang and Ma, 2022).
https://doi.org/10.1016/j.engappai.2025.111619
Received 11 October 2023; Received in revised form 20 May 2025; Accepted 23 Ju
vailable online 8 July 2025 
952-1976/© 2025 Elsevier Ltd. All rights are reserved, including those for text and 
ne 2025

data mining, AI training, and similar technologies. 



L. Cheng et al. Engineering Applications of Artiϧcial Intelligence 159 (2025) 111619 
In this study, we introduce a novel training paradigm. By feeding 
images into an environment simulator, we generate perturbed versions 
of these images. These simulated images, in conjunction with their 
unperturbed counterparts, are then processed by a neural network. 
The subsequent loss calculations serve a dual function: optimizing the 
model for precise prediction and enhancing its robustness against image 
variations. Our approach also incorporates a reference model with the 
same architecture as the primary model, which remains static during 
the initial training stages. After several iterations, the reference model 
undergoes optimization, ensuring that our system remains adaptable 
and up-to-date with the ever-evolving image landscape.

Our contributions are three-fold:

1. We propose a novel approach called ERIEP, which involves 
training an environment simulator capable of comprehensive 
simulated perturbations and adopting a dual-input training strat-
egy leveraging both original and perturbed images, enhancing 
model robustness and interpretability.

2. We prove that by introducing contrastive learning as a pertur-
bation simulator of the external environment, the model is able 
to acquire more critical features, which enhances the generaliza-
tion capability of the model.

3. Extensive experiments demonstrate that our approach achieves 
state-of-the-art performance compared to conventional baseline 
methods, showing improved model accuracy on perturbed im-
ages and robustness.

2. Related work

Models such as Visual Geometry Group Network (VGG) (Simonyan 
and Zisserman, 2014), and Residual Network (ResNet) (He et al., 2016), 
trained on clear-featured image dataset (Krizhevsky et al., 2012; Lin 
et al., 2014), have been effectively deployed for a variety of visual 
tasks. However, these datasets have limitations. First, their scale is 
limited without covering the full distribution of images (Recht et al., 
2019). Second, their environments are homogeneous without vari-
ous variations like illumination, occlusion, and noise. Third, the la-
bel information is incomplete with only limited semantics. There-
fore, studies (Torralba and Efros, 2011; Marcus, 2018) have shown 
that relying solely on clear-featured image datasets may limit models’ 
generalization to broader applications.

The usage of simulated environments for training models has
emerged as a promising approach (Dosovitskiy et al., 2017; Johnson-
Roberson et al., 2016). These environments enable the introduction 
of controlled perturbations to test the robustness of models. However, 
effective simulation methods that truly encapsulate the complexity of 
natural images remain an open research question (Shah et al., 2019). 
Contrastive learning has seen a surge of interest due to its potential 
in representation learning (Chen et al., 2020b). This unsupervised 
learning paradigm focuses on pushing apart dissimilar data points 
while bringing similar ones closer in the latent space (Wang and 
Isola, 2020). The effectiveness of contrastive learning for noise-resistant 
representations remains underexplored.

Understanding invariant features or core visual features is a crucial 
yet often under-addressed topic (Tan et al., 2023). Conventional models 
frequently exhibit limitations in comprehending the inherent visual 
semantics, leading to non-robust and less interpretable solutions (Zhang 
et al., 2021). With the increasing complexity of machine learning 
models, interpretability has become a key concern. Various techniques 
have been introduced to improve model interpretability, such as Local 
Interpretable Model-agnostic Explanations (LIME) (Ribeiro et al., 2016) 
and SHapley Additive exPlanations (SHAP) (Lundberg and Lee, 2017), 
but these generally focus on the post-hoc explanations and do not 
inherently make the model more understandable.

Several strategies have been proposed to make models more noise-
resistant. Adversarial training (Zhang et al., 2019; Wang et al., 2019; 
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Xie et al., 2019; Wu et al., 2020) and curriculum learning (Bengio et al., 
2009; Vaswani et al., 2017) are a few notable methods. However, these 
approaches usually do not provide insights into why the model has 
become more robust. Recent work has focused on interpretable robust-
ness, such as generative adversarial networks can be utilized to analyze 
the noise distribution (Krull et al., 2019), representation learning can 
reveal feature stability (Arnab et al., 2018), and example-based meth-
ods can detect the causes of model misclassifications (Corbett-Davies 
et al., 2017). These preliminary attempts suggest that by analyzing how 
noise affects the model, and which patterns in the training examples 
are critical for model robustness, we can gain a deeper understanding 
and guide the design of better adversarial noise mechanisms. Our work 
is also inspired by this idea, trying to obtain explanatory insights 
into model robustness by analyzing the invariant features and noise 
patterns. The proposed ERIEP approach innovatively combines ele-
ments from several existing research areas. It leverages the strengths of 
clear-featured image data and simulated environments while employing 
contrastive learning techniques. This multi-faceted approach aims to 
address the challenges of noise, interpretability, and the identification 
of core visual features in a unified framework. ERIEP offers valuable 
insights for refining environmental simulations and further enhancing 
the robustness and interpretability of models.

3. Methodology

3.1. Overview

ERIEP aims to enhance the robustness and interpretability of models 
in image classification tasks. ERIEP integrates contrastive learning with 
controlled environmental perturbations to improve model generaliza-
tion across diverse conditions. The method includes three primary 
components: the Environmental Perturbation Module (EPM), which 
simulates environmental disturbances on input images; the Neural 
Network Model ( ), which processes the original images for classi-
fication; and the Reference Model (), which assesses the perturbed 
images and is periodically synchronized with  . As shown in Fig. 
1, the framework is divided into two parts: (a) the Environmental 
Perturbation Module (EPM), which generates perturbed images from 
the original inputs using a set of sub-policies; and (b) the feature 
learning and model optimization process, where invariant features are 
extracted and the main model   is trained with feedback from the 
reference model . The workflow, as illustrated in Fig.  1, involves 
generating perturbed images using EPM, processing these through both 
  and , and updating   based on a novel objective function that 
includes the absolute difference in cross-entropy (Murphy, 2012) losses 
between the two models. The losses  , , and the combined final
are computed to guide the optimization of  . In addition, a periodic 
synchronization step ensures that  stays aligned with the evolving pa-
rameters of  . This setup ensures consistent model performance under 
varied environmental influences and promotes the learning of invariant 
features. Detailed discussions on the implementation and mathematical 
formulations of each component will follow in subsequent sections, 
elucidating their contributions to the overall goal of improving model 
robustness and interpretability.

3.2. EPM

To simulate realistic environmental perturbations in images, we de-
sign EPM based on the Faster AutoAugment framework (Hataya et al., 
2020). This module aims to ensure that the perturbed image retains 
essential features for correct classification, similar to the original image.

Module Architecture: The core of our EPM is a set of sub-policies 
𝑆 = {𝑆1, 𝑆2,… , 𝑆𝐿}, where each 𝑆𝑖 represents a unique augmentation 
strategy. Each sub-policy 𝑆𝑖 consists of 𝐾 consecutive image-processing 
operations (𝑂(𝑖)

1 ,… , 𝑂(𝑖)
𝐾 ), such as shear, rotate, or color adjustments. 

Table  1 provides a comprehensive list of all 16 candidate operations 
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Fig. 1. Overview of the proposed ERIEP framework. Part (a) shows the EPM that generates perturbed images. Part (b) illustrates the learning process, where invariant features 
are learned and the main model  is optimized with guidance from the reference model  through loss computation and periodic synchronization. Here, 𝐿 denotes the number 
of sub-policies, and 𝐾 represents the number of operations in each sub-policy
available to the EPM, grouped by category together with the type 
of learnable magnitude 𝜇 (continuous, discrete or none). Each oper-
ation 𝑂(𝑖)

𝑘  is applied with a probability 𝑝(𝑖)𝑘  and magnitude 𝜇(𝑖)
𝑘 . These 

parameters (𝑝(𝑖)𝑘 , 𝜇(𝑖)
𝑘 ) are learned during the optimization process. Dur-

ing training, a differentiable controller assigns soft weights 𝑤𝑘,𝑛 to 
every candidate operation 𝑂(𝑛)

𝑘  via a temperature-controlled softmax; 
the perturbed image at stage 𝑘 is the weighted sum of all candidate 
outputs. This design allows gradients to flow simultaneously to the 
operation-selection weights as well as to the probability and magnitude 
parameters. Once the search converges, we discretely sample the top-
1 operation per stage according to 𝑤𝑘,𝑛 to form the final policy used 
in inference. The sub-policies are therefore able to create diverse yet 
realistic environmental perturbations, enhancing the robustness of our 
model to various image transformations. 
𝐱𝑝 = 𝑆(𝐱𝑜;𝑀,𝑃 ,𝑊 ) (1)

𝐩(𝐲|𝐱𝑝) = NL(𝐱𝑝) (2)

