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Abstract

Thermal imaging is an increasingly used modality for clinical deep learning, yet a key
preprocessing step in convolutional neural network (CNN)-based pipelines has gone largely
unexamined. Each thermal image encodes scalar temperature values rendered into RGB
via a colormap, determining how temperature information is visually represented. While
existing work shows colormap selection influences human interpretation of thermal images,
its impact on CNN-based classification remains unstudied. We address this gap through
an evaluation of five colormaps across three pretrained CNN architectures and two clinical
prediction tasks. Our results show that colormap choice produces consistent differences in
predictive performance and substantially shifts the spatial regions CNNs attend to when
making predictions. These findings suggest that colormap selection must be treated and
reported as a factor shaping model behavior, with direct implications for how CNN-based
pipelines are developed, validated, and deployed in clinical thermal imaging.

1. Introduction

Changes in skin-surface temperature serve as a reliable biomarker across dozens of con-
ditions and therapeutic areas (Kesztyüs et al., 2023), from tumor-associated angiogenesis
in breast tissue to inflammation or ischemia preceding pressure injury (Arora et al., 2008;
Tzen et al., 2025). Infrared thermography, a non-invasive, non-contact modality, captures
this signal directly, making it a natural candidate for automated analysis using computer
vision techniques (Kaczmarek and Nowakowski, 2016). Deep learning methods, specifically
Convolutional Neural Networks (CNNs), have achieved clinician-comparable performance
when applied to other imaging modalities, including dermoscopy, fundus imaging, x-ray,
and histopathology (Esteva et al., 2017; Litjens et al., 2017; Rajpurkar et al., 2018). Ther-
mal images, however, pose a distinct challenge: unlike optical modalities where images are
captured directly in RGB (Red, Green, Blue), thermal images encode scalar temperature
values that must first be mapped into a visible representation. Perhaps as a result, CNN
adoption for thermal imaging has remained comparatively limited, though recent work has
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(a) Arctic (b) Inferno (c) Ironbow

(d) Rainbow (e) White Hot

Figure 1: Comparison of different colormaps applied to the same thermal measurements
for the erythema classification task. Each colormap produces a distinct visual
representation of temperature patterns.

shown promising results in breast cancer detection and pressure injury monitoring (Baron
et al., 2023; Attallah, 2025; Chi et al., 2025; Wang et al., 2021).

As CNN-based approaches for thermal images have gained traction, a subