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 A B S T R A C T

The black-box nature of deep learning (DL) models presents a significant challenge for their adoption in clinical 
settings. The field of explainable artificial intelligence (XAI) has emerged to improve the transparency and 
interpretability of models. However, current techniques do not adequately describe the reasoning underpinning 
DL models. This study replicates and extends previous research on the use of texture analysis to improve 
interpretability in clinically geared segmentation tasks. We evaluate Law’s Texture Energy Measures (LTEMs) in 
the learning and decision-making processes of different DL architectures. We extend the work to include breast 
cancer, skin lesion, and gastrointestinal polyp datasets, as well as CLAHE-enhanced datasets to identify any 
divergence in learning. Experimental results reiterate that LTEMs, specifically level-edge convolution masks, 
are highly influential across multiple DL architectures. Additionally, Gray-Level Co-occurrence Matrix (GLCM) 
analysis highlights autocorrelation as a key descriptor. The results confirm that texture-based representations, 
learned primarily in the early layers of the network, are sufficient for robust learning. Through LTEMs, we 
can characterize the patterns learned in DL and associate these patterns with verbal descriptions and clinically 
objective measures, thus translating the DL learning into human terms. This psychophysical approach eases 
the clinical interpretability of DL models. Code availability: https://github.com/xrai-lib/xai-texture.

1. Introduction

The advent of Artificial Intelligence (AI) in healthcare, including 
deep learning (DL) models, has revolutionized medical diagnostics. 
AI-driven techniques have shown superior performance compared to 
traditional statistical methods, particularly in oncology, where they 
have been used to assist in cancer detection, classification, and prog-
nosis [1–4]. Examples of successful AI applications in breast cancer 
include [2,5], renal cell carcinoma, and lung cancer diagnoses [6,7]. 
Despite its success, particularly in image segmentation, the black-box 
nature of AI prevents its full integration into real clinical settings. 
Concerns about AI’s reliability, trustworthiness, and interpretability, 
especially in high-stakes healthcare applications, hinder its full inte-
gration. Transparency is essential for clinical adoption [1–4,8]. To 
address these concerns, Explainable AI (XAI) has emerged as a crucial 
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field that aims to enhance the interpretability of AI models without 
sacrificing predictive power. Several XAI methods exist, such as Class 
Activation Maps (CAM) and Shapley Additive Explanations (SHAP), 
to name a few [9,10]. In XAI, SHAP is a method for computing 
Shapley values to explain a prediction by assessing the contribution 
of each feature, whereas CAM is a visualization method providing a 
heat map. That is, SHAP provides input feature attribution, whereas 
CAM provides spatially based explanations; thus, they are to some 
extent complementary. However, these methods do not directly provide 
the reasoning used by DL models. Interpretation of results could be 
improved by verbal interpretation of visual attributes of image data 
through a psychophysical approach.

A potential XAI method to improve interpretation is texture analy-
sis. Traditionally, texture analysis is used to quantify texture features, 
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Fig. 1. Example of LTEM mask (Level-Edge) applied on a sample image of the CBIS-DDSM dataset.

such as coarseness or directionality in spatial patterns, to understand 
image heterogeneity [1]. Texture analysis could bridge feature quan-
tification and interpretation, given that we have prior knowledge of 
various texture patterns and how to interpret these textures in layman’s 
terms. Thus, feature maps in DL models can be correlated with known 
texture features, which can be interpreted in the context of a medical 
application.

In a previous study, we initially validated this theory by exploring 
the integration of Law’s Texture Energy Measure (LTEM) with DL 
segmentation models to improve explainability in breast cancer imag-
ing [11]. This work found that texture features, particularly the ‘‘Level’’ 
(L5) and ‘‘Edge’’ (E5) patterns, are significantly correlated with the seg-
mentation process. In particular, the study has shown that DL models 
trained on LTEM-transformed data achieved segmentation performance 
comparable to models trained on raw images while improving inter-
pretability through texture-driven insights. Other studies have shown 
that the L5E5 features are useful for capturing tumor heterogeneity in 
PET images and analyzing bone texture in osteoporosis, which explains 
why these patterns are widely included in radiomic analyses [12–
14]. Furthermore, Gray-Level Co-occurrence Matrix (GLCM) analysis 
highlighted common learning patterns between models [11]. These 
findings suggest that DL models in medical image segmentation respond 
strongly to texture periodicity and edge structures. Building on these 
insights, this article aims to extend the analysis to a wider range of 
medical images beyond breast cancer. In addition, we expand the scope 
of the analysis by increasing the number of DL architectures under 
investigation from three to six. This extended evaluation aims to (1) 
replicate and validate the original findings by broadening the scope of 
the experiment and (2) verify whether DL processes are consistent or 
deviate when preprocessing techniques for image enhancement are ap-
plied. This study revealed that texture analysis can be used to interpret 
traditional black-box models using verbal descriptions associated with 
LTEMs.

2. Methods

Experiments included the evaluation of several DL models, the train-
ing of these models using different dataset configurations (e.g., using 
Contrast-Limited Adaptive Histogram Equalization [CLAHE] for prepro-
cessing) to find patterns of similarities or divergence, and the influence 
of these configurations on the features learned by the DL models, with 
a focus on LTEMs and GLCMs.

2.1. Datasets

This study used three different medical image datasets: a subset of 
904 images in the CBIS-DDSM dataset, an updated and standardized 
version of the Digital Database for Screening Mammography [15]; 

HAM10000, a comprehensive collection of 10,015 dermatoscopic im-
ages (skin surface microscopy) that encompass a diverse range of 
pigmented skin lesions (with seven distinct diagnostic categories [16]); 
and POLYP, an open-access, manually annotated dataset of 1000 gas-
trointestinal polyp images (endoscopy) [17]. To enhance image qual-
ity, we applied CLAHE as a preprocessing step on all datasets. It 
is common in DL pipelines to apply preprocessing methods, such as 
CLAHE, to improve image quality and thus segmentation. Various 
models were trained on the raw and CLAHE-equivalent datasets, since 
CLAHE improves local contrast while reducing noise artifacts, which 
is particularly beneficial for medical images with varying intensity 
distributions [18].

2.2. Deep learning architectures

We extend previous work by evaluating six segmentation architec-
tures: three from the original study (DeepLabV3 [19], FCN [20], and 
U-Net [21]) plus three additional models (FPN [22], LinkNet [23], and 
HRNet [24]). The extension was designed to determine whether the 
preliminary results were repeatable, reproducible, and even consistent, 
given that DeepLabV3 employs dilated convolutions and Atrous Spatial 
Pyramid Pooling to capture multiscale context. Fully Convolutional 
Networks (FCN) use only convolutional layers with skip connections 
to preserve spatial information. U-Net applies a contracting-expanding 
path architecture [21,25,26]. Feature Pyramid Network (FPN) con-
structs feature pyramids through bottom-up and top-down pathways. 
LinkNet uses trained encoders for feature extraction coupled with a 
decoder module for classification. HRNet maintains high-resolution 
representations throughout the network, preserving spatial details for 
better boundary delineation [25,27].

2.3. Texture analysis

Law’s Texture Energy Measure (LTEM): LTEMs serve as our pri-
mary texture feature extraction method, employing a systematic ap-
proach to quantify texture variations within fixed-size windows. The 
technique uses convolution masks derived from three fundamental 
vectors of length three. Through self-convolution and cross-convolution 
of these vectors, five distinct vectors of length five are generated, repre-
senting fundamental image properties: Level (L5), Edge (E5), Spot (S5), 
Ripple (R5), and Wave (W5). These base vectors are then combined 
through the outer products of column and row vectors to create 5 × 5 
convolution masks, each designed to capture specific textural character-
istics (see Fig.  1) [28]. This process enables the creation of nine distinct 
texture-enhanced versions of our datasets, each emphasizing different 
structural properties.

Gray Level Co-occurrence Matrix (GLCM): GLCM is a second-
order statistical texture analysis method that captures spatial rela-
tionships between pixel intensities by computing the frequency of all 
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Fig. 2. Complete pipeline, including the evaluation of raw and CLAHE-enhanced datasets across six DL models. All models were processed to evaluate the nine 
LTEMs and their influence on DL learning processes.

possible gray-level value combinations at specified distances and direc-
tions [29]. Although GLCMs can be computed in eight directions, we 
employed the conventional approach of combining opposite directions 
to generate symmetric matrices, effectively reducing dimensionality 
while preserving essential textural information [30]. From these ma-
trices, we derived a comprehensive suite of statistical descriptors, 
including Angular Second Moment (ASM), Contrast, Correlation, Vari-
ance, Inverse Difference Moment (IDM), Sum Average, Sum Entropy, 
Entropy, Difference Entropy, and Information Measures of Correlation 
(IMC1 and IMC2), as well as Autocorrelation. We applied this anal-
ysis to both the original image data and the feature representations 
generated by the terminal layers of our neural networks.

2.4. Experimental design

The experimental design followed a systematic approach to eval-
uate the impact of texture-based features on the performance and 
interpretability of the model. For each of the six DL architectures, 
we created multiple training configurations combining raw images, 
CLAHE-enhanced images, and nine LTEM-transformed versions of each 
dataset. This resulted in a total of 60 distinct dataset configurations (3 
datasets × [raw + CLAHE + 9 LTEM of raw + 9 LTEM of CLAHE] = 
60).

A model instance of each architecture was trained for each dataset 
configuration (6 architectures × 60 dataset configurations), as shown in 
Fig.  2. We evaluated segmentation performance using the Intersection 
over Union (IoU) metric, allowing us to rank the effectiveness of 
different LTEM-based models against those trained on original datasets.

Cosine similarity was used to compare the representation of the 
feature map generated by models trained on different dataset configura-
tions. This analysis focused particularly on understanding how different 
LTEM transformations influenced the model’s internal representations 
compared to those generated from raw image training. Layer-wise 
analysis was performed across all models to examine how texture-based 
transformations affected feature extraction at different network depths.

3. Results and discussion

Among the LTEMs, L5E5/E5L5 emerged as the most critical feature 
for accuracy and model performance. As shown in Table  1, these 
features consistently ranked in the top three positions in 35 of 36 tests, 
outperforming all other LTEM features. For more detailed results on 
the rankings of other texture features please refer to Table  A.1. The L5 
(Level) filter captures smooth transitions and gradual intensity varia-
tions, while the E5 (Edge) filter emphasizes high-frequency details, such 
as boundaries and abrupt intensity changes. In terms of their translation 

(specifically for medical settings), L5E5/E5L5 could be used to describe 
density-related characteristics of clinical outcomes. For example, in 
breast cancer imaging, it could be effective in identifying high-density 
regions (as seen in Fig.  1). Thus, this feature could potentially be 
used to describe fibroglandular density, a known risk factor for breast 
cancer [31].

Other LTEM features, including E5E5 and L5S5, also showed strong 
performance, ranking in the top three positions 30 and 28 times, 
respectively. However, their influence was not as consistently dom-
inant as L5E5/E5L5. Regardless of the DL model that is trained, a 
clear preference for these features emerges, which reinforces the idea 
that texture-based representations are crucial for DL learning. This 
has significant implications for the interpretation of medical image 
segmentation and classification models.

Our analysis using GLCM revealed that autocorrelation is the most 
significant texture feature across all datasets and models, as shown 
in Fig.  3. This agrees with previous findings where GLCM autocor-
relation provided key predictive information, such as in MRI-based 
studies of gliomas [32] and cardiac risk stratification [33]. It has also 
been associated with tumor genomic risk scores in breast MRI [34]. 
Autocorrelation measures the linear dependency of the pixel intensities 
within a texture, effectively capturing repetitive patterns and spatial 
uniformity. The prevalence of autocorrelation across various architec-
tures and datasets indicates that DL models inherently rely on spatial 
texture information to segment complex medical images. These findings 
support the use of texture-based explainability techniques to interpret 
AI-driven medical models.

Edge detection filters and early convolutional neural network layers 
typically capture low-level visual concepts such as boundaries and 
simple textures. Zhou et al. [35] showed that convolutional units act 
as detectors for both low-level and high-level concepts, but it remains 
difficult to determine the specific contribution of each unit to different 
categories. Similarly, attention maps indicate where the model focuses 
in an image but do not explain the precise structural patterns that 
drive decisions. By explicitly isolating texture features through LTEM 
transformations and GLCM analysis, this study provides more direct 
evidence of the types of patterns, such as autocorrelation and L5E5 
textures, that are consistently used by the models. This moves beyond 
general localization to identify which structural characteristics are 
critical for segmentation.

Although textures may appear as abstract features in images, their 
patterns can be explicitly described in quantitative analysis. The LTEM 
masks, for example, provide pattern matches that correspond to known 
spatial properties such as edge sharpness, density, or periodic struc-
tures. This eases the interpretability from model to layman’s language. 
Furthermore, texture can be related to established clinical descriptors, 
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Fig. 3. Frequency of GLCM features across the evaluated models for both the raw-original and CLAHE-enhanced versions of the three datasets used (CBIS-DDSM, 
HAM10000, Polyp).

Table 1
Comparison of LTEM model accuracies using IoU across various architectures and datasets, including CLAHE-enhanced versions. L5E5/E5L5 
features consistently achieved top ranking.

Dataset : curated Breast Imaging Subset of the Digital Database for Screening Mammography (CBIS DDSM)
Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

Original 0.8699 0.8485 0.8249 0.8145 0.6456 0.6209
Texture L5E5/E5L5: 0.8258 L5E5/E5L5: 0.8178 L5E5/E5L5: 0.7714 E5E5: 0.6707 L5E5/E5L5: 0.6679 L5E5/E5L5: 0.5637

Dataset : CLAHE - curated Breast Imaging Subset of the Digital Database for Screening Mammography (CBIS DDSM)
Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

Original 0.8389 0.8285 0.7974 0.8243 0.7243 0.6413
Texture L5E5/E5L5: 0.7636 L5E5/E5L5: 0.7842 L5E5/E5L5: 0.7616 L5E5/E5L5: 0.7562 L5E5/E5L5: 0.6559 S5S5: 0.4035

Dataset : HAM10000 dataset, dermatoscopic images of common pigmented skin lesion
Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

Original 0.8895 0.8905 0.9089 0.9058 0.8408 0.8586
Texture L5E5/E5L5: 0.8892 L5E5/E5L5: 0.8855 L5E5/E5L5: 0.8887 L5E5/E5L5: 0.8798 L5E5/E5L5: 0.8378 L5E5/E5L5: 0.8229

Dataset : CLAHE - HAM10000 dataset, dermatoscopic images of common pigmented skin lesion
Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

Original 0.8909 0.8975 0.8939 0.9013 0.8804 0.8317
Texture L5E5/E5L5: 0.8815 L5E5/E5L5: 0.8738 L5E5/E5L5: 0.8699 L5E5/E5L5: 0.8541 L5E5/E5L5: 0.8264 L5E5/E5L5: 0.7936

Dataset : polyp dataset for Computer-Aided Gastrointestinal Disease Detection
Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

Original 0.8823 0.8836 0.8794 0.8566 0.7759 0.7202
Texture L5E5/E5L5: 0.8421 L5E5/E5L5: 0.8427 L5E5/E5L5: 0.8209 L5E5/E5L5: 0.8242 L5E5/E5L5: 0.6987 L5E5/E5L5: 0.5825

Dataset : CLAHE -polyp dataset for Computer-Aided Gastrointestinal Disease Detection
Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

Original 0.8640 0.8900 0.8550 0.8807 0.8139 0.7165
Texture E5E5: 0.8230 L5E5/E5L5: 0.8204 L5E5/E5L5: 0.8081 L5E5/E5L5: 0.8052 L5E5/E5L5: 0.7196 L5S5/S5L5: 0.5655

such as BI-RADS categories in breast imaging or visual assessments 
of fibroglandular density. Showing that textures are fundamental to 
how models make predictions makes it easier to relate the results to 
established clinical criteria.

3.1. Consistency of texture-driven learning across models

A significant outcome of this study is the demonstration that DL 
models can achieve stable performance when trained exclusively on 

LTEM features. Despite variations in model architectures and prepro-
cessing techniques (e.g., CLAHE enhancement), all models showed 
near-identical learning patterns when relying solely on LTEM-derived 
representations. This consistency suggests that DL models fundamen-
tally focus on a set of primary core features, at least in the context of 
segmentation.

To further evaluate the effectiveness of the LTEM features, we 
conducted 324 pairwise comparisons using six DL models across six 
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Table 2
Average cosine similarities of feature maps between original models and LTEM-enhanced models across layers. High similarity scores, particularly 
for L5E5/E5L5 features, indicate strong behavioral alignment and preservation of critical information.

Dataset : curated Breast Imaging Subset of the Digital Database for Screening Mammography (CBIS DDSM)
Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

1 L5E5/E5L5: 0.3444 L5E5/E5L5: 0.3812 L5E5/E5L5: 0.4858 E5E5: 0.4399 R5R5: 0.6658 L5E5/E5L5: 0.3323
Dataset : CLAHE - curated Breast Imaging Subset of the Digital Database for Screening Mammography (CBIS DDSM)

Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

1 L5E5/E5L5: 0.4092 L5R5/R5L5: 0.3959 L5E5/E5L5: 0.5017 E5E5: 0.4616 R5R5: 0.6749 E5E5: 0.3027
Dataset : HAM10000 dataset, dermatoscopic images of common pigmented skin lesion

Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

1 L5E5/E5L5: 0.2932 L5E5/E5L5: 0.36704 L5E5/E5L5: 0.4193 L5E5/E5L5: 0.4402 L5E5/E5L5: 0.6724 S5S5: 0.3047
Dataset : CLAHE - HAM10000 dataset, dermatoscopic images of common pigmented skin lesion

Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

1 L5E5/E5L5: 0.2912 L5E5/E5L5: 0.3459 L5E5/E5L5: 0.4131 R5R5: 0.3971 L5E5/E5L5: 0.6949 L5E5/E5L5: 0.2815
Dataset : polyp dataset for Computer-Aided Gastrointestinal Disease Detection

Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

1 L5E5/E5L5: 0.3361 E5E5: 0.3841 L5E5/E5L5: 0.5021 E5E5: 0.4495 E5S5/S5E5: 0.6938 E5E5: 0.3476
Dataset : CLAHE - polyp dataset for Computer-Aided Gastrointestinal Disease Detection

Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

1 L5E5/E5L5: 0.3888 E5E5: 0.4149 E5E5: 0.5023 E5E5: 0.48828 L5E5/E5L5: 0.6974 E5E5: 0.3629

datasets, including CLAHE-enhanced versions. The results, shown in 
Table  2, show the highest similarity score feature, where the L5E5/
E5L5 models consistently ranked among the top performing configura-
tions, appearing in the top three 34 out of 36 times. For more detailed 
information about similarity scores of other features, please refer to 
Table  A.2 in the Appendix. Specifically, these models secured the first 
position 20 times, the second position 8 times, and the third position 
6 times, reinforcing their role as the most influential LTEM features. 
Furthermore, the L5S5/S5L5 features, typically acquired during the 
initial training stages, were identified as among the most prominent 
features on 19 occasions, underscoring their persistent importance.

The ability of DL models to maintain robust segmentation and classi-
fication performance through the use of texture-based features suggests 
that LTEM can streamline model architectures without compromis-
ing accuracy. This finding has substantial implications for resource-
constrained environments, where reducing computational complexity 
is crucial. By using LTEM-based representations, models can sustain 
strong decision-making capabilities while improving explainability and 
efficiency in AI-driven medical diagnostics.

Although processing LTEM filter transformations individually,
rather than as combined multi-channel inputs, reduces the repre-
sentational dimensionality of the original images, models trained on 
these texture-enhanced inputs consistently achieve segmentation per-
formance comparable to models trained on raw data. When using 
LTEM, each convolution mask derived captures a specific textural 
property. If individual filter responses are used, the remaining texture 
components are omitted, inevitably leading to information loss; from an 
information-theoretic standpoint, a single LTEM filter response cannot 
fully reconstruct the original image. This reduction is not detrimental 
but rather deliberate, as it enables the isolation of the most informative 
LTEM masks. It is important to note that minimal perturbations can 
cause failures in DL models, so the continuity of learned representations 
cannot be assumed [36]. The stable and high performance observed in 
all of our experiments suggests that the texture features captured by 
the LTEM masks represent the core structural elements on which the 
models are based, highlighting the significance of these textures for 
prediction and interpretability.

4. Conclusions and future work

This study underscores the importance of texture analysis in enhanc-
ing the explainability of DL models in medical image segmentation. 
Building on our previous research, we validate our earlier findings by 
applying them to additional open-source datasets and DL architectures. 
We demonstrate that LTEMs, particularly the Level (L5) and Edge (E5) 
features, are crucial for model learning and decision-making. Further-
more, GLCM analysis confirms that autocorrelation is a key descriptor 
across multiple architectures, reinforcing the notion that DL models 
inherently rely on essential features in textural patterns, especially in 
the early layers. This reliance is further evident when preprocessing 
techniques such as CLAHE are employed. We can leverage this infor-
mation to interpret the texture-based features used in DL models and 
associate them with clinical descriptors. For example, L5E5 has been 
shown to correlate with pattern density, which, in the context of breast 
cancer, could serve as an indicator of fibroglandular density.

In parallel, future studies will focus on broadening the scope of 
texture-based explainability beyond the current segmentation frame-
work. This includes exploring how such approaches can be integrated 
with multimodal data sources, such as radiomics and pathology re-
ports, to enrich clinical context, as well as assessing their applicabil-
ity in real-time clinical environments where computational efficiency 
and interpretability are essential. Another direction involves extending 
texture-driven reasoning to related tasks, including classification and 
prognosis, to evaluate generalization across diverse diagnostic settings. 
These aspects are currently being investigated in a separate ongoing 
study aimed at advancing the clinical translation of texture-aware 
explainable artificial intelligence (XAI) methods.
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Table A.1
Comparison of LTEM model accuracies using IoU across various architectures and datasets, including CLAHE-enhanced versions. Ranking 
of the accuracies achieved by different texture features. L5E5/E5L5 features consistently achieved top ranking.

Dataset : curated Breast Imaging Subset of the Digital Database for Screening Mammography (CBIS DDSM)
Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

Original 0.8699 0.8485 0.8249 0.8145 0.6456 0.6209
1 L5E5/E5L5: 0.8258 L5E5/E5L5: 0.8178 L5E5/E5L5: 0.7714 E5E5: 0.6707 L5E5/E5L5: 0.6679 L5E5/E5L5: 0.5637
2 E5E5: 0.7359 E5E5: 0.7453 E5E5: 0.7186 E5S5/S5E5: 0.6224 L5S5/S5L5: 0.4957 S5S5: 0.4113
3 L5S5/S5L5: 0.7329 L5S5/S5L5: 0.7290 E5S5/S5E5: 0.7137 L5E5/E5L5: 0.6218 E5E5: 0.4804 L5S5/S5L5: 0.4021

Dataset : CLAHE - curated Breast Imaging Subset of the Digital Database for Screening Mammography (CBIS DDSM)
Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

Original 0.8389 0.8285 0.7974 0.8243 0.7243 0.6413
1 L5E5/E5L5: 0.7636 L5E5/E5L5: 0.7842 L5E5/E5L5: 0.7616 L5E5/E5L5: 0.7562 L5E5/E5L5: 0.6559 S5S5: 0.4035
2 E5E5: 0.7177 E5E5: 0.7121 E5E5: 0.7246 E5E5: 0.7181 L5S5: 0.4764 E5E5: 0.3929
3 E5S5/S5E5: 0.7129 E5S5/S5E5: 0.7078 L5S5/S5L5: 0.7012 E5S5/S5E5: 0.7056 E5E5: 0.4710 E5S5/S5E5: 0.2663

Dataset : HAM10000 dataset, dermatoscopic images of common pigmented skin lesion
Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