Where 𝐱𝑜 represents the input original image, 𝑆(⋅;𝑀,𝑃 ,𝑊 ) is the 
sub-policy function composed of L sub-policies, each with learnable 
parameters 𝑀,𝑃 ,𝑊 . Here, 𝑀 = (𝜇1,… , 𝜇𝐾 ) represents the magnitude 
parameters, 𝑃 = (𝑝1,… , 𝑝𝐾 ) represents the probability parameters, and 
𝑊  represents the weights for selecting operations. 𝐱𝑝 is the perturbed 
image output. NL is the newly added network layer that processes 
the perturbed image. 𝐲 represents the class label, and 𝐩(𝐲|𝐱𝑝) is the 
probability distribution over class labels given the perturbed image. 
Each sub-policy 𝑆𝑖 in 𝑆 consists of 𝐾 consecutive image transformation 
operations, optimized to create diverse yet realistic environmental 
perturbations.

Objective and Loss Formulation: The primary objective during the 
training of the EPM is to minimize the distance between distributions 
of the augmented and the original images, while ensuring consistent 
classification results. The total loss function for the EPM is formulated 
as: 
EPM = 𝑑𝜃(,′) + 𝜖𝑙 (3)

Where  is a mini-batch of training samples,  = {𝑆(𝐱𝑜;𝑀,𝑃 ,𝑊 ); (𝐱𝑜, ⋅)
∈ } is the set of augmented images, ′ is another batch sampled 
from the training set, and 𝜖 is a weighting parameter. 𝑑𝜃(⋅, ⋅) is the 
Wasserstein distance with learnable parameters 𝜃, implemented using 
Wasserstein GAN with gradient penalty. The classification loss 𝑙 is 
defined as: 
𝑙 = E(𝐱,𝑦)∼(𝑓 (𝐱), 𝑦) + E(𝐱′ ,𝑦′)∼′(𝑓 (𝐱′), 𝑦′) (4)

Where  is the cross-entropy loss function, and 𝑓 is the image classifier.
3 
Table 1
Augmentation operations in EPM and the type of learnable magnitude parameter 𝜇.
 Category Operation Magnitude type 
 

Affine

shear_x continuous  
 shear_y continuous  
 translate_x continuous  
 translate_y continuous  
 rotate continuous  
 flip none  
 

Color

solarize discrete  
 posterize discrete  
 invert none  
 contrast continuous  
 color continuous  
 brightness continuous  
 sharpness none  
 auto_contrast none  
 equalize none  
 Other cutout discrete  
 sample_pairing continuous  

3.3. Processing the original image through the neural network model

To achieve a comprehensive understanding of the impact of the 
perturbation module, it is essential to first analyze the response of the 
neural network model to the original image. This step establishes a 
baseline for comparison with the results after applying environmental 
perturbations.

Model Processing and Loss Computation: The original image, 𝐱𝑜, 
serves as the input to our trained neural network model  . The image 
undergoes the typical transformations and convolutions defined by the 
network architecture: 

𝐲̂ =  (𝐱𝑜) (5)

Here, 𝐲̂ represents the predicted probability distribution over classes 
obtained after processing 𝐱𝑜 through  .

Cross-Entropy Loss Computation: We use cross-entropy loss as the 
standard metric for our classification task. Given the true label of the 
image as 𝐲 (a one-hot encoded vector) and the predicted output 𝐲̂, the 
cross-entropy loss is defined as: 

 = −
𝑁
∑

𝑦𝑖 log(𝑦̂𝑖) (6)

𝑖=1
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Where 𝑦𝑖 is the actual label for class 𝑖 (either 0 or 1 in the one-hot 
encoding), and 𝑦̂𝑖 is the predicted probability for class 𝑖.

By measuring the network’s response to 𝐱𝑜 and quantifying it via 
 , we establish a baseline against which the effect of environmental 
perturbations can be evaluated in subsequent steps of our analysis.

3.4. Processing the perturbed image through the reference model

To measure the effectiveness and potential influence of the envi-
ronmental perturbation, we process the perturbed image through a 
separate reference model. This step allows us to compare the outputs of 
the original and perturbed images, providing insights into the impact 
of our perturbation module.

3.4.1. Reference model forward pass
The perturbed image, 𝐱𝑝, serves as input to our reference neural 

network model . This model has an identical structure to the main 
model  , but its weights are periodically synchronized with   and 
remain static during certain phases of training, acting as a benchmark. 
When 𝐱𝑝 is processed, we have: 

𝐲̂𝑝 = (𝐱𝑝) (7)

Here, 𝐲̂𝑝 represents the predicted probability distribution over
classes obtained after processing 𝐱𝑝 through .

3.4.2. Cross-entropy loss computation for perturbed image
We use cross-entropy loss to quantify the difference between the 

predicted outputs from the perturbed image and the actual labels. 
Given the true label 𝐲 (a one-hot encoded vector) and the predicted 
output 𝐲̂𝑝, the cross-entropy loss is represented as: 

 = −
𝑁
∑

𝑖=1
𝑦𝑖 log(𝑦̂𝑝,𝑖) (8)

Where 𝑁 is the total number of classes, 𝑦𝑖 is the actual label for class 𝑖
(either 0 or 1 in the one-hot encoding), and 𝑦̂𝑝,𝑖 indicates the predicted 
probability for class 𝑖 from the perturbed image.

3.5. Final objective function formation

Our ultimate objective is to minimize the loss of the original image 
while ensuring that the difference between the losses of the original 
and perturbed images remains small. This approach encourages the 
model to be robust to perturbations while maintaining high accuracy 
on unperturbed images.

Let   be the cross-entropy loss obtained from the main neural 
network model when processing the original image, and  be the 
cross-entropy loss obtained from the reference model when processing 
the perturbed image. Our final objective function final is formulated 
as: 
final =  + 𝛼 ⋅ | − | (9)

Where 𝛼 is a hyperparameter that controls the trade-off between model 
accuracy and robustness to perturbations. A larger 𝛼 places more 
emphasis on making the model robust to perturbations, while a smaller 
𝛼 prioritizes accuracy on unperturbed images. The optimal value of 𝛼
can be determined through cross-validation or other hyperparameter 
tuning techniques.

During training, we update the weights of the main model 
and the perturbation module to minimize final. The weights of the 
reference model  are periodically synchronized with   but remain 
static during the optimization process, serving as a stable target for the 
perturbation module. This design not only improves robustness but also 
enhances interpretability, as the consistency between   and  under 
perturbations encourages the model to rely on stable, semantically 
relevant features rather than spurious patterns.
4 
3.6. Optimizing neural networks for robustness against environmental per-
turbations

In Algorithm 1, we present the two-stage Optimized Environmental 
Perturbation Training Strategy, a novel approach for training neural 
network models.

The training is divided into two distinct stages. In the first stage, the 
EPM is independently optimized to generate meaningful and diverse 
perturbations based on specific objectives. Once the EPM reaches con-
vergence, it is then used in the second stage to guide the training of 
the main model. The second stage incorporates a Reference Model 
alongside the main Neural Network Model  . Here, the EPM perturbs 
the input images, and both clean and perturbed samples are used to 
compute a combined loss that promotes robustness.

The key feature of this algorithm is the synchronization of weights 
between   and  at regular intervals, defined by a parameter
𝑠𝑦𝑛𝑐_𝑓𝑟𝑒𝑞. This delayed synchronization maintains a stable reference 
signal and enhances the contrastive training effect, avoiding premature 
convergence between   and .

Algorithm 1 Optimized Environmental Perturbation Training Strategy
Require: Original image 𝐱𝑜, Neural Network Model  , Reference Model , 

Synchronization Frequency 𝑠𝑦𝑛𝑐_𝑓𝑟𝑒𝑞, Learning Rate
Ensure: Trained   and Environmental Perturbation Module 𝐸𝑃𝑀
Perturbation Parameter Optimization
1: procedure Optimize EPM
2:  Initialize perturbation parameters 𝑀,𝑃 ,𝑊
3:  Set learning rate.
4:  for each epoch do
5:  Fetch original image 𝐱𝑜.
6:  Generate perturbed image 𝐱𝑝 = 𝑆(𝐱𝑜;𝑀,𝑃 ,𝑊 ).
7:  Compute the loss EPM = 𝑑𝜃(,′) + 𝜖𝑙.
8:  Update EPM parameters 𝑀,𝑃 ,𝑊  using gradient descent.
9:  end for
10:  Stop if convergence criteria are met.
11: end procedure
 Network Robustness Optimization with Adaptive Perturbation
1: procedure Train Network
2:  Initialize   and  with random weights
3:  for each iteration do
4:  𝐱𝑝 = 𝐸𝑃𝑀(𝐱𝑜)
5:  𝐲̂ =  (𝐱𝑜)
6:   = −

∑𝑁
𝑖=1 𝑦𝑖 log(𝑦̂𝑖)

7:  𝐲̂𝑝 = (𝐱𝑝)
8:   = −

∑𝑁
𝑖=1 𝑦𝑖 log(𝑦̂𝑝,𝑖)

9:  final =  + 𝛼 ⋅ | − |

10:  Update   using final
11:  Update EPM using final
12:  if iteration mod 𝑠𝑦𝑛𝑐_𝑓𝑟𝑒𝑞 == 0 then
13:  .weights =  .weights
14:  end if
15:  end for
16: end procedure

4. Experiments

In this section, we present our experimental setup and results on 
multiple datasets, with a focus on evaluating our proposed training 
method’s effectiveness in improving model robustness and generaliza-
tion.

4.1. Datasets and perturbation techniques

Our primary experiments were conducted on the CIFAR-10
(Krizhevsky, 2009) image classification dataset, which contains 10 
classes with 50,000 32 × 32 training images and 10,000 test images. 
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Table 2
Detailed perturbation methods.
 Perturbation Operations Parameters  
 1 Random erasing Scale = (0.01,0.05)  
 RandomCrop size = 32, padding = 4  
 
2

Random rotation Degree=15  
 Random horizontal flip –  
 Color jittering Brightness = 0.4, Contrast = 0.4 
 3 Gaussian blur Kernel size = 3, Sigma = 0.5  

We evaluated the top-1 accuracy on both the original test set and under 
three types of perturbations.

Table  2 provides a detailed overview of the perturbation techniques 
employed in our experiments. These techniques were carefully designed 
to simulate various changes and challenges in real-world image capture 
processes.

We utilized three main perturbation methods:

1. The first combines random erasing (simulating partial object 
occlusion) and random cropping (mimicking different framing);

2. The second integrates random rotation, random horizontal flip-
ping, and color jittering, simulating camera angle variations, 
object orientation changes, and lighting condition alterations 
respectively;

3. The third applies Gaussian blur to emulate camera focus issues 
or motion blur.

Each perturbation is implemented with specific parameter settings to 
ensure reasonable and effective distortion effects. By incorporating 
these diverse perturbations, we aim to enhance our model’s robustness 
and generalization capabilities, better preparing it for the complexities 
of real-world scenarios.

4.2. Experimental settings

To evaluate the effectiveness of our proposed method, we conducted 
experiments with various Convolutional Neural Network (CNN) archi-
tectures, including 8-Layer CNN, VGG-16 (Simonyan and Zisserman, 
2014), ResNet-18 (He et al., 2016), and ConvNeXt (Liu et al., 2022). 
Each model was trained under two settings: conventional training, 
which follows the standard procedure of optimizing cross-entropy loss 
on the training set, and our proposed method, as described in Section 3, 
incorporating our novel training techniques.

For all models on CIFAR-10, we employed the Adam optimizer and 
trained for 50 epochs, while keeping other hyperparameters at their 
default values. Regarding specific architectural details, VGG-16 utilized 
three linear layers (512-512, 512-256, 256-10) for classification. The 8-
Layer CNN had channel configurations of [64, ‘M’, 128, ‘M’, 256, 256, 
‘M’, 512, 512, 512, 512] with a 3 × 3 kernel size, and its linear layers 
were identical to those of VGG-16. For ConvNeXt, we resized CIFAR-10 
images to 224 × 224 before training to fit the input dimension.

We further extended our experiments to CIFAR-100 and ImageNet-
1K datasets using ResNet-50 and ResNet-101 architectures. In these ad-
ditional experiments, we compared our proposed ERIEP with CrossEn-
tropy, Supervised Contrastive Learning (SupCon) (Khosla et al., 2021), 
and Unified Contrastive Learning (UniCL) (Yang et al., 2022). The 
results of these experiments are presented in Table  4. To ensure reli-
ability, all experiments were repeated independently three times, and 
we report the averaged results.

For CIFAR-10 experiments, we used a learning rate of 0.001 for 
the Adam optimizer. For CIFAR-100 and ImageNet-1K, we trained the 
models for 200 and 90 epochs, respectively. We employed the Adam 
optimizer with a momentum of 0.9 and an initial learning rate of 
0.1, which was decreased by a factor of 10 at 60% and 80% of the 
total epochs. All experiments were conducted on a system equipped 
with two NVIDIA GeForce RTX 3090 GPUs (24 GB VRAM each), using 
PyTorch 1.13.1 and CUDA 11.7. The system also featured an Intel Core 
i9 12900KS CPU and 64 GB of RAM.
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Table 3
Model accuracy on original and perturbed CIFAR-10. The term ‘Standard’ denotes the 
conventional training methodologies.
 Perturbation method Method 8-Layer-CNN VGG-16 ResNet-18 ConvNext 
 None Standard 76.74 80.43 78.13 80.71  
 ERIEP(Our) 80.01 84.21 80.21 82.21  
 perturb-1 Standard 39.97 49.52 31.34 38.98  
 ERIEP(Our) 63.17 67.21 35.41 42.01  
 perturb-2 Standard 40.98 49.10 34.43 38.80  
 ERIEP(Our) 66.07 68.52 39.07 40.51  
 perturb-3 Standard 55.43 61.86 48.69 46.23  
 ERIEP(Our) 77.60 80.91 50.11 52.14  

Table 4
Comparison of image classification performance on CIFAR-100 and ImageNet-1K using 
CrossEntropy, SupCon, UniCL, and our Enhanced Robust Image Encoding Pipeline 
(ERIEP). The results are reported for both ResNet-50 and ResNet-101 architectures.
 Dataset Method ResNet-50 ResNet-101 
 
CIFAR-100

CrossEntropy 75.3 78.8  
 SupCon 76.5 79.6  
 UniCL 78.4 81.4  
 ERIEP (Ours) 80.1 83.2  
 
ImageNet-1K

CrossEntropy 78.2 79.8  
 SupCon 78.7 80.2  
 UniCL 78.1 79.9  
 ERIEP (Ours) 81.7 83.6  

4.3. Analysis and results

Table  3 illustrates an evaluation of the proposed ERIEP methodol-
ogy across a variety of models including 8-Layer-CNN, VGG-16, ResNet-
18, and ConvNext, against standard methodologies on both original and 
perturbed CIFAR-10 datasets. The analysis explains the performance 
of ERIEP under both unperturbed and various perturbed conditions 
in detail. All results in this section are reported on a completely 
independent test set, which was not used for training or validation at 
any stage. To better reflect real-world noise conditions, we selected per-
turbation techniques such as Gaussian blur, color jitter, and occlusion. 
These techniques are intended to simulate common artifacts in natural 
image acquisition, including motion blur, lighting variation, and sensor 
noise. Although synthetic, these perturbations are intended to serve as 
controlled proxies for complex environmental disturbances that models 
may encounter in practical scenarios.

Under unperturbed conditions, ERIEP consistently manifests supe-
rior accuracy across all employed models compared to standard train-
ing methodologies. Specifically, in the VGG-16 model, ERIEP achieved 
an accuracy of 84.21%, surpassing the 80.43% achieved by the stan-
dard method. This enhanced performance underscores ERIEP’s superior 
capability in comprehending and processing core visual features of 
images, culminating in heightened classification accuracy.

Under varied perturbed conditions, ERIEP continues to exemplify 
eminent performance relative to the conventional methods. For in-
stance, under the ‘perturb-1’ condition, ERIEP in the VGG-16 model 
actualized an accuracy rate of 67.21% while the conventional coun-
terpart reached only 49.52%. This insight accentuates the robustness 
and adaptability of ERIEP in complex, noise-induced environments, 
particularly when subjected to diverse environmental perturbations.

When analyzing performance disparities amongst different models, 
it is discernible that ERIEP enhances performance universally across 
diverse models, indicating a prolific applicability of the methodol-
ogy. Even in models like ResNet-18, where the relative advantage 
is somewhat moderate, ERIEP still portrays its applicative potential 
and reliability across diversified model architectures and operational 
environments (Huang et al., 2023).



L. Cheng et al. Engineering Applications of Artiϧcial Intelligence 159 (2025) 111619 
Through the scrutiny of results under multitudinous perturbed con-
ditions, ERIEP delineates comprehensive superiority and exceptional 
noise resistance, thereby fortifying the interpretative capabilities of the 
models. This robustness suggests that ERIEP can help ensure stable 
predictions even in field deployments where environmental conditions 
may vary unpredictably. This not only augments the explanatory power 
of models but also facilitates the deployment of models in environments 
characterized by a plethora of complexities and variabilities (de Jong 
and Bosman, 2019).

To further validate the effectiveness of our proposed method, we 
extended our experiments to more challenging datasets: CIFAR-100 
and ImageNet-1K. Table  4 presents the results of these experiments, 
comparing ERIEP with CrossEntropy, SupCon, and UniCL methods on 
ResNet-50 and ResNet-101 architectures.

As evident from Table  4, ERIEP consistently outperforms CrossEn-
tropy, SupCon, and UniCL methods across different architectures and 
datasets. On CIFAR-100, ERIEP achieves an 4.8% and 4.4% improve-
ment over CrossEntropy for ResNet-50 and ResNet-101, respectively. 
Similarly, on the more challenging ImageNet-1K dataset, ERIEP demon-
strates substantial improvements, with a 3.5% increase in accuracy for 
ResNet-50 and a 3.8% increase for ResNet-101 compared to CrossEn-
tropy. Furthermore, ERIEP surpasses the performance of UniCL by 
1.7% and 1.8% on CIFAR-100 and 3.6% and 3.7% on ImageNet-1K for 
ResNet-50 and ResNet-101, respectively.

These results on larger and more complex datasets further corrob-
orate the effectiveness of ERIEP in enhancing model performance and 
generalization capabilities. The consistent superiority of ERIEP across 
different model architectures and datasets, including its advantage over 
the state-of-the-art UniCL method, underscores its potential as a robust 
and versatile approach for improving image classification tasks.

In conclusion, the experimental outcomes lucidly demonstrate that 
ERIEP consistently achieves significant performance enhancements
across diverse models under both unperturbed and multiple perturbed 
conditions. Moreover, its effectiveness extends to more challenging 
datasets and complex model architectures, outperforming even the 
state-of-the-art UniCL method. This proves that ERIEP not only excels 
on standard datasets but also demonstrates high adaptability and ro-
bustness against various perturbations likely encountered in real-world 
environments. This detailed analysis corroborates the methodological 
innovations posited by ERIEP, namely providing enriched interpre-
tative insights and robust performances in noise-pervaded environ-
ments (Rawat and Wang, 2017).

5. Ablation

5.1. Quantitative analysis on robustness against Gaussian noise

This subsection aims to provide a rigorous quantitative assessment 
of the model’s robustness to Gaussian noise perturbations. A compre-
hensive comparison is conducted between the test accuracies achieved 
using our proposed training methodology (ERIEP) and those obtained 
through traditional training approaches. We employ various degrees of 
Gaussian noise as an intentionally manipulated parameter, facilitating 
a comprehensive examination of the efficacy of our training approach 
in enhancing the model’s resilience to stochastic image degradation. 
Here, the noise level refers to zero-mean Gaussian noise with varying 
standard deviations added to each pixel of the image.

As delineated in Fig.  2, we observe the trend of test accuracy 
on CIFAR-10 when subjected to increasing levels of Gaussian noise. 
Notably, both the model trained with our proposed ERIEP method and 
the one trained with standard techniques demonstrate a decrement in 
accuracy as the noise level intensifies. However, what deserves atten-
tion is the relative robustness exhibited by our method, consistently 
maintaining a higher degree of accuracy under noisier conditions.

At the baseline (noise level 0), ERIEP achieves a slightly higher ac-
curacy (approximately 87%) compared to the standard method (around 
6 
Fig. 2. Test accuracy under Gaussian noise perturbations.

Fig. 3. Model invariance across architectural depths.

84%). As the noise level increases, the performance gap between ERIEP 
and the standard method becomes more pronounced. For instance, at a 
noise level of 0.2, ERIEP maintains an accuracy of about 52%, while the 
standard method’s accuracy drops to approximately 30%, showcasing 
a significant 22% difference.

The robustness of ERIEP is particularly evident in high-noise scenar-
ios. At a noise level of 0.4, where image quality is severely degraded, 
ERIEP still manages to maintain an accuracy of about 25%, while the 
standard method’s performance declines to approximately 18%. This 
demonstrates ERIEP’s superior ability to extract meaningful features 
even under extreme noise conditions.

The experimental results validate the efficacy of our proposed train-
ing technique in enhancing model robustness. By incorporating the En-
vironmental Perturbation Module and contrastive learning, the model 
learns useful feature representations that are invariant to random per-
turbations, imparting a degree of fault tolerance as evidenced by main-
taining high test accuracy under noisy conditions. The addition of 
the environment disturbance module during training constructs an 
adversarial setting for the model, compelling it to grasp key visual 
concepts despite noise interference.

Furthermore, the consistent performance advantage of ERIEP across 
all noise levels suggests that our method not only improves robustness 
but also enhances the overall feature learning capability of the model. 
This is reflected in the higher baseline accuracy and the sustained 
performance under increasing noise levels.

In summary, both qualitative and quantitative analyses substan-
tiate that our ERIEP approach significantly boosts model robustness, 
enabling maintenance of strong performance under complex noisy con-
ditions. The results underscore the potential of ERIEP in real-world ap-
plications where image quality may be compromised or unpredictable, 
offering a more reliable solution for image classification tasks in chal-
lenging environments.
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Fig. 4. (a, f) Original images from ImageNet-1K; (b, g) Grad-CAM from ResNet-18 on original images; (c, h) Perturbed images with Gaussian blur; (d, i) Grad-CAM from ERIEP 
on perturbed images; (e, j) Grad-CAM from ResNet-18 on perturbed images.
5.2. Ablation study on CNN architectural depth

To investigate the role of architectural complexity in the effective-
ness of our proposed training methodology, we conducted an ablation 
study using CNNs of varying depths. Specifically, we trained models 
with architectures consisting of 4, 8, 12, and 16 layers on the CIFAR-
10 training set (see Fig.  3). Subsequently, to evaluate the robustness of 
the trained models, we introduced Gaussian noise (mean=0, standard 
deviation=0.2) to the CIFAR-10 test set and measured the performance 
variations across the different architectures.

Firstly, the experimental results substantiate that our training ap-
proach consistently and significantly enhances performance across a 
range of architectural depths. This underlines the scalability and poten-
tial applicability of our methodology, particularly in contexts involving 
deeper Convolutional Neural Network architectures.

However, an intriguing observation is the deceleration of perfor-
mance gains as the depth of the model increases. Multiple factors could 
account for this phenomenon. For instance, deeper models may be 
susceptible to overfitting, especially when training data are limited. 
Such overfitting could impede the model’s generalization capabilities 
on the perturbed test set.

In summary, this ablation study provides valuable insights into the 
relationship between model depth and the efficacy of our training 
approach. While consistently boosting performance across architectural 
scales, the benefits appear to taper off in very deep models, likely 
due to overfitting as well as other factors like vanishing gradients. 
Further research into regularization techniques and expanded datasets 
may help address these challenges. Overall, our training methodology 
demonstrates strong potential, particularly for moderately deep CNN 
architectures.

5.3. Qualitative analysis of interpretability under perturbation

To support the core claim that ERIEP enhances interpretability by 
learning invariant features, we conduct a Grad-CAM (Selvaraju et al., 
2019) based qualitative analysis on two representative ImageNet-1K 
samples (a bird and a dog). Each image is processed in the following 
manner: (1) the original image is passed through both a standard 
ResNet-18 and our ERIEP-enhanced model to obtain Grad-CAM maps; 
(2) a perturbed version of the same image is generated using Gaussian 
blur with a radius of 9, simulating strong environmental noise; (3) both 
models are evaluated again on the perturbed image using Grad-CAM.

As illustrated in Fig.  4, the Grad-CAM visualizations show that 
ERIEP consistently focuses on semantically meaningful regions (e.g., 
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the head or torso of the object), even under heavy blur. In contrast, the 
standard ResNet-18 exhibits attention drift or diffused focus under the 
same perturbations. These results qualitatively demonstrate ERIEP’s im-
proved interpretability and robustness through noise-invariant feature 
learning.

6. Conclusion and future work

This paper presents ERIEP, an innovative contrastive learning ap-
proach designed to enhance model robustness and interpretability in 
the face of real-world environmental disturbances. ERIEP integrates 
an EPM to simulate realistic disturbances and adopts a dual-input 
training strategy that leverages both original and perturbed images. 
This approach enables the model to learn invariant features and noise-
resistant strategies, thereby improving its generalization capabilities 
and interpretability. Our extensive experiments on CIFAR-10, CIFAR-
100, and ImageNet-1K demonstrate ERIEP’s versatility across different 
model architectures and its superior performance under various levels 
of image degradation. ERIEP consistently outperforms several state-of-
the-art baselines, including CrossEntropy, SupCon, and UniCL, show-
casing its effectiveness in enhancing model robustness. Furthermore, 
our ablation studies reveal ERIEP’s ability to achieve more stable and 
optimized learning processes, highlighting its potential for real-world 
applications.

In the future, we plan to extend ERIEP to more diverse tasks such 
as object detection and semantic segmentation, investigating its appli-
cability in challenging real-world deployment scenarios, and exploring 
its potential in transfer learning and few-shot learning contexts. By 
addressing the challenges posed by environmental disturbances, our 
work contributes to the broader goal of creating more reliable and 
adaptable systems for real-world applications.
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