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Tiny ImageNet datasets using three CNN architectures (ResNet-18, DenseNet-
Keywords: 121, ShuffleNet v2). Following recent robustness literature, we treat these
Concept drift; Image classification; Model ex- controlled test-time transformations as synthetic covariate-shift proxies for the
plainability; Grad-cam; Statistical drift detec- input-distribution component of drift rather than as temporal concept drift in
tion the strict sense. For CIFAR-10, accuracy declines from a baseline of 79-86% to
as low as 24% under strong noise drift, while SSIM and IoU between baseline
and drifted heatmaps fall from nearly 100% to as low as 18% and 25%, respec-
tively. On Tiny ImageNet the degradation is even more pronounced: top-1 accu-
racy collapses from 40-60% to below 4% under the strongest noise drift, with
SSIM and IoU dropping to as low as 10% (per-architecture values are reported
in Section 4). Rotation and brightness prove markedly milder than noise and
blur, indicating that high-frequency corruptions are the principal threat to both
accuracy and attribution stability. Image-level paired tests (Wilcoxon signed-
rank and paired t-test) with effect sizes and bootstrap confidence intervals,
complemented by pixel-level distributional diagnostics (KS, Anderson-Darling,
Wilcoxon rank-sum), confirm significant shifts in heatmap distributions, reveal-
ing that drift alters not only model outputs but also internal attribution patterns.
The results demonstrate that different drift mechanisms degrade interpretabil-
ity in distinct ways and that explainability metrics are often more sensitive to
drift than accuracy itself. This work provides, to the best of our knowledge, one
of the first unified, quantitative evaluations of explainability degradation un-
der controlled visual drift, highlighting the need for adaptive, drift-aware XAI
pipelines in dynamic real-world environments.

1. Introduction

In real-world applications, machine learning models often encounter data distributions that differ
from those on which they were trained, a phenomenon known as concept drift [1]. Concept drift oc-
curs when the statistical properties of input data or their relationships with output labels change over
time [2]. This issue is particularly pronounced in high-stakes domains such as healthcare, semiconduc-
tor manufacturing, agriculture, recommendation systems, and fraud detection, where subtle distribu-
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tional shifts can significantly degrade model performance [3]. Recent works in medical imaging and
precision agriculture demonstrate that even robust architectures-such as DenseNet variants, YOLO-
based detectors, or hybrid CNN-BiLSTM pipelines-can experience severe performance drops when
exposed to real-world acquisition variability [4]. These studies highlight that domain changes, lighting
variations, sensor noise, and environmental fluctuations act as natural sources of drift, affecting both
prediction reliability and downstream decision-making.

The urgency of this issue has only accelerated in recent years, as distribution shift remains a ma-
jor failure mode when computer vision systems transition from static training environments to pro-
duction. Furthermore, Garcia-Rubio et al. [5] demonstrated how concept drift severely deteriorates
bounding-box accuracy in critical object detection models like YOLO, requiring dynamic Al-human col-
laborative monitoring. Similarly, recent overarching frameworks linking distribution shift directly to
Al safety underscore that failing to handle non-stationary visual data represents a fundamental vul-
nerability in trustworthy Al [6].

In the context of image classification, concept drift may manifest through environmental changes,
lighting variations, sensor noise, or transformations such as rotation and blur. These changes can
significantly degrade model performance, with accuracy dropping as models struggle to generalise to
new distributions [7].

To address these challenges, researchers increasingly rely on explainable Al (XAl) methods, which
provide insights into how models make predictions [8]. Grad-CAM and its extensions (e.g., Grad-
CAM++ and Smooth Grad-CAM++) produce visual heatmaps that identify regions influential for clas-
sification decisions [9, 10]. However, despite their popularity, the reliability of Grad-CAM-based ex-
planations under drifted conditions remains poorly understood [11]. Subtle or significant distribu-
tional shifts can produce misleading heatmaps, complicating interpretation and potentially under-
mining trust in model decisions [12].

In parallel, statistical methods such as the Kolmogorov-Smirnov test, Anderson-Darling test, Wilcoxon
test, and t-test are frequently used to detect distributional changes in evolving data streams [13].

1.1 Key Contributions and ldentified Gaps

This study systematically examines the impact of concept drift on both model performance and inter-
pretability, bridging a crucial gap in existing research. While prior studies primarily focus on accuracy
degradation, little attention has been paid to how drift affects explainability methods such as Grad-
CAM. Our findings reveal that concept drift can distort heatmaps, leading to misleading interpreta-
tions, an issue that has remained largely unexplored. Furthermore, although statistical methods are
widely used to detect distributional shifts, their application in assessing changes in model explana-
tions remains limited. By integrating statistical tests with explainability analysis, this study provides a
novel perspective on concept drift evaluation.

1.2 Methodological Approach and Empirical Strategy

To investigate the interplay between concept drift, model performance, and interpretability, this study
examines four types of drift-noise, blur, rotation, and brightness-at varying intensities. We train three
convolutional neural network architectures, ResNet-18 [14], DenseNet-121 [15], and ShuffleNet v2 [16],
on the CIFAR-10 and Tiny ImageNet datasets and introduce controlled drift perturbations to the test
set. Model performance is assessed by classification accuracy, and interpretability is evaluated us-
ing Grad-CAM and Grad-CAM++ heatmaps. The impact of drift is quantified through complementary
similarity metrics SSIM, loU (evaluated at several thresholds), and continuous measures (Pearson cor-
relation, cosine similarity, and MSE) reported with bootstrap 95% confidence intervals. Statistical
significance is assessed primarily at the image level using paired tests (the Wilcoxon signed-rank test
and the paired t-test) accompanied by Cohen’s d effect sizes, and is complemented by pixel-level distri-
butional diagnostics (the Kolmogorov-Smirnov, Anderson-Darling, and Wilcoxon rank-sum tests). This
integrated approach enables a comprehensive understanding of drift effects on deep learning models.
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1.3 Research Questions
To address these identified gaps, this study investigates the following research questions:

¢ RQ1: How do different types of concept drift (e.g., noise, blur, rotation, and brightness) affect

the performance of image classification models?

e RQ2: How does concept drift impact the reliability and interpretability of Grad-CAM and Grad-

CAM++ based explainability in image classification tasks?

¢ RQ3: Can statistical methods highlight significant changes in Grad-CAM and Grad-CAM++ heatmaps

caused by concept drift?

The remainder of this paper is organised as follows. Section 2 reviews related work on concept
drift, explainability techniques, and statistical approaches to drift detection. Section 3 details the ex-
perimental setup, including the dataset, drift types, evaluation metrics, and statistical tests. Section 4
presents the experimental findings and discusses their implications for the performance and explain-
ability of the model. Section 5 discusses the main limitations of the study. Finally, section 6 concludes
the paper and outlines the directions for future research.

2. Related Work
2.1 Concept Drift and Statistical Methods for Detection

Concept drift occurs when the statistical properties of data change over time, which can severely
degrade machine learning performance. This issue is common in dynamic fields like medicine, agri-
culture, and security, where variables such as lighting, sensors, or seasons naturally fluctuate. As
deep learning models are increasingly deployed in these evolving environments, robust mechanisms
to detect and adapt to drift are essential.

Concept drift can be categorised by its nature. Virtual drift refers to changes in the input distri-
bution without altering the decision boundary, while novel class drift arises from the emergence of
previously unseen classes in the data. Real drift, on the other hand, describes changes in the condi-
tional distribution of labels given the inputs. Figure 1 illustrates these distinctions.
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Fig. 1. Types of concept drift based on data distribution: virtual drift, novel class drift, and real drift [17]

Concept drift can also be classified based on its temporal behaviour. Sudden drift represents an
abrupt change in the data distribution, whereas incremental drift involves a stepwise progression over
time. Reoccurring drift describes distribution changes that revert to previously observed patterns,
while gradual drift refers to smooth and continuous changes in the distribution. Figure 2 provides a
visual representation of these temporal categories.

Detecting concept drift is crucial for ensuring the reliability of deployed models. Various statisti-
cal methods have been proposed for this purpose. For instance, the Drift Detection Method (DDM)
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Fig. 2. Types of concept drift based on time: sudden, incremental, reoccurring, and gradual drift [17]

monitors the online error rate of classifiers to detect changes in the data distribution [18]. Adap-
tive Windowing (ADWIN) dynamically adjusts the size of a sliding window to detect changes in the
data stream, ensuring that the window contains data from a stationary distribution [19]. Additionally,
the Kolmogorov-Smirnov Windowing (KSWIN) method utilises the Kolmogorov-Smirnov test to detect
changes in the distribution of incoming data by comparing the most recent data with a reference win-
dow [20].

Recognizing the limitations of traditional statistical methods on high-dimensional data, recent re-
search has pivoted toward deep learning representations. Greco et al. [21] proposed DriftLens, a
framework that performs unsupervised concept drift detection in real-time by analysing distribution
distances directly within the latent space of unstructured data models. For a broader perspective on
distribution shift, Wiles et al. [22] provided a fine-grained analysis of how model performance varies
across shifted data distributions. Geirhos et al. [23] further showed that ImageNet-trained CNNs are
biased toward texture rather than shape, which helps explain their sensitivity to visual changes. Ad-
ditionally, unified paradigms for evolving machine learning are increasingly treating drift detection,
continual learning, and catastrophic forgetting as interconnected challenges in non-stationary envi-
ronments [24]. Recent approaches have also been proposed to handle heterogeneous multi-class
drift dynamically [25].

Drift detection methods, such as DDM and ADWIN, and more recent models developed based on
these approaches, are effective at identifying distributional changes in data streams. However, these
methods primarily focus on identifying drift and provide limited insight into how these shifts affect
a model’s interpretability. This limitation is particularly challenging in real-world scenarios, where
understanding the interplay between drift and model behaviour is crucial for building trust in machine
learning systems.

2.2 Explainability Techniques for Image Classification

As deep learning models [26] become more complex, explainability has become central to ensur-
ing transparency and user trust. For Convolutional Neural Networks (CNNs) [27] deployed in high-
stakes environments like medical imaging, understanding exactly how a model reaches its conclusions
is essential for safe and reliable deployment. Explainability methods have been developed to pro-
vide insights into these complex models, enhancing transparency and trust. A widely used technique
is Gradient-weighted Class Activation Mapping (Grad-CAM), which generates visual explanations by
highlighting the regions in an input image that are most influential for a model’s prediction. Grad-
CAM achieves this by utilising the gradients of a target class flowing into the final convolutional layer
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to produce a localisation map of important regions [8]. Despite its effectiveness, Grad-CAM has certain
limitations, such as difficulty in accurately localising multiple occurrences of the same class within an
image and challenges in capturing fine-grained details. To address these issues, Grad-CAM++ was in-
troduced as an extension that provides better visual explanations by considering higher-order deriva-
tives, resulting in improved object localisation and the ability to explain multiple object instances in a
single image [9]. To further improve these visualisation techniques, Smooth Grad-CAM++ combines
the strengths of SMOOTHGRAD [28] and Grad-CAM++ to produce clearer and more detailed visual ex-
planations. By adding noise to the input image and averaging the resulting Grad-CAM++ maps, Smooth
Grad-CAM++ reduces visual noise and improves the clarity of the generated explanations [10]. These
explainability methods are crucial for interpreting deep learning models, especially in sensitive appli-
cations such as medical imaging, where understanding the rationale behind a model’s decision is vital
to ensure reliability and trustworthiness [29]. However, the robustness of these explainability tech-
niques under dynamic conditions, such as those initiated by concept drift, remains largely unexplored.
Most studies assume a static data distribution, overlooking potential degradations in explainability
metrics like SSIM and loU when the data distribution shifts. This raises concerns about the reliability
of explainability methods in evolving environments.