Original 0.8895 0.8905 0.9089 0.9058 0.8408 0.8586
1 L5E5/E5L5: 0.8892 L5E5/E5L5: 0.8855 L5E5/E5L5: 0.8887 L5E5/E5L5: 0.8798 L5E5/E5L5: 0.8378 L5E5/E5L5: 0.8229
2 L5S5/S5L5: 0.8506 E5E5: 0.8381 E5E5: 0.8368 L5S5/S5L5: 0.8290 L5S5/S5L5: 0.7739 L5S5/S5L5: 0.7351
3 E5E5: 0.8437 L5S5/S5L5: 0.8198 L5S5/S5L5: 0.8291 E5S5/S5E5: 0.8119 E5E5: 0.7413 E5E5: 0.7024

Dataset : CLAHE - HAM10000 dataset, dermatoscopic images of common pigmented skin lesion
Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

Original 0.8909 0.8975 0.8939 0.9013 0.8804 0.8317
1 L5E5/E5L5: 0.8815 L5E5/E5L5: 0.8738 L5E5/E5L5: 0.8699 L5E5/E5L5: 0.8541 L5E5/E5L5: 0.8264 L5E5/E5L5: 0.7936
2 L5S5/S5L5: 0.8359 L5S5/S5L5: 0.8294 L5S5/S5L5: 0.8064 E5E5: 0.8112 E5E5: 0.7378 E5E5: 0.6999
3 E5E5: 0.8903 E5E5: 0.8270 E5E5: 0.8059 L5S5/S5L5: 0.7973 L5S5/S5L5: 0.7226 L5S5/S5L5: 0.6990

Dataset : polyp dataset for Computer-Aided Gastrointestinal Disease Detection
Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

Original 0.8823 0.8836 0.8794 0.8566 0.7759 0.7202
1 L5E5/E5L5: 0.8421 L5E5/E5L5: 0.8427 L5E5/E5L5: 0.8209 L5E5/E5L5: 0.8242 L5E5/E5L5: 0.6987 L5E5/E5L5: 0.5825
2 L5S5/S5L5: 0.8276 E5E5: 0.8112 L5S5/S5L5: 0.7955 E5E5: 0.8040 E5S5: 0.6619 L5S5/S5L5: 0.5676
3 E5E5: 0.8167 L5S5/S5L5: 0.8078 E5E5: 0.7934 E5S5/S5E5: 0.7826 L5S5/S5L5: 0.6614 E5E5: 0.5385

Dataset : CLAHE -polyp dataset for Computer-Aided Gastrointestinal Disease Detection
Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

Original 0.8640 0.8900 0.8550 0.8807 0.8139 0.7165
1 E5E5: 0.8230 L5E5/E5L5: 0.8204 L5E5/E5L5: 0.8081 L5E5/E5L5: 0.8052 L5E5/E5L5: 0.7196 L5S5/S5L5: 0.5655
2 L5S5/S5L5: 0.8075 L5S5/S5L5: 0.8102 L5S5/S5L5: 0.7952 E5E5: 0.7966 L5S5/S5L5: 0.6677 L5E5/E5L5: 0.5645
3 L5E5/E5L5: 0.8065 E5E5: 0.8020 E5S5: 0.7325 L5S5/S5L5: 0.7862 E5E5: 0.6222 E5E5: 0.5413
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Table A.2
Average cosine similarities of feature maps between original models and LTEM-enhanced models across layers. The ranking of similarity 
scores for the three top texture features. L5E5/E5L5 features indicate strong behavioral alignment and preservation of critical information.

Dataset : curated Breast Imaging Subset of the Digital Database for Screening Mammography (CBIS DDSM)
Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

1 L5E5/E5L5: 0.3444 L5E5/E5L5: 0.3812 L5E5/E5L5: 0.4858 E5E5: 0.4399 R5R5: 0.6658 L5E5/E5L5: 0.3323
2 L5R5/R5L5: 0.3191 L5R5/R5L5: 0.3694 L5R5/R5L5: 0.4292 L5S5/S5L5: 0.4165 L5E5/E5L5: 0.6653 E5E5: 0.2971
3 L5S5/S5L5: 0.2919 L5S5/S5L5: 0.3325 E5E5: 0.4259 L5R5/R5L5: 0.4089 E5E5: 0.6646 L5R5/R5L5: 0.2899

Dataset : CLAHE - curated Breast Imaging Subset of the Digital Database for Screening Mammography (CBIS DDSM)
Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

1 L5E5/E5L5: 0.4092 L5R5/R5L5: 0.3959 L5E5/E5L5: 0.5017 E5E5: 0.4616 R5R5: 0.6749 E5E5: 0.3027
2 E5E5: 0.3660 L5S5/S5L5: 0.388 E5E5: 0.4669 L5S5/S5L5: 0.4473 L5E5/E5L5: 0.6702 L5S5/S5L5: 0.3003
3 L5R5/R5L5: 0.3628 L5E5/E5L5: 0.3781 L5R5/R5L5: 0.4596 L5R5/R5L5: 0.4285 E5S5/S5E5: 0.6613 L5E5/E5L5: 0.2926

Dataset : HAM10000 dataset, dermatoscopic images of common pigmented skin lesion
Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

1 L5E5/E5L5: 0.2932 L5E5/E5L5: 0.36704 L5E5/E5L5: 0.4193 L5E5/E5L5: 0.4402 L5E5/E5L5: 0.6724 S5S5: 0.3047
2 L5S5/S5L5: 0.2791 R5R5: 0.3202 L5S5/S5L5: 0.4023 L5S5/S5L5: 0.3989 S5S5: 0.6503 E5R5/R5E5: 0.3004
3 R5R5: 0.2614 S5S5: 0.3034 E5S5/S5E5: 0.3629 E5E5: 0.3824 E5S5/S5E5: 0.6439 L5E5/E5L5: 0.2899

Dataset : CLAHE - HAM10000 dataset, dermatoscopic images of common pigmented skin lesion
Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

1 L5E5/E5L5: 0.2912 L5E5/E5L5: 0.3459 L5E5/E5L5: 0.4131 R5R5: 0.3971 L5E5/E5L5: 0.6949 L5E5/E5L5: 0.2815
2 R5R5: 0.2553 L5S5/S5L5: 0.3299 L5S5/S5L5: 0.3896 E5S5/S5E5: 0.3859 R5R5: 0.6582 R5R5: 0.2796
3 L5S5/S5L5: 0.2517 E5S5/S5E5: 0.3297 R5R5: 0.3739 L5E5/E5L5: 0.3839 E5E5: 0.6549 R5S5/S5R5: 0.2726

Dataset : polyp dataset for Computer-Aided Gastrointestinal Disease Detection
Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

1 L5E5/E5L5: 0.3361 E5E5: 0.3841 L5E5/E5L5: 0.5021 E5E5: 0.4495 E5S5/S5E5: 0.6938 E5E5: 0.3476
2 E5E5: 0.3232 L5E5/E5L5: 0.3749 E5E5: 0.4839 L5E5/E5L5: 0.4449 L5E5/E5L5: 0.6929 L5S5/S5L5: 0.3437
3 L5S5/S5L5: 0.3099 L5S5/S5L5: 0.3653 L5R5/R5L5: 0.4598 L5R5/R5L5: 0.4372 E5E5: 0.6776 L5E5/E5L5: 0.3219

Dataset : CLAHE - polyp dataset for Computer-Aided Gastrointestinal Disease Detection
Rank DeepLabv3 FCN FPN LinkNet HRNet U-Net

1 L5E5/E5L5: 0.3888 E5E5: 0.4149 E5E5: 0.5023 E5E5: 0.48828 L5E5/E5L5: 0.6974 E5E5: 0.3629
2 L5S5/S5L5: 0.3399 L5E5/E5L5: 0.3993 L5E5/E5L5: 0.4897 L5E5/E5L5: 0.4769 S5S5: 0.6874 L5S5/S5L5: 0.3544
3 E5E5: 0.3358 L5R5/R5L5: 0.3579 L5S5/S5L5: 0.4830 R5R5: 0.4525 L5S5/S5L5: 0.6769 L5E5/E5L5: 0.3420
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