The vulnerability of XAl under evolving conditions has become a focal point of recent research.
Teixera et al. [30] formally identified that concept drift creates major challenges for explainable Al,
as changing operational distributions silently alter feature importance, decision pathways, and the
model’s structural reasoning processes. This degradation limits the utility of XAl in dynamic percep-
tion tasks, such as 3D scene understanding and autonomous driving, where trustworthy monitoring
interfaces must accurately reflect real-time uncertainty under shift [31]. Moreover, researchers are
now attempting to invert the relationship, using XAl not just for visualisation, but as an active mecha-
nism for feature selection and adaptation to shifting data [32]. Despite these acknowledgments in the
recent literature, quantitative empirical studies measuring exactly how specific image drifts corrupt
XAl spatial overlap (e.g., loU and SSIM) remain scarce.

2.3 Positioning with Respect to Existing Work

To the best of our knowledge, no prior work simultaneously (1) introduces controlled pixel-level drifts
(noise, blur, rotation, brightness) on image-classification benchmarks such as CIFAR-10 and Tiny Im-
ageNet, (2) evaluates multiple CNN architectures under identical drift conditions, (3) quantifies the
effect of drift on Grad-CAM and Grad-CAM++ using similarity metrics such as SSIM and loU, and (4)
applies formal statistical hypothesis tests directly to saliency-map distributions. This combination of
controlled perturbation, explainability analysis, and statistical validation appears to be unexplored in
the existing literature.

The closest conceptual work to ours is the analysis by Adebayo et al., who demonstrate through
“Sanity Checks for Saliency Maps” that gradient-based explanations can behave unreliably and may fail
basic consistency criteria under certain perturbations [12]. While their study provides foundational
insight into the fragility of saliency methods, it does not frame the problem in terms of concept drift,
nor does it analyse heatmap similarity or distributional changes across controlled drift intensities.

Research on distribution shift in computer vision has largely focused on changes in data domains
rather than explanation stability. For example, Michaelis et al. introduce the Robustness benchmark
to study natural shifts such as fog, snow, and noise [33], and Recht et al. evaluate distribution shift
using new test sets for CIFAR and ImageNet [34]. These works examine accuracy degradation but do
not assess how explainability outputs behave under shift.

Consequently, our contribution is complementary to all existing directions: rather than proposing
a new drift detector or explainability method, we present, to the best of our knowledge and based
on the literature surveyed above, one of the first systematic, quantitative characterisations of how
specific, controlled drift mechanisms distort Grad-CAM/Grad-CAM++ explanations and model perfor-
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mance across multiple CNN architectures.

3. Methodology
3.1 Data Preparation

The experiments in this study are conducted using two image classification benchmarks: CIFAR-10
and Tiny ImageNet. CIFAR-10 consists of 60,000 RGB images of spatial resolution 32 x 32 distributed
across 10 object classes, with 50,000 images used for training and 10,000 for testing [35]. All images
are normalised using a channel-wise mean of (0.5, 0.5, 0.5) and a standard deviation of (0.5,0.5,0.5),
and no data augmentation is applied in order to isolate the effects of controlled concept drift pertur-
bations on model behaviour. Data loading is performed using PyTorch’s Datal.oader [36] with a batch
size of 128 to ensure efficient shuffling and batching. To further assess the scalability and robustness
of the proposed analysis, the Tiny ImageNet dataset is additionally employed as a higher-complexity
benchmark. Tiny ImageNet contains 200 object classes, each with 500 training images and 50 valida-
tion images, resulting in a total of 100,000 training samples and 10,000 validation samples. All images
are RGB with a spatial resolution of 64 x 64, and the same normalisation principles are applied unless
otherwise stated. A summary of the datasets used in this study is provided in Table 1.

All experiments were conducted on a workstation equipped with a NVIDIA GeForce RTX 3080 Lap-
top GPU (12 GB VRAM), an Intel Core i7 CPU with 8 cores, and 32 GB DDR5 RAM (4800 MHz). All
training and evaluation procedures were executed using Python 3.12.5 with CUDA 11.8 and PyTorch
2.5.0.

Table 1

Summary of datasets used in this study
Dataset Image Size Classes Train Size  Test/Val Size
CIFAR-10 32 x 32 10 50,000 10,000
Tiny ImageNet 64 x 64 200 100,000 10,000

3.2 Model Definition and Training
The classification model used in this study is a modified ResNet-18 architecture [14], a widely recog-
nised convolutional neural network for image classification. ResNet-18 was selected due to its well-
documented robustness in handling complex image features and its widespread use as a benchmark
in concept drift research. Its residual connections help mitigate the vanishing gradient problem, en-
suring stable performance even under shifting data distributions, making it an appropriate choice for
evaluating concept drift effects. To ensure that our findings are not architecture-dependent and to en-
hance the robustness of our conclusions, we also include two additional models: DenseNet-121 [15]
and ShuffleNet v2 [16]. DenseNet-121, known for its densely connected layers, facilitates gradient
flow and feature reuse, making it an effective choice for examining how drift impacts feature repre-
sentation. ShuffleNet v2, a lightweight model designed for efficient computation, provides insights
into how concept drift affects resource-constrained architectures. The inclusion of these diverse ar-
chitectures allows for a comprehensive evaluation of drift effects across different model designs. The
models are implemented using PyTorch and initialised from ImageNet-pretrained backbones, with the
classification head re-initialised for the target number of classes; no data augmentation is applied so
that the observed changes are attributable to the induced drift rather than to augmentation. Training
is performed using the cross-entropy loss function and the Adam optimiser. Adam (Adaptive Moment
Estimation) is chosen due to its efficiency in handling non-stationary objectives, a crucial property for
studying drifted data. It combines the advantages of AdaGrad and RMSProp, dynamically adapting
the learning rates for each parameter [37]. AdaGrad scales the learning rate inversely proportional
to the square root of past gradients, making it effective for sparse updates, while RMSProp stabilises
training by using a moving average of squared gradients [38].

We use Adam, which maintains running averages of both the gradients (m;) and their squared
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values (v;). These averages are then used to update the model weights as follows:

m; = Simy_1 + (1 — B1)8:, (1)

ve = Bovi1 + (1 — o)}, (2)
N my; “ \'A

= — = — 3

m; 1— {7 Vi 1— 57 ( )

m;
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Definitions: g; is the gradient of the loss function at time step . (31, 32 are the exponential decay
rates for the moment estimates. 7 is the learning rate. ¢ is a small constant to avoid division by zero.

To ensure the reproducibility and clarity of the experimental setup, all hyperparameters and con-
figuration details used throughout training, drift simulation, and explainability analysis are explicitly
summarised. The chosen settings reflect a balance between computational efficiency and empiri-
cal robustness, allowing the models to converge reliably while keeping the experimental pipeline
tractable across multiple architectures and drift scenarios. Standardised preprocessing, consistent
training schedules, and uniform drift intensities were applied across all models to enable fair compar-
ison. Table 2 provides a complete overview of the parameters used in the study, including training
hyperparameters, model configurations, drift settings, evaluation metrics, and statistical test specifi-
cations.

Table 2
Summary of all experimental parameters used in the study

Training and Model Parameters

Learning rate 0.001
Batch size 128
Optimizer Adam
Loss function Cross-Entropy
Epochs Up to 30, early stopping (patience 7); best epoch (~5) checkpointed
Models ResNet-18, DenseNet-121, ShuffleNet v2
Pretrained weights ImageNet (classification head re-initialised)
Input size 32x32 (CIFAR-10), 64 x64 (Tiny ImageNet)
Drift Simulation Parameters
Drift types Noise, Blur, Rotation, Brightness
Drift intensities 0-0.5 (12 levels: 10~5-103, 0.01-0.5)
Noise drift Additive Gaussian noise = + A (0,7?)
Blur drift Gaussian blur; kernel k = 3 + |10v], k € {3,5,7,9}
Brightness drift ColorJitter(brightness=vy)
Rotation drift RandomRotation with angle 8 = 45°y

Explainability & Evaluation Parameters
Explainability methods Grad-CAM, Grad-CAM++
Similarity metrics SSIM; loU (thresholds 0.3/0.5/0.7); Pearson; cosine; MSE
Statistical tests Image-level paired (Wilcoxon signed-rank, paired t) + Cohen’s d, boot-
strap 95% Cl; pixel-level KS, AD, Welch ¢, Wilcoxon rank-sum; o = 0.05
Target layer (Grad-CAM)  Penultimate conv block (ResNet 1ayer3, DenseNet denseblock3, Shuf-
fleNet stage3)

To address potential concerns regarding the short effective training duration, an empirical conver-
gence analysis was conducted. Because the models are fine-tuned from ImageNet-pretrained back-
bones without data augmentation to preserve the purity of the drift evaluation, they converge rapidly.
As illustrated by the representative learning curve for ResNet-18 on CIFAR-10 in Figure 3, validation
loss reaches its global minimum at epoch 5. Training uses a budget of up to 30 epochs with early
stopping (patience 7), and the best (epoch-5) snapshot is checkpointed; extending training beyond
this point consistently triggers overfitting across the evaluated architectures, evidenced by climbing
validation loss and plateauing validation accuracy. The early-stopped, best-epoch model therefore
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captures robust, generalizable feature representations before over-indexing on the static training dis-
tribution.
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Fig. 3. Representative training and validation loss/accuracy curves (ResNet-18 on CIFAR-10), demonstrating
optimal convergence and the onset of overfitting around epoch 5

3.3 Drift Simulation

In the concept-drift literature a distinction is drawn between covariate shift (a change in the input
distribution P(x) with the labelling function P(y | x) held fixed), real concept drift (a change in P(y |
x)), and synthetic corruption (controlled, parametric image transformations used to probe robustness,
as in the ImageNet-C/CIFAR-C benchmarks). The four operators studied here noise, blur, brightness,
and rotation are applied to a static test set and therefore do not alter the ground-truth labels; they
induce a synthetic, parametrically controlled covariate shift rather than temporal concept drift in an
evolving data stream. We adopt these operators deliberately, because their intensity can be dialled
continuously, allowing us to isolate the effect of a single, well-defined distributional change on both
accuracy and attribution maps. Throughout the paper we therefore use “drift” as shorthand for this
controlled input-distribution shift, and we restrict our conclusions accordingly (Section 5).

To analyse the impact of concept drift on model performance and explainability, four types of drift
are simulated: noise, blur, brightness, and rotation. Each drift type is applied to the test data at varying
intensities, ranging from minimal to severe. The specific transformations used are as follows:

* Noise: Gaussian noise scaled by intensity is added to the pixel values.

¢ Blur: Gaussian blur is applied with a kernel size proportional to the intensity.

¢ Brightness: Image brightness is adjusted linearly based on intensity.

¢ Rotation: Images are rotated by an angle proportional to the intensity, with a maximum of 45

degrees.

These transformations are implemented dynamically during evaluation, ensuring that the drifted
datasets reflect realistic scenarios of data distribution changes.

3.4 Grad-CAM and Grad-CAM++ Explainability

We evaluate explainability using Grad-CAM and Grad-CAM++, which generate heatmaps highlighting
the regions of an input image most influential to the model’s prediction. For every image, the class
activation map is computed with respect to the model’s predicted class (the arg-max of the logits), not
the ground-truth label, because at deployment time labels are unavailable and the quantity of practical
interest is the explanation actually shown to a user. The same predicted-class convention is used for
the clean and drifted versions of each image, so that any change in the heatmap reflects the drift rather
than a change of target class. Heatmaps are generated for both the original and drifted test datasets,
allowing a direct comparison of explainability under varying drift conditions. Each raw map is min-
max normalised to the [0, 1] range on a per-image basis (the standard pytorch-grad-cam output),
which is what makes the SSIM, loU and correlation comparisons commensurable across images and
thresholds. The maps are extracted from each network’s penultimate convolutional stage (ResNet-
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18 layer3, DenseNet-121 denseblock3, ShuffleNet v2 stage3): on the low-resolution inputs used
here the final stage collapses to a 1 x 1 spatial map, for which Grad-CAM is degenerate, whereas the
penultimate stage retains a 2 x 2—4 x 4 map that yields informative saliency.

Two further design choices follow from this setup: first, misclassified images are retained: they
receive a heatmap for their (possibly wrong) predicted class, since excluding them would bias the anal-
ysis towards the easy examples and would confound accuracy loss with attribution change. Second, no
spatial resizing of heatmaps is required, because within each dataset all images share a fixed resolution
(32 x 32 for CIFAR-10 and 64 x 64 for Tiny ImageNet) and the paired clean/drifted maps are there-
fore already aligned pixel-for-pixel. The per-image, paired quantitative metrics reported below never
average maps across different images; the class-averaged heatmaps are used only for qualitative vi-
sualisation, where we note that averaging over objects appearing at heterogeneous spatial locations
can blur fine localisation and is interpreted with corresponding caution. The generated heatmaps are
stored for quantitative and qualitative analysis.

3.5 Metrics for Evaluation

To assess the impact of concept drift on model performance and explainability, we use a combina-
tion of predictive accuracy, similarity-based metrics, and statistical tests. Accuracy quantifies changes
in classification performance, while SSIM and loU measure structural and spatial alignment of XAl
heatmaps before and after drift. In addition, the Mean Squared Error (MSE) captures pixel-wise devi-
ations between attribution maps.

Choice of similarity metrics. SSIM and loU are used because they capture two complementary and
interpretable notions of “the same explanation”. SSIM operates directly on the continuous, min-max-
normalised attribution field and summarises whether the local luminance/contrast structure of the
saliency map is preserved, without requiring any thresholding. loU, by contrast, targets the practically
relevant question of whether the most salient region the part of the map a practitioner would actually
act on, still overlaps after drift; it is therefore computed on the top-activation mask rather than as a
segmentation score. Because attribution maps are continuous fields rather than segmentation masks,
we do not rely on loU alone: we additionally report continuous, threshold-free measures (the Pearson
correlation and cosine similarity between the raw maps, alongside MSE) so that conclusions do not
hinge on any single binarisation.

loU threshold and its sensitivity. The loU mask is obtained by thresholding the per-image min-max-
normalised map; we adopt 0.5 (i.e. the upper half of each map’s dynamic range) as the default. Be-
cause a single threshold could bias the conclusions, we perform a sensitivity analysis and recompute
loU at 0.3, 0.5 and 0.7. The relative ordering of drift types and the monotonic decline of overlap with
drift intensity are preserved across all three thresholds (the absolute loU shifts up at lower thresholds
and down at higher ones, as expected), confirming that the reported trends are not artefacts of the
0.5 choice.

Statistical unit and test selection. The statistical unit of analysis is the image: each test image con-
tributes one clean heatmap and one drifted heatmap, forming a natural matched pair. Our primary
analysis is therefore paired at the image level for each image we summarise the clean-versus-drifted
change by its per-image similarity and test, across the IV images, whether the median change differs
from zero using the Wilcoxon signed-rank test, with the paired ¢-test as a parametric cross-check. Sta-
tistical significance is reported together with a paired Cohen’s d effect size and a percentile bootstrap
95% confidence interval for the mean similarity, so that practical significance is not inferred from p-
values alone. For completeness we also retain the pixel-level, two-sample diagnostics used in earlier
drafts (the Kolmogorov-Smirnov, Anderson-Darling and Wilcoxon rank-sum tests) that compare the
marginal distributions of clean and drifted heatmap activations; because these pool spatially autocor-
related pixels and treat them as independent, they are highly sensitive and are interpreted only as
distributional descriptors, not as the primary evidence.
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For brevity, only high-level descriptions of the metrics are provided here. All mathematical defini-
tions and complete formulas are moved to 7.

3.6 Experimental Workflow
The experimental workflow, as presented in the diagram below, comprises the following steps:
1. Model Training: Train the CNN model on the CIFAR-10/Tiny ImageNet dataset to establish a
baseline for accuracy and explainability metrics.
2. Baseline Metrics Computation: Generate XAl heatmaps on the original dataset and compute
baseline metrics, including SSIM, loU, and accuracy.
3. Drift Simulation: Apply different types of drift (e.g., noise, blur, brightness, and rotation) at
varying intensities to the test dataset.
4. Drifted Metrics Computation: Generate XAl heatmaps on drifted datasets and compute corre-
sponding metrics to quantify the effect of drift.
5. Metric Comparison: Compare metrics from baseline and drifted datasets to assess the impact
of concept drift on explainability and performance.
6. Statistical Testing: Perform statistical tests (e.g., KS, AD, t-test, Wilcoxon) to identify significant
differences in heatmaps and metrics caused by drift.
7. Result Analysis: Visualise average heatmaps and analyse class-specific patterns to facilitate
gualitative and quantitative insights.
This workflow, as illustrated in Figure 4, enables a structured and comprehensive evaluation of the
impact of concept drift on both model performance and XAl-based explainability.

[ Start: Train Model on Data }

v

Compute Baseline Metrics}—[ Generate Grad-CAM Heatmaps J—{ Apply Concept Drift }

v

Compute Metrics
on Drifted Data

Compare Metrics o
(Original vs Drifted)

| U )

v

v
= =

Perform Statistical Tests

o _

v

End: Analyze Results

(S >

Fig. 4. Experimental Workflow for Evaluating Concept Drift and Explainability

To complement the workflow diagram, the experimental procedure is summarised in Algorithm 1.
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Input: Labeled dataset D, ImageNet-pretrained CNN backbone, drift types 7, and drift intensities A.

Output: Baseline and drifted performance metrics and explainability degradation analysis.

1. Preprocess dataset D and split it into training and test sets.

2. Load the ImageNet-pretrained CNN backbone and replace its final layer to match the number of

classes.

Train the model using cross-entropy loss and the chosen optimiser.

4. Evaluate the model on the clean test set, record accuracy, generate XAl heatmaps, and compute
class-wise averages.

5. Foreachd € T and a € A, apply drift (d, ), evaluate accuracy, generate and average heatmaps,
compare clean and drifted maps using SSIM and loU, and perform the stated statistical tests.

6. Summarise and visualise all performance and explainability metrics.

w

Algorithm 1: Experimental Pipeline for Drift Analysis

4. Results and Discussion

In this section, we present the experimental results assessing the impact of various types of concept
drift (noise, blur, rotation, brightness) on the performance and explainability of the trained image
classification model. The results are analysed in terms of accuracy, structural similarity (SSIM), inter-
section over union (loU), and statistical significance. Key findings are discussed to provide insights into
the interplay between model performance and explainability under drifted conditions.

4.1 Ablation Study

To isolate the contribution of individual drift factors, we conduct an ablation study in which each drift
type (noise, blur, brightness, rotation) is applied independently while keeping all other conditions
unchanged. The case of zero drift intensity serves as the control condition, representing the model’s
baseline behavior without any distributional shift. Comparing this baseline to results obtained under
increasing drift intensities allows us to quantify the specific impact of each drift component on both
accuracy and XAl based explainability.

Across all architectures, noise and blur produce the largest declines in both accuracy and heatmap
similarity, whereas brightness and rotation lead to more moderate but consistent degradations. Ro-
tation exhibits a mildly non-linear profile, with minimal disruption at low intensities. These results
confirm that different drift mechanisms influence model predictions and attribution maps in distinct
ways, highlighting the necessity of evaluating drift sources separately.

4.2 Model Performance and Drift Impact

The baseline (non-drifted) accuracy of the trained ResNet-18 model on CIFAR-10 was 84.06%. Grad-
CAM-based explainability metrics, namely the Structural Similarity Index (SSIM) and Intersection over
Union (loU), were computed for heatmaps generated on the test set, and under non-drifted conditions
both recorded perfect or near-perfect scores for all four drift types. Blur is the exception at low inten-
sity: its similarity drops as soon as the Gaussian kernel exceeds a single pixel, so it degrades earlier
than the other drifts as intensity increases.

When concept drift was introduced, the model performance and explainability metrics declined
significantly, with the extent of the decline varying by drift type and intensity. Tables 3, 4, 5, and 6
provide a detailed quantitative summary of the results for noise, blur, rotation, and brightness drifts,
respectively, after the model is trained on ResNet-18.

These results demonstrate the diverse impacts of the four drift types on model performance and
explainability. Noise caused the most severe degradation, with accuracy dropping from 84.06% under
no drift to 26.41% at the highest intensity, while SSIM and loU declined to 43.86% and 52.00%, re-
spectively. Blur was similarly damaging, reducing accuracy to 26.88% and SSIM and loU to 40.67%
and 48.98%; blur already lowers SSIM to about 62.61% at the smallest effective kernel, once the
blur kernel exceeds a single pixel. In contrast, rotation and brightness were considerably milder for
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Table 3
Performance and explainability metrics for noise drift. Used
training model ResNet-18

Drift Intensity ~ Accuracy (%) Average SSIM (%) Average loU (%)

0 84.06 100.00 99.69
0.01 84.22 98.01 96.72
0.05 82.03 89.25 87.67
0.1 78.75 76.57 76.97
0.2 63.44 55.86 60.95
0.3 48.59 47.29 53.95
0.4 37.19 44.54 52.61
0.5 26.41 43.86 52.00

Table 4

Performance and explainability metrics for blur drift. Used
training model ResNet-18

Drift Intensity ~ Accuracy (%) Average SSIM (%) Average loU (%)

0 84.06 100.00 99.69
0.01 67.34 62.61 66.17
0.05 67.34 62.61 66.17
0.1 67.34 62.61 66.17
0.2 48.28 50.50 56.76
0.3 34.06 43.15 50.77
0.4 26.88 40.67 48.98
0.5 26.88 40.67 48.98

Table 5

Performance and explainability metrics for rotation drift. Used
training model ResNet-18

Drift Intensity ~ Accuracy (%) Average SSIM (%) Average loU (%)

0 84.06 100.00 99.69
0.01 84.06 100.00 99.69
0.05 84.22 96.69 95.40
0.1 81.41 86.73 85.80
0.2 81.56 85.75 85.86
0.3 78.75 80.28 81.52
0.4 74.06 67.52 69.90
0.5 70.62 67.58 70.24

Table 6

Performance and explainability metrics for brightness drift. Used
training model ResNet-18

Drift Intensity ~ Accuracy (%) Average SSIM (%) Average loU (%)

0 84.06 100.00 99.69
0.01 84.22 99.09 98.03
0.05 83.75 96.28 94.55
0.1 83.75 94.20 92.20
0.2 81.88 86.95 85.23
0.3 80.62 82.10 81.48
0.4 79.53 78.82 78.36

0.5 79.22 74.83 75.37
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this ImageNet-pretrained model: rotation left accuracy at 70.62% with SSIM and loU of 67.58% and
70.24%, and brightness left accuracy at 79.22% with SSIM and loU of 74.83% and 75.37%. These
findings indicate that high-frequency corruptions (noise and blur) dominate both accuracy loss and
attribution instability, whereas geometric and photometric shifts (rotation and brightness) are com-
paratively benign for pretrained CNNs, emphasising the importance of drift-type-specific detection
and mitigation strategies.

Consistent results were obtained for the DenseNet-121 and ShuffleNet v2 models (full tables in
the supplementary material). At the strongest drift intensity (0.5):

e DenseNet-121 (baseline accuracy 85.94%):

— Noise reduced accuracy to 23.91%, SSIM to 18.10% and loU to 34.67%.

— Blur reduced accuracy to 37.03%, SSIM to 25.30% and loU to 37.83%.

— Rotation reduced accuracy to 74.69%, SSIM to 54.78% and loU to 60.12%.

— Brightness reduced accuracy to 82.34%, SSIM to 69.48% and loU to 70.69%.
¢ ShuffleNet v2 (baseline accuracy 79.38%):

— Noise reduced accuracy to 24.38%, SSIM to 18.36% and loU to 24.54%.

— Blur reduced accuracy to 29.53%, SSIM to 24.64% and loU to 34.48%.

— Rotation reduced accuracy to 69.53%, SSIM to 57.33% and loU to 58.97%.

— Brightness reduced accuracy to 74.22%, SSIM to 57.70% and loU to 57.08%.

Both architectures reproduce the CIFAR-10 ordering: noise and blur are the most destructive to
accuracy and attribution similarity, while rotation and brightness are markedly milder.

A similar experimental procedure was applied to the Tiny ImageNet dataset to verify whether the
observed drift patterns generalise to a more complex and higher-resolution benchmark. Despite the
differences in dataset size, resolution, and label granularity, the overall degradation trends closely
matched those obtained on CIFAR-10.

For ResNet-18, the baseline top-1 accuracy on Tiny ImageNet was 40.16%; under the strongest
noise drift it collapsed to 0.94%, with SSIM and loU falling to 18.89% and 19.85%. For DenseNet-121
the baseline was 59.84%, falling to 3.12% under noise, with SSIM and loU dropping to 13.06% and
16.83%. For ShuffleNet v2 the baseline was 53.75%, falling to 0.31% under noise, with SSIM and loU
dropping to 10.24% and 9.99%. As on CIFAR-10, noise and blur produced the steepest degradation
of both accuracy and attribution similarity, while rotation and brightness were milder; every drift,
however, was more damaging on Tiny ImageNet than on CIFAR-10, consistent with its finer-grained
200-class label space and lower baseline accuracy. Finally, we directly compared the two attribution
methods with an image-level paired test a Wilcoxon signed-rank test on the per-image difference in
heatmap similarity, with a paired Cohen’s d effect size for every architecture, drift type and inten-
sity. Across all datasets and architectures the difference was statistically significant, and Grad-CAM++
consistently retained more structural similarity under drift than Grad-CAM, with medium-to-large ef-
fect sizes (d between 0.49 and 1.27 at the strongest intensity). Both methods nevertheless degraded
monotonically as drift intensity increased, so although Grad-CAM++ is the more drift-robust visualisa-
tion, neither is immune; the dominant driver of attribution instability remains the underlying feature
distortion caused by the drift rather than the choice of visualisation technique. The complete per-
architecture paired results are reported in the supplementary material (Section 8), and this behaviour
is examined further in subsection 4.3.

4.3 Explainability Heatmaps

Figure 5 shows Grad-CAM heatmaps for two representative classes, Class 8 and Class 9, under non-
drifted conditions and with the most severe drift (intensity = 0.5) for noise, brightness, rotation, and
blur drifts. The top row (Class 8) illustrates a scenario where significant visual differences are observed
between the original and drifted heatmaps, while the bottom row (Class 9) demonstrates a case where
the heatmaps remain visually consistent despite the presence of drift.
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For Class 8, noise and blur drifts resulted in the most substantial changes to the heatmaps. Under
noise drift, the heatmap activation regions become diffuse and less focused, indicating that the model
struggles to localise key features accurately, and blur similarly disperses the salient region. Rotation
and brightness drifts introduce comparatively milder distortions, with the heatmaps retaining more
alignment with their original counterparts, consistent with the quantitative ordering reported above.

In contrast, Class 9 exhibits remarkable robustness across all types of drift. Heatmaps under drifted
conditions remain visually similar to the original, with activation regions retaining their focus and struc-
ture. This suggests that the interpretability for Class 9 is less sensitive to the types of drifts analysed,
even at high intensities.

These observations highlight the variability in the model response to drift across different classes.
While some classes, such as Class 8, are highly susceptible to changes in explainability under drift, oth-
ers, such as Class 9, show greater resilience. This underscores the need for class-specific evaluations
when assessing the impact of concept drift on model interpretability.

As shown in Figures 5, 6 and 7 similar patterns were found when the model was trained using
ResNet-18, DensNet-121 and ShuffleNet v2 architecture. This indicates that the findings are consistent
rather than specific to a single architecture, as models with markedly different designs exhibit the
same qualitative behaviour; the corresponding full quantitative results for all three architectures are
reported in the supplementary material (Section 8).

4.4 Statistical Analysis of Explainability Metrics

To complement the visual analysis of Grad-CAM heatmaps, statistical tests were applied to quan-
tify the impact of concept drift on explainability metrics. Four statistical tests were employed: the
Kolmogorov-Smirnov (KS) test, Anderson-Darling (AD) test, t-test, and Wilcoxon test. These tests com-
pare the distributions of heatmap activations between non-drifted and drifted conditions, providing
insight into the significance of observed changes.

Two clarifications on the statistical design are in order. First, the pixel-level, two-sample tests just
mentioned (KS, Anderson-Darling, Welch t and Wilcoxon rank-sum) are distributional diagnostics: they
compare the marginal distributions of clean and drifted activations by pooling pixels, which are spa-
tially autocorrelated and numerous, so these tests are extremely sensitive and their p-values, reported
in full in the supplementary material, should be read as distributional descriptors rather than as evi-
dence of practical importance. Second, and as the primary analysis, we adopt the image as the statis-
tical unit and compute image-level paired tests (Wilcoxon signed-rank and paired t) on the per-image
clean-versus-drifted similarity, reporting each result together with a paired Cohen’s d effect size and
a bootstrap 95% confidence interval, as tabulated in Table 7. This pairing reflects the fact that each
image yields a matched clean/drifted heatmap, and the effect sizes ensure that statistically significant
differences are also assessed for magnitude. The complete image-level paired results, with effect sizes
and confidence intervals for every architecture, drift type and intensity, are provided in the supple-
mentary material (Section 8).

Table 7 reports the primary image-level paired analysis for ResNet-18 on CIFAR-10. For every drift
type the Wilcoxon signed-rank test rejects the null of unchanged heatmaps at both intensities, but
the paired Cohen’s d effect size which measures the magnitude rather than the mere existence of
the change tells the substantive story. At the strongest intensity, noise and blur induce large effects
(d = 1.60 and 1.67) with mean SSIM collapsing to 43.9% and 40.7%, whereas rotation and brightness
induce smaller effects (d = 0.91 and 0.81) and retain much higher similarity (67.6% and 74.8%). The
gap is wider at the intermediate intensity 0.1, where brightness is only a small effect (d = 0.39) while
noise and blur are already moderate-to-large. This confirms, with effect sizes and confidence intervals
rather than p-values alone, that noise and blur are the dominant sources of attribution instability. The
same ordering holds for DenseNet-121 and ShuffleNet v2 and on Tiny ImageNet, where the effects
are uniformly larger (Cohen’s d up to 5.6); the complete per-architecture paired results are provided
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Train Data Heatmaps Test Data (no drift) Noise Drift (0.5)
Class 8 Class 8 Class 8

Br|ghtness Drlft (0.5) Rotation Drift (0.5) Blur Dr|ﬁ: (0 5)
Class 8 Class 8 Class 8

(a) Grad-CAM heatmaps for Class 8 under non-drifted and severe drift. At intensity
= 0.5 the attribution is disrupted most strongly by noise, while brightness, rotation
and blur perturb it comparatively little

Train Data Heatmaps Test Data (no drift) N0|se Drift (O 5)
Class 9 Class 9 Class 9
Br|ghtness Drlft (0.5) Rotation Drift (0.5) Blur Drift (0.5)
Class 9 Class 9 Class 9

(b) Grad-CAM heatmaps for Class 9 under non-drifted and severe drift. The

activation maps remain more consistent, even with intensity = 0.5
Fig. 5. Comparison of Grad-CAM heatmaps for Class 8 and Class 9 under non-drifted and severe drift
(intensity = 0.5) conditions across noise, brightness, rotation, and blur
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Train Data Heatmaps Test Data (no drift) Noise Drift (0.5)
Class 0 Class 0 Class 0

Brightness Drift (0.5) Rotation Drift (0.5) Blur Drift (0.5)
Class 0 Class 0 Class 0

(a) Grad-CAM heatmaps for Class 0 under non-drifted and severe drift. At
intensity = 0.5 the attribution is disrupted most strongly by noise, while
brightness, rotation and blur perturb it comparatively little

Train Data Heatmaps Test Data (no drift) Noise Drift (
Class 4 Class 4 Class 4

Br|ghtness Drift (0.5) Rotation Drift (0.5) Blur Drift (0.5)
Class 4 Class 4 Class 4

(b) Grad-CAM heatmaps for Class 4 under non-drifted and severe drift. The
activation maps remain largely consistent under noise, brightness and

rotation, with blur causing the clearest shift, even at intensity = 0.5
Fig. 6. Comparison of Grad-CAM heatmaps for Class 0 and Class 4 under non-drifted and severe drift
(intensity = 0.5) conditions across noise, brightness, rotation, and blur
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Train Data Heatmaps Test Data (no drift) Noise Drift (0.5)
Class 2 Class 2 Class 2

Br|ghtness Drlft (0.5) Rotation Drift (0.5) Blur Dr|ﬁ: (0 5)
Class 2 Class 2 Class 2

(a) Grad-CAM heatmaps for Class 2 under non-drifted and severe drift. At intensity
= 0.5 the attribution is disrupted most strongly by noise, while brightness, rotation
and blur perturb it comparatively little

Train Data Heatmaps Test Data (no drift) N0|se Drift (O 5)
Class 7 Class 7 Class 7
Br|ghtness Drlft (0.5) Rotation Drift (0.5) Blur Drift (0.5)
Class 7 Class 7 Class 7

(b) Grad-CAM heatmaps for Class 7 under non-drifted and severe drift. The
activation maps remain largely consistent, with only a minor change under noise

drift, even at intensity = 0.5
Fig. 7. Comparison of Grad-CAM heatmaps for Class 2 and Class 7 under non-drifted and severe drift
(intensity = 0.5) conditions across noise, brightness, rotation, and blur
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in the supplementary material (Section 8).

Table 7

Image-level paired analysis for ResNet-18 on CIFAR-10
(Grad-CAM): mean SSIM with bootstrap 95% Cl, Wilcoxon
signed-rank p-value, and paired Cohen’s d effect size, at
intermediate (0.1) and strong (0.5) drift

Drift Type v SSIM (%) [95% CI]  Wilcoxonp Cohen’sd

Noise 0.1 76.6[74.2,789] < 107100 0.77
Noise 0.5 43.9[41.2,46.6] < 107100 1.60
Blur 0.1 62.6[59.8,654] < 107100 1.03
Blur 0.5 40.7[37.8,435] < 107100 1.67
Rotation 0.1 86.7[84.9, 88.5] < 10780 0.57
Rotation 0.5 67.6[64.7,70.2] < 10780 0.91
Brightness 0.1  94.2[93.1,95.4] <1071 0.39
Brightness 0.5 74.8[72.4,77.2] <1079 0.81

The progressive nature of the effect is evident in Table 7: moving from intensity 0.1 to 0.5 roughly
doubles the paired Cohen’s d for every drift type, confirming that stronger drift produces both lower
heatmap similarity and larger, more certain effect sizes.

4.5 Efficiency Analysis: Runtime and Memory Consumption
In addition to accuracy and explainability evaluation, we quantify the computational cost of the drift-
analysis pipeline for each model-dataset combination.

Because the classification backbones are trained once and then reused, we report the cost of
the recurring analysis stage the full drift sweep (four drift types across twelve intensities), Grad-
CAM/Grad-CAM++ generation, similarity computation, and statistical testing rather than the one-time
training cost. For each of the three architectures (ResNet-18, DenseNet-121, ShuffleNet v2) and both
datasets (CIFAR-10 and Tiny ImageNet) we record the total wall-clock time and the peak GPU memory
of this stage; the CPU-memory increase during the stage was negligible (well below 0.3 GB, as the data
and model are already resident) and is therefore omitted.

Table 8 summarises these figures, providing a view of the recurring operational cost of drift mon-
itoring and the trade-off between architectural complexity and analysis cost.

Table 8
Drift-analysis runtime and peak GPU memory for each

model-dataset configuration (backbones trained once and
reused; one-time training cost excluded)

Model Dataset Time (min) Peak GPU (GB)
ResNet-18 CIFAR-10 3.99 0.19
ResNet-18 Tiny ImageNet 7.55 0.44

DenseNet-121 CIFAR-10 3.82 0.44
DenseNet-121  Tiny ImageNet 6.40 1.63
ShuffleNet v2 CIFAR-10 3.29 0.10
ShuffleNetv2  Tiny ImageNet 7.11 0.51

The comparison shows that Tiny ImageNet roughly doubles the analysis time of CIFAR-10 for every
architecture, while the time is otherwise similar across architectures because it is dominated by the
fixed Grad-CAM sweep. DenseNet-121 has the largest GPU footprint (up to 1.63 GB on Tiny ImageNet),
whereas the lightweight ShuffleNet v2 is the most memory-efficient. These figures characterise the
recurring cost of drift-aware monitoring rather than one-time training.

5. Limitations

Although this study provides a comprehensive analysis of how pixel-level concept drift affects both
model performance and Grad-CAM/Grad-CAM++ explainability, several limitations must be acknowl-
edged. These limitations primarily stem from the controlled nature of the experimental setup, dataset
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selection, architectural scope, and the analytical focus of the study.

First, the drift mechanisms examined-noise, blur, rotation, and brightness-are synthetic and in-
tentionally controlled to allow systematic evaluation. While these perturbations represent common
sources of visual degradation encountered in real-world systems, natural concept drift can be sub-
stantially more complex. In practice, drift may be multi-modal, temporally evolving, or occur in com-
bination across multiple factors, making it more challenging to isolate and analyze. Consequently,
although the selected drift types provide valuable insights, they may not capture the full spectrum of
distributional shifts encountered in deployed vision systems. Accordingly, we explicitly restrict the em-
pirical conclusions of this study to controlled, synthetic covariate shifts applied to a static test set; we
do not claim to characterise temporal concept drift or naturally occurring distribution shift. Extending
the analysis to naturally corrupted benchmarks (e.g., CIFAR-10-C and Tiny-ImageNet-C), temporal ac-
quisition variation, domain shift, and combined perturbations is an important direction that we leave
to future work.

Second, the experimental evaluation is conducted on CIFAR-10 and Tiny ImageNet, both of which
consist of relatively low-resolution images. While these datasets are widely used benchmarks that en-
able reproducibility and controlled experimentation, they may not fully reflect the visual complexity,
semantic richness, and noise characteristics present in real-world applications such as medical imag-
ing, precision agriculture, or industrial inspection. As a result, the magnitude and nature of explain-
ability degradation observed in this study may differ when models are applied to higher-resolution or
domain-specific datasets.

Third, the analysis is limited to convolutional neural network architectures, specifically ResNet-18,
DenseNet-121, and ShuffleNet v2. Although these models cover a range of architectural complexities
and computational profiles, modern vision systems increasingly rely on alternative paradigms such as
Vision Transformers or hybrid CNN—Transformer architectures. These models may exhibit different
sensitivity to drift and different explainability behaviors, which are not examined in this work.

Finally, the scope of this study is restricted to detecting, quantifying, and analyzing the impact of
concept drift on model performance and explainability. Adaptive mitigation strategies-such as con-
tinual learning, fine-tuning under drift, or drift-aware training mechanisms-are intentionally excluded
to maintain a focused analytical framework. While this allows for a clearer understanding of drift-
induced degradation, it limits the ability to assess how the observed effects could be mitigated in
practical deployment scenarios.

6. Conclusion and Future Work

This study provided a comprehensive investigation of how pixel-level concept drift affects both predic-
tive performance and explainability in image classification models. By applying four controlled drift
types-noise, blur, rotation, and brightness-across multiple intensities, we systematically quantified
their impact on model accuracy, Grad-CAM/Grad-CAM++ heatmaps, and structural similarity metrics
such as SSIM and loU. The results demonstrate that concept drift can profoundly alter both the be-
havior and interpretability of convolutional neural networks, with noise and blur causing the strongest
degradation, while rotation and brightness exhibit more moderate but still measurable effects. A com-
plementary battery of statistical tests (KS, AD, Welch t-test, Wilcoxon) confirmed the significance of
these changes, particularly at higher drift intensities, and revealed meaningful class-dependent dif-
ferences in explainability stability.

These findings were validated across three architectures, ResNet-18, DenseNet-121, and Shuf-
fleNet v2, indicating that the observed patterns are not specific to a single model family. The inte-
grated methodology introduced here, combining visual, quantitative, and statistically calibrated eval-
uation, provides a principled framework for understanding how distributional changes distort both
model decisions and their explanations.

For clarity, we delimit what is directly demonstrated by our experiments from what constitutes a
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broader implication. Directly demonstrated: under controlled, synthetic covariate shift on CIFAR-10
and Tiny ImageNet, increasing drift intensity produces monotonic and statistically significant degra-
dation of Grad-CAM/Grad-CAM++ similarity (SSIM, loU, and continuous correlation measures), with
image-level paired tests and effect sizes confirming the effect; this degradation is consistent across
the three CNN architectures and comparable between the two attribution methods; and explainabil-
ity metrics are frequently more sensitive to drift than accuracy. Broader implications, not directly
tested here, are that these effects transfer to naturally occurring or temporal drift, to higher-resolution
or domain-specific imagery, and to non-convolutional architectures, and that adaptive mechanisms
would mitigate the observed degradation. The latter are hypotheses motivating the future work out-
lined below rather than results established by this study.

While the study offers important insights, it also highlights several avenues for future work. Ex-
panding the analysis to additional architectures, including Vision Transformers or hybrid CNN-Transformer
models, would help determine whether newer designs exhibit improved robustness under drift. Eval-
uating real-world drift arising from lighting variations, sensor degradation, seasonal shifts, or domain
changes would further increase the practical relevance of the approach.

Most importantly, directly addressing the degradation of explainability requires moving beyond
detection to active mitigation. Future research must investigate how established adaptation frame-
works can be integrated into XAl pipelines under strict resource constraints to stabilise attribution
maps. For instance, continual learning could allow models to incrementally update their feature ex-
tractors in response to incremental drift, ensuring that Grad-CAM heatmaps smoothly transition to
newly relevant features without catastrophic forgetting of the original domain. Similarly, test-time
adaptation (TTA), which updates model parameters on-the-fly using unlabelled target data, offers a
promising avenue to recalibrate internal feature statistics, theoretically restoring the structural focus
of heatmaps instantly under sudden shifts. Furthermore, drift-aware retraining and regularisation
methods could be designed to explicitly penalise erratic changes in XAl maps during model updates,
forcing models to maintain consistent feature attributions rather than just accurate predictions. Re-
cent advancements demonstrate that this adaptation must happen dynamically; for instance, hybrid
transformer-autoencoder architectures have shown significant promise in improving real-time con-
cept drift detection while maintaining interpretability [39]. However, continuous adaptation intro-
duces significant computational overhead. Solutions like dynamic model update policies that optimise
training dynamics while provably limiting update frequency and cost will be essential for deploying
these adaptive models on edge devices [40].

In summary, this study establishes that concept drift has a measurable and often severe effect
on both model accuracy and interpretability. By providing a rigorous, multi-angle analysis of these
effects, it lays the foundation for future research aimed at developing robust, adaptive, and trust-
worthy models capable of maintaining reliable predictions and explanations in dynamic, real-world
environments.
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7. Mathematical Definitions of Metrics
Accuracy

The classification accuracy is computed as:
N .
21:1“4(?/1' =)

N ) (5)

Accuracy =
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where N is the number of samples.
Structural Similarity Index (SSIM)
(2papty + C1) (200 + Cs)

SSIM(z, ) = .
(x.9) (2 + 12+ C) (02 + 02 + Cy)

(6)

Intersection over Union (loU)

|h1 M Aol
loU(hy, hy) = ———. 7
Mean Squared Error (MSE)
1 N
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Kolmogorov—Smirnov Test
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Anderson—Darling Test
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Continuous heatmap-similarity measures
For two flattened, min-max-normalised heatmaps a and b, the Pearson correlation and cosine similar-
ity are

> ila; )(bi — b a'b

cos(a,b) = ———.
/7% / (b — b)? lall o]
Image-level paired analysis

Let s; € [0, 1] be the per-image similarity between the clean and drifted heatmap of image i and d; =
1 — s; the corresponding dissimilarity. The Wilcoxon signed-rank statistic tests H, : median(d;) = 0
using

r(a,b) = (15)

N
=) sen(d;) R (16)
i=1
where R; is the rank of |d;|. The paired effect size is Cohen’s
4
d— (17)

Sd(dl) ’
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and a 95% confidence interval for s; is obtained by the percentile bootstrap over the N images.

8. Supplementary Material

To keep the main text concise while fully substantiating the claims that the findings generalise across
architectures and that Grad-CAM and Grad-CAM++ differ in their robustness to drift, the following ex-
tended results accompany the paper as machine-readable tables and are reproduced by the released
evaluation pipeline.

¢ Full per-architecture results. Complete accuracy, SSIM, loU, Pearson, cosine and MSE values
each with a bootstrap 95% confidence interval for every combination of dataset (CIFAR-10, Tiny
ImageNet), architecture (ResNet-18, DenseNet-121, ShuffleNet v2), drift type and the twelve
drift intensities. These extend the ResNet-18/CIFAR-10 tables in Section 4.2 to all three archi-
tectures and to Tiny ImageNet.

e Grad-CAM versus Grad-CAM++ paired comparison. For each architecture, drift type and in-
tensity, a Wilcoxon signed-rank test on the per-image difference in heatmap similarity between
the two methods, with a paired Cohen’s d effect size, quantifying whether their drift robustness
differs.

¢ loU threshold-sensitivity analysis. loU recomputed at thresholds 0.3, 0.5 and 0.7, demonstrat-
ing that the reported trends are stable with respect to the binarisation threshold.

¢ Image-level paired significance. Wilcoxon signed-rank and paired ¢-test p-values with Cohen’s
d effect sizes for the clean-versus-drifted comparison, per architecture and class.

To facilitate future research and ensure the reproducibility of our results, the complete source
code, processed datasets, and detailed experimental logs have been made publicly available. All ex-
periments described in Section 4, including the exact random seeds and hyperparameters used, can
be replicated using the provided scripts. The official project repository can be accessed at: https:
//github.com/GurgenHovakimyan/hidden_toll of visual drift

Table 9
Full drift results for DenseNet-121 on CIFAR-10 (Grad-CAM). SSIM shown with bootstrap 95% CI.
Drift 0 Acc.(%) SSIM(%) [95% Cl] loU(%) Pearson Cosine
blur 0 85.94 100.00 [100.00, 100.00] 100.00 1.00 1.00
blur le-06 73.28 54.11 [51.06, 56.98] 59.53 0.56 0.85
blur le-05 73.28 54.11 [51.06, 56.98] 59.53 0.56 0.85
blur 0.0001 73.28 54.11 [51.06, 56.98] 59.53 0.56 0.85
blur 0.001 73.28 54.11 [51.06, 56.98] 59.53 0.56 0.85
blur 0.01 73.28 54.11 [51.06, 56.98] 59.53 0.56 0.85
blur 0.05 73.28 54.11 [51.06, 56.98] 59.53 0.56 0.85
blur 0.1 73.28 54.11 [51.06, 56.98] 59.53 0.56 0.85
blur 0.2 54.84 37.98 [35.00, 40.92] 47.67 0.36 0.77
blur 0.3 43.12 30.13 [27.16, 33.08] 42.21 0.26 0.73
blur 0.4 37.03 25.30[22.50, 27.99] 37.83 0.19 0.69
blur 0.5 37.03 25.30[22.50, 27.99] 37.83 0.19 0.69
brightness 0 85.94 100.00 [100.00, 100.00] 100.00 1.00 1.00
brightness  1e-06 85.94 99.99 [99.98, 99.99] 99.89 1.00 1.00
brightness  1e-05 85.94 99.99 [99.98, 100.00] 99.89 1.00 1.00
brightness 0.0001 85.94 99.99 [99.98, 99.99] 99.86 1.00 1.00
brightness  0.001 85.94 99.77 [99.37, 99.97] 99.55 1.00 1.00
brightness 0.01 85.94 99.20 [98.65, 99.62] 98.29 0.99 1.00
brightness 0.05 86.72 96.16 [94.95, 97.20] 94.10 0.97 0.99
brightness 0.1 87.03 92.43 [90.93, 93.95] 89.58 0.94 0.98
brightness 0.2 86.09 86.32 [84.63, 88.14] 83.76 0.90 0.97
brightness 0.3 84.22 80.17 [78.05, 82.36] 78.57 0.85 0.95
brightness 0.4 83.75 75.01 [72.59, 77.51] 75.02 0.80 0.93
brightness 0.5 82.34 69.48 [66.92, 72.26] 70.69 0.75 0.92
noise 0 85.94 100.00 [100.00, 100.00] 100.00 1.00 1.00
noise 1le-06 85.94 99.98 [99.97, 99.99] 99.85 1.00 1.00
noise le-05 85.94 99.99 [99.98, 100.00] 99.88 1.00 1.00

noise 0.0001 85.94 99.98 [99.97, 99.99] 99.75 1.00 1.00
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Table 9

Continued
Drift v Acc.(%) SSIM(%) [95% Cl] loU(%) Pearson Cosine
noise 0.001 85.94 99.64 [99.20, 99.87] 99.08 1.00 1.00
noise 0.01 85.47 97.33[96.30, 98.19] 95.14 0.98 0.99
noise 0.05 83.75 85.19 [83.17, 86.96] 82.26 0.89 0.96
noise 0.1 77.19 65.60 [62.80, 68.45] 67.78 0.69 0.90
noise 0.2 60.47 42.79 [39.71, 45.90] 51.21 0.42 0.79
noise 0.3 41.56 29.22 [26.25, 32.41] 42.66 0.23 0.74
noise 0.4 30.00 22.74 [19.98, 25.63] 37.34 0.14 0.70
noise 0.5 23.91 18.10[15.32, 21.15] 34.67 0.06 0.67
rotation 0 85.94 100.00 [100.00, 100.00] 100.00 1.00 1.00
rotation le-06 85.94 100.00 [100.00, 100.00] 100.00 1.00 1.00
rotation le-05 85.94 100.00 [100.00, 100.00] 100.00 1.00 1.00
rotation 0.0001 85.94 100.00 [100.00, 100.00] 100.00 1.00 1.00
rotation 0.001 85.94 100.00 [100.00, 100.00] 100.00 1.00 1.00
rotation 0.01 85.94 100.00 [100.00, 100.00] 100.00 1.00 1.00
rotation 0.05 85.94 100.00 [100.00, 100.00] 100.00 1.00 1.00
rotation 0.1 84.22 81.67 [79.16, 83.94] 82.31 0.85 0.95
rotation 0.2 83.59 71.46 [68.71, 73.96] 73.02 0.75 0.92
rotation 0.3 83.91 74.83[72.11, 77.48] 75.56 0.79 0.93
rotation 0.4 77.19 62.37 [59.33, 65.26] 66.73 0.64 0.88
rotation 0.5 74.69 54.78 [51.72, 57.80] 60.12 0.57 0.85
Table 10
Full drift results for ResNet-18 on CIFAR-10 (Grad-CAM). SSIM shown with bootstrap 95% Cl.
Drift ~ Acc.(%) SSIM(%) [95% Cl] loU(%) Pearson Cosine
blur 0 84.06 100.00 [100.00, 100.00]  99.69 1.00 1.00
blur le-06 67.34 62.61 [59.75, 65.40] 66.17 0.68 0.87
blur le-05 67.34 62.61 [59.75, 65.40] 66.17 0.68 0.87
blur 0.0001 67.34 62.61 [59.75, 65.40] 66.17 0.68 0.87
blur 0.001 67.34 62.61 [59.75, 65.40] 66.17 0.68 0.87
blur 0.01 67.34 62.61 [59.75, 65.40] 66.17 0.68 0.87
blur 0.05 67.34 62.61 [59.75, 65.40] 66.17 0.68 0.87
blur 0.1 67.34 62.61 [59.75, 65.40] 66.17 0.68 0.87
blur 0.2 48.28 50.50 [47.72, 53.20] 56.76 0.55 0.83
blur 0.3 34.06 43.15 [40.35, 45.90] 50.77 0.47 0.80
blur 0.4 26.88 40.67 [37.83, 43.46] 48.98 0.44 0.79
blur 0.5 26.88 40.67 [37.83, 43.46] 48.98 0.44 0.79
brightness 0 84.06 100.00 [100.00, 100.00]  99.69 1.00 1.00
brightness  1e-06 84.06 99.99 [99.97, 100.00] 99.62 1.00 1.00
brightness  1e-05 84.06 99.96 [99.90, 100.00] 99.55 1.00 1.00
brightness 0.0001 84.06 99.85 [99.60, 99.99] 99.42 1.00 1.00
brightness  0.001 84.06 99.93 [99.87, 99.97] 99.38 1.00 1.00
brightness 0.01 84.22 99.09 [98.45, 99.57] 98.03 0.99 0.99
brightness 0.05 83.75 96.28 [95.25, 97.28] 94.55 0.98 0.99
brightness 0.1 83.75 94.20[93.12, 95.38] 92.20 0.97 0.98
brightness 0.2 81.88 86.95 [85.01, 88.81] 85.23 0.91 0.96
brightness 0.3 80.62 82.10 [80.00, 84.20] 81.48 0.87 0.95
brightness 0.4 79.53 78.82 [76.67, 81.02] 78.36 0.85 0.93
brightness 0.5 79.22 74.83[72.41, 77.21] 75.37 0.81 0.92
noise 0 84.06 100.00 [100.00, 100.00]  99.69 1.00 1.00
noise le-06 84.06 99.95 [99.89, 99.99] 99.58 1.00 1.00
noise le-05 84.06 99.98 [99.96, 100.00] 99.59 1.00 1.00
noise 0.0001 84.06 99.97 [99.94, 99.99] 99.56 1.00 1.00
noise 0.001 84.22 99.39 [98.84, 99.82] 98.78 0.99 0.99
noise 0.01 84.22 98.01 [97.19, 98.65] 96.72 0.99 0.99
noise 0.05 82.03 89.25 [87.65, 90.95] 87.67 0.93 0.97
noise 0.1 78.75 76.57 [74.20, 78.94] 76.97 0.82 0.93
noise 0.2 63.44 55.86 [52.95, 58.69] 60.95 0.60 0.84
noise 0.3 48.59 47.29 [44.41, 50.26] 53.95 0.52 0.81
noise 0.4 37.19 44.54 [41.83, 47.35] 52.61 0.49 0.80
noise 0.5 26.41 43.86 [41.16, 46.62] 52.00 0.49 0.80
rotation 0 84.06 100.00 [100.00, 100.00]  99.69 1.00 1.00
rotation le-06 84.06 100.00 [100.00, 100.00]  99.69 1.00 1.00
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Table 10

Continued
Drift v Acc.(%) SSIM(%) [95% Cl] loU(%) Pearson Cosine
rotation le-05 84.06 100.00 [100.00, 100.00]  99.69 1.00 1.00
rotation 0.0001 84.06 100.00 [100.00, 100.00]  99.69 1.00 1.00
rotation 0.001 84.06 100.00 [100.00, 100.00]  99.69 1.00 1.00
rotation 0.01 84.06 100.00 [100.00, 100.00]  99.69 1.00 1.00
rotation 0.05 84.22 96.69 [95.68, 97.57] 95.40 0.98 0.99
rotation 0.1 81.41 86.73 [84.90, 88.54] 85.80 0.91 0.96
rotation 0.2 81.56 85.75 [83.79, 87.61] 85.86 0.90 0.96
rotation 0.3 78.75 80.28 [77.91, 82.65] 81.52 0.84 0.94
rotation 0.4 74.06 67.52 [64.86, 70.13] 69.90 0.72 0.89
rotation 0.5 70.62 67.58 [64.71, 70.22] 70.24 0.72 0.89
Table 11
Full drift results for ShuffleNet v2 on CIFAR-10 (Grad-CAM). SSIM shown with bootstrap 95% Cl.
Drift vy Acc.(%) SSIM(%) [95% Cl] loU(%) Pearson Cosine
blur 0 79.38 100.00 [100.00, 100.00] 95.31 0.95 0.95
blur le-06 61.72 45.34 [42.16, 48.50] 50.03 0.45 0.74
blur 1le-05 61.72 45.34 [42.16, 48.50] 50.03 0.45 0.74
blur 0.0001 61.72 45.34 [42.16, 48.50] 50.03 0.45 0.74
blur 0.001 61.72 45.34 [42.16, 48.50] 50.03 0.45 0.74
blur 0.01 61.72 45.34 [42.16, 48.50] 50.03 0.45 0.74
blur 0.05 61.72 45.34 [42.16, 48.50] 50.03 0.45 0.74
blur 0.1 61.72 45.34 [42.16, 48.50] 50.03 0.45 0.74
blur 0.2 43.91 32.93 [29.96, 35.89] 40.76 0.30 0.68
blur 0.3 34.22 27.50 [24.83, 30.32] 37.05 0.22 0.65
blur 0.4 29.53 24.64 [21.94, 27.42] 34.48 0.19 0.62
blur 0.5 29.53 24.64 [21.94, 27.42] 34.48 0.19 0.62
brightness 0 79.38 100.00 [100.00, 100.00] 95.31 0.95 0.95
brightness  1e-06 79.38 99.97 [99.95, 99.99] 95.07 0.95 0.95
brightness  1e-05 79.38 99.93 [99.88, 99.97] 94.92 0.95 0.95
brightness 0.0001 79.38 99.87[99.81, 99.93] 94.75 0.95 0.95
brightness  0.001 79.38 99.69 [99.54, 99.81] 94.28 0.95 0.95
brightness 0.01 79.84 97.22 [96.43, 97.92] 90.75 0.94 0.95
brightness 0.05 79.69 91.14 [89.79, 92.47] 84.06 0.90 0.93
brightness 0.1 79.38 84.41 [82.63, 86.26] 78.03 0.85 0.91
brightness 0.2 77.66 73.89 [71.55, 76.34] 69.74 0.77 0.87
brightness 0.3 75.94 67.38 [64.82, 70.07] 64.07 0.70 0.84
brightness 0.4 75.00 62.15 [59.52, 64.84] 60.49 0.65 0.81
brightness 0.5 74.22 57.70 [54.82, 60.45] 57.08 0.60 0.79
noise 0 79.38 100.00 [100.00, 100.00] 95.31 0.95 0.95
noise le-06 79.38 99.96 [99.92, 99.98] 95.12 0.95 0.95
noise le-05 79.38 99.94 [99.89, 99.97] 94.98 0.95 0.95
noise 0.0001 79.38 99.86 [99.79, 99.92] 94.80 0.95 0.95
noise 0.001 79.22 98.66 [97.96, 99.23] 92.80 0.94 0.95
noise 0.01 80.31 93.00 [91.58, 94.33] 86.40 0.91 0.93
noise 0.05 77.97 73.86 [71.38, 76.39] 69.53 0.76 0.87
noise 0.1 70.47 55.96 [52.96, 59.04] 55.64 0.55 0.78
noise 0.2 53.44 36.36 [33.23, 39.39] 39.07 0.32 0.62
noise 0.3 40.47 25.76 [22.74, 28.57] 31.56 0.18 0.54
noise 0.4 29.69 21.86 [19.07, 24.64] 27.91 0.13 0.50
noise 0.5 24.38 18.36 [15.79, 20.99] 24.54 0.10 0.45
rotation 0 79.38 100.00 [100.00, 100.00] 95.31 0.95 0.95
rotation le-06 79.38  100.00[100.00, 100.00] 95.31 0.95 0.95
rotation le-05 79.38 100.00 [100.00, 100.00] 95.31 0.95 0.95
rotation ~ 0.0001  79.38  100.00 [100.00, 100.00] 95.31 0.95 0.95
rotation 0.001 79.38 100.00 [100.00, 100.00] 95.31 0.95 0.95
rotation 0.01 79.38  100.00 [100.00, 100.00]  95.31 0.95 0.95
rotation 0.05 79.69 93.71[92.22, 95.08] 88.93 0.91 0.93
rotation 0.1 78.12 80.03 [77.73, 82.37] 77.09 0.80 0.89
rotation 0.2 75.47 72.42 [69.53, 75.17] 71.99 0.72 0.86
rotation 0.3 70.78 49.93 [46.98, 52.71] 52.95 0.50 0.76
rotation 0.4 67.03 43.47 [40.53, 46.27] 46.36 0.41 0.71

rotation 0.5 69.53 57.33[54.12, 60.29] 58.97 0.56 0.78
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Table 12
Full drift results for DenseNet-121 on Tiny ImageNet (Grad-CAM). SSIM shown with bootstrap 95% Cl.

Drift y Acc.(%) SSIM(%) [95% Cl] loU(%) Pearson Cosine
blur 0 59.84 100.00 [100.00, 100.00] 99.84 1.00 1.00
blur le-06 30.94 37.19 [34.96, 39.47] 33.84 0.42 0.73
blur le-05 30.94 37.19 [34.96, 39.47] 33.84 0.42 0.73
blur 0.0001 30.94 37.19 [34.96, 39.47] 33.84 0.42 0.73
blur 0.001 30.94 37.19 [34.96, 39.47] 33.84 0.42 0.73
blur 0.01 30.94 37.19 [34.96, 39.47] 33.84 0.42 0.73
blur 0.05 30.94 37.19 [34.96, 39.47] 33.84 0.42 0.73
blur 0.1 30.94 37.19 [34.96, 39.47] 33.84 0.42 0.73
blur 0.2 19.53 28.93 [27.02, 30.94] 27.44 0.29 0.68
blur 0.3 15.16 24.81[22.91, 26.74] 24.31 0.24 0.65
blur 0.4 11.09 22.89[21.00, 24.86] 22.72 0.20 0.63
blur 0.5 11.09 22.89[21.00, 24.86] 22.72 0.20 0.63
brightness 0 59.84 100.00 [100.00, 100.00] 99.84 1.00 1.00
brightness  1e-06 59.84 99.97 [99.95, 99.97] 99.18 1.00 1.00
brightness  1e-05 59.84 99.94 [99.91, 99.96] 99.01 1.00 1.00
brightness 0.0001 59.84 99.78 [99.50, 99.95] 98.84 1.00 1.00
brightness  0.001 59.84 99.71[99.41, 99.87] 98.33 1.00 1.00
brightness 0.01 59.84 98.19 [97.44, 98.85] 94.64 0.99 0.99
brightness 0.05 58.44 93.38 [92.07, 94.63] 87.35 0.96 0.98
brightness 0.1 57.50 87.97 [86.19, 89.61] 80.76 0.91 0.96
brightness 0.2 55.94 78.13 [75.94, 80.37] 69.78 0.83 0.92
brightness 0.3 54.69 71.92 [69.74, 74.14] 64.17 0.79 0.90
brightness 0.4 53.75 64.34 [62.05, 66.58] 56.80 0.71 0.87
brightness 0.5 52.50 58.33 [56.03, 60.50] 51.08 0.65 0.84
noise 0 59.84 100.00 [100.00, 100.00] 99.84 1.00 1.00
noise le-06 59.84 99.96 [99.95, 99.97] 99.20 1.00 1.00
noise le-05 59.84 99.95 [99.93, 99.97] 98.99 1.00 1.00
noise 0.0001 59.84 99.90 [99.84, 99.94] 98.93 1.00 1.00
noise 0.001 60.00 99.54 [99.20, 99.73] 97.41 1.00 1.00
noise 0.01 59.69 96.58 [95.68, 97.35] 91.30 0.98 0.99
noise 0.05 58.75 83.94 [82.10, 85.70] 75.38 0.89 0.95
noise 0.1 52.97 65.47 [63.01, 67.82] 57.83 0.72 0.88
noise 0.2 31.41 36.35 [34.03, 38.76] 33.61 0.39 0.73
noise 0.3 15.16 21.76 [19.87, 23.59] 22.36 0.19 0.62
noise 0.4 6.72 15.85 [14.30, 17.44] 17.43 0.08 0.59
noise 0.5 3.12 13.06 [11.59, 14.55] 16.83 0.02 0.61
rotation 0 59.84 100.00 [100.00, 100.00] 99.84 1.00 1.00
rotation le-06 59.84 100.00 [100.00, 100.00] 99.84 1.00 1.00
rotation le-05 59.84 100.00 [100.00, 100.00] 99.84 1.00 1.00
rotation 0.0001 59.84 100.00 [100.00, 100.00] 99.84 1.00 1.00
rotation 0.001 59.84 100.00 [100.00, 100.00] 99.84 1.00 1.00
rotation 0.01 59.84 100.00 [100.00, 100.00] 99.84 1.00 1.00
rotation 0.05 59.69 94.27 [93.03, 95.34] 90.81 0.96 0.98
rotation 0.1 58.91 83.49 [81.46, 85.32] 78.45 0.88 0.94
rotation 0.2 56.72 68.69 [66.40, 70.98] 59.81 0.75 0.89
rotation 0.3 52.66 50.30 [48.01, 52.46] 44.89 0.58 0.81
rotation 0.4 51.88 52.19 [49.85, 54.53] 47.17 0.59 0.82
rotation 0.5 44.84 39.54 [37.43, 41.54] 36.62 0.45 0.75

Table 13
Full drift results for ResNet-18 on Tiny ImageNet (Grad-CAM). SSIM shown with bootstrap 95% CI.

Drift y Acc.(%) SSIM(%) [95% Cl] loU(%) Pearson Cosine
blur 0 40.16 100.00 [100.00, 100.00] 99.84 1.00 1.00
blur le-06 16.56 33.11[31.03, 35.25] 30.15 0.33 0.69
blur le-05 16.56 33.11[31.03, 35.25] 30.15 0.33 0.69
blur 0.0001 16.56 33.11[31.03, 35.25] 30.15 0.33 0.69
blur 0.001 16.56 33.11[31.03, 35.25] 30.15 0.33 0.69
blur 0.01 16.56 33.11[31.03, 35.25] 30.15 0.33 0.69
blur 0.05 16.56 33.11[31.03, 35.25] 30.15 0.33 0.69
blur 0.1 16.56 33.11[31.03, 35.25] 30.15 0.33 0.69

blur 0:2 9.22 26.35[24.46, 28.24] 23.96 0.23 0.65




Journal of Operations Intelligence

Volume 4, Issue 1 (2026) 65-94

Table 13

Continued
Drift v Acc.(%) SSIM(%) [95% Cl] loU(%) Pearson Cosine
blur 0.3 7.19 24.25 [22.56, 25.97] 22.00 0.19 0.63
blur 0.4 6.88 22.53 [20.95, 24.27] 20.38 0.16 0.62
blur 0.5 6.88 22.53[20.95, 24.27] 20.38 0.16 0.62
brightness 0 40.16 100.00 [100.00, 100.00] 99.84 1.00 1.00
brightness  1e-06 40.16 99.98 [99.97, 99.99] 99.48 1.00 1.00
brightness  1e-05 40.16 99.80 [99.47, 99.97] 99.23 1.00 1.00
brightness 0.0001 40.16 99.87 [99.67, 99.98] 99.26 1.00 1.00
brightness  0.001 40.16 99.67 [99.26, 99.93] 98.52 1.00 1.00
brightness 0.01 40.31 98.51 [97.84, 99.07] 94.65 0.99 0.99
brightness 0.05 40.00 92.81[91.39, 94.22] 85.42 0.94 0.97
brightness 0.1 39.84 87.40 [85.72, 89.03] 78.77 0.91 0.96
brightness 0.2 38.75 76.92 [74.92, 78.92] 68.09 0.83 0.92
brightness 0.3 36.56 67.00 [64.62, 69.33] 58.87 0.73 0.88
brightness 0.4 34.38 59.45 [57.15, 61.90] 52.10 0.65 0.84
brightness 0.5 33.12 53.90 [51.59, 56.18] 46.62 0.59 0.81
noise 0 40.16 100.00 [100.00, 100.00] 99.84 1.00 1.00
noise le-06 40.16 99.98 [99.97, 99.99] 99.51 1.00 1.00
noise le-05 40.16 99.88 [99.69, 99.98] 99.33 1.00 1.00
noise 0.0001 40.16 99.96 [99.94, 99.97] 99.27 1.00 1.00
noise 0.001 40.16 99.77 [99.71, 99.82] 98.09 1.00 1.00
noise 0.01 40.00 96.08 [94.97, 97.05] 90.87 0.97 0.99
noise 0.05 40.31 81.27 [79.33, 83.18] 72.00 0.87 0.94
noise 0.1 37.66 59.92 [57.49, 62.21] 52.15 0.66 0.84
noise 0.2 19.22 33.96 [31.81, 36.30] 31.68 0.35 0.72
noise 0.3 8.44 23.13 [21.48, 24.82] 22.82 0.19 0.66
noise 0.4 2.03 18.17 [16.84, 19.63] 19.62 0.12 0.64
noise 0.5 0.94 18.89 [17.51, 20.19] 19.85 0.11 0.65
rotation 0 40.16 100.00 [100.00, 100.00] 99.84 1.00 1.00
rotation le-06 40.16 100.00 [100.00, 100.00] 99.84 1.00 1.00
rotation le-05 40.16 100.00 [100.00, 100.00] 99.84 1.00 1.00
rotation 0.0001 40.16 100.00 [100.00, 100.00] 99.84 1.00 1.00
rotation 0.001 40.16 100.00 [100.00, 100.00] 99.84 1.00 1.00
rotation 0.01 40.16 100.00 [100.00, 100.00] 99.84 1.00 1.00
rotation 0.05 40.62 86.04 [84.25, 87.69] 80.24 0.91 0.95
rotation 0.1 40.47 73.28 [70.97, 75.60] 66.42 0.79 0.90
rotation 0.2 40.62 83.29 [81.13, 85.32] 79.93 0.86 0.94
rotation 0.3 39.22 53.30[50.85, 55.64] 46.57 0.59 0.82
rotation 0.4 35.78 41.82 [39.67, 44.12] 36.04 0.45 0.74
rotation 0.5 32.34 41.67 [39.39, 44.05] 37.45 0.46 0.76
Table 14
Full drift results for ShuffleNet v2 on Tiny ImageNet (Grad-CAM). SSIM shown with bootstrap 95% ClI.
Drift y Acc.(%) SSIM(%) [95% Cl] loU(%) Pearson Cosine
blur 0 53.75 100.00 [100.00, 100.00] 95.62 0.96 0.96
blur le-06 28.28 30.85 [28.67, 32.96] 20.66 0.23 0.50
blur le-05 28.28 30.85 [28.67, 32.96] 20.66 0.23 0.50
blur 0.0001 28.28 30.85 [28.67, 32.96] 20.66 0.23 0.50
blur 0.001 28.28 30.85 [28.67, 32.96] 20.66 0.23 0.50
blur 0.01 28.28 30.85 [28.67, 32.96] 20.66 0.23 0.50
blur 0.05 28.28 30.85 [28.67, 32.96] 20.66 0.23 0.50
blur 0.1 28.28 30.85 [28.67, 32.96] 20.66 0.23 0.50
blur 0.2 15.47 25.86 [23.88, 27.80] 16.92 0.15 0.46
blur 0.3 10.62 22.39[20.52, 24.15] 14.14 0.10 0.43
blur 0.4 7.50 21.84 [20.07, 23.56] 13.81 0.09 0.43
blur 0.5 7.50 21.84 [20.07, 23.56] 13.81 0.09 0.43
brightness 0 53.75 100.00 [100.00, 100.00] 95.62 0.96 0.96
brightness  1e-06 53.75 99.87 [99.77, 99.95] 95.16 0.96 0.96
brightness  1e-05 53.75 99.81 [99.66, 99.91] 94.83 0.95 0.95
brightness  0.0001 53.75 99.76 [99.61, 99.87] 94.58 0.95 0.95
brightness  0.001 53.75 99.44 [99.22, 99.60] 93.27 0.95 0.95
brightness 0.01 53.12 95.54 [94.53, 96.45] 87.49 0.93 0.94

brightness 0205 53.28 86.99 [85.44, 88.37] 75.66 0.87 0.90
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Table 14

Continued
Drift v Acc.(%) SSIM(%) [95% Cl] loU(%) Pearson Cosine
brightness 0.1 52.66 77.42 [75.47,79.31] 64.39 0.79 0.85
brightness 0.2 49.06 65.56 [63.36, 67.71] 52.41 0.67 0.77
brightness 0.3 46.56 56.65 [54.48, 59.06] 42.38 0.56 0.70
brightness 0.4 41.72 48.67 [46.42, 50.91] 34.52 0.47 0.63
brightness 0.5 38.44 43.14 [40.92, 45.38] 29.12 0.39 0.59
noise 0 53.75 100.00 [100.00, 100.00] 95.62 0.96 0.96
noise le-06 53.75 99.85 [99.70, 99.95] 95.06 0.95 0.95
noise le-05 53.75 99.79 [99.64, 99.90] 94.73 0.95 0.95
noise 0.0001 53.75 99.60 [99.42, 99.75] 94.19 0.95 0.95
noise 0.001 53.75 98.14 [97.49, 98.67] 90.89 0.94 0.95
noise 0.01 53.91 89.59 [88.27, 90.93] 79.03 0.89 0.91
noise 0.05 52.19 63.09 [60.90, 65.21] 48.29 0.64 0.75
noise 0.1 44.38 39.62 [37.33, 41.90] 25.66 0.33 0.56
noise 0.2 20.62 21.63[19.80, 23.51] 11.87 0.07 0.40
noise 0.3 5.16 12.21[10.72,13.74] 10.48 -0.02 0.43
noise 0.4 1.72 11.23[9.79, 12.65] 11.18 -0.03 0.47
noise 0.5 0.31 10.24 [9.06, 11.54] 9.99 -0.05 0.45
rotation 0 53.75 100.00 [100.00, 100.00] 95.62 0.96 0.96
rotation le-06 53.75 100.00[100.00, 100.00]  95.62 0.96 0.96
rotation le-05 53.75 100.00 [100.00, 100.00] 95.62 0.96 0.96
rotation  0.0001 53.75 100.00[100.00, 100.00] 95.62 0.96 0.96
rotation 0.001 53.75 100.00 [100.00, 100.00] 95.62 0.96 0.96
rotation 0.01 53.75 100.00[100.00, 100.00]  95.62 0.96 0.96
rotation 0.05 53.91 77.28 [75.12, 79.51] 66.52 0.76 0.83
rotation 0.1 53.75 71.95 [69.63, 74.49] 62.14 0.71 0.80
rotation 0.2 53.59 63.41 [60.96, 65.74] 50.22 0.64 0.76
rotation 0.3 51.41 60.41 [57.76, 63.06] 48.89 0.58 0.73
rotation 0.4 43.59 36.29 [34.23, 38.31] 23.73 0.30 0.55
rotation 0.5 46.56 36.57 [34.63, 38.56] 24.38 0.31 0.56
Table 15

Grad-CAM vs Grad-CAM++ paired comparison at the strongest intensity per drift type: Wilcoxon signed-rank
p on the per-image SSIM difference and paired Cohen’s d

Dataset Model Drift v Wilcoxon p Cohen’s d
CIFAR-10 DenseNet-121 blur 0.5 1.04e-25 0.44
CIFAR-10 DenseNet-121  brightness 0.5  3.45e-19 0.33
CIFAR-10 DenseNet-121 noise 0.5 3.64e-31 0.49
CIFAR-10 DenseNet-121 rotation 0.5 6.18e-19 0.36
CIFAR-10 ResNet-18 blur 0.5 4.53e-55 0.72
CIFAR-10 ResNet-18 brightness 0.5  3.53e-35 0.50
CIFAR-10 ResNet-18 noise 0.5 4.62e-46 0.62
CIFAR-10 ResNet-18 rotation 0.5 1.95e-34 0.51
CIFAR-10 ShuffleNet v2 blur 0.5 1.58e-53 0.70
CIFAR-10 ShuffleNetv2  brightness 0.5  3.03e-35 0.49
CIFAR-10 ShuffleNet v2 noise 0.5 3.48e-56 0.74
CIFAR-10 ShuffleNet v2 rotation 0.5 2.22e-25 0.42

Tiny ImageNet DenseNet-121 blur 0.5 6.27e-84 1.16
Tiny ImageNet DenseNet-121  brightness 0.5 3.30e-36 0.55
Tiny ImageNet DenseNet-121 noise 0.5 3.54e-88 1.21
Tiny ImageNet DenseNet-121 rotation 0.5 5.88e-67 0.90
Tiny ImageNet ResNet-18 blur 0.5 1.44e-97 1.50
Tiny ImageNet ResNet-18 brightness 0.5 5.05e-101 1.27
Tiny ImageNet ResNet-18 noise 0.5 3.43e-93 1.27
Tiny ImageNet ResNet-18 rotation 0.5 1.35e-94 1.25
Tiny ImageNet  ShuffleNet v2 blur 0.5 3.91e-76 1.03
Tiny ImageNet  ShuffleNetv2  brightness 0.5 2.49e-94 1.36
Tiny ImageNet  ShuffleNet v2 noise 0.5 3.73e-90 1.25
Tiny ImageNet  ShuffleNet v2 rotation 0.5 4.36e-73 0.96
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Table 16
loU threshold-sensitivity at the strongest intensity per drift type: overlap recomputed at thresholds 0.3, 0.5
and 0.7

Dataset Model Drift loU@0.3 loU@0.5 loU@0.7
CIFAR-10 DenseNet-121 blur 51.54 37.83 28.84
CIFAR-10 DenseNet-121  brightness 77.86 70.69 65.10
CIFAR-10 DenseNet-121 noise 49.77 34.67 25.84
CIFAR-10 DenseNet-121 rotation 69.45 60.12 53.34
CIFAR-10 ResNet-18 blur 56.16 48.98 46.61
CIFAR-10 ResNet-18 brightness 77.84 75.37 74.66
CIFAR-10 ResNet-18 noise 57.25 52.00 50.61
CIFAR-10 ResNet-18 rotation 74.04 70.24 69.30
CIFAR-10 ShuffleNet v2 blur 45.88 34.48 27.45
CIFAR-10 ShuffleNet v2  brightness 64.58 57.08 51.88
CIFAR-10 ShuffleNet v2 noise 32.98 24.54 19.00
CIFAR-10 ShuffleNet v2 rotation 66.11 58.97 53.74

Tiny ImageNet DenseNet-121 blur 35.29 22.72 13.87
Tiny ImageNet DenseNet-121  brightness 61.33 51.08 41.57
Tiny ImageNet DenseNet-121 noise 33.33 16.83 8.44
Tiny ImageNet DenseNet-121 rotation 49.30 36.62 24.94
Tiny ImageNet ResNet-18 blur 34.32 20.38 12.08
Tiny ImageNet ResNet-18 brightness 55.83 46.62 39.84
Tiny ImageNet ResNet-18 noise 36.43 19.85 9.98
Tiny ImageNet ResNet-18 rotation 48.41 37.45 27.81
Tiny ImageNet  ShuffleNet v2 blur 21.58 13.81 9.33
Tiny ImageNet  ShuffleNetv2  brightness 36.25 29.12 24.18
Tiny ImageNet  ShuffleNet v2 noise 20.62 9.99 5.08
Tiny ImageNet  ShuffleNet v2 rotation 32.64 24.38 18.29
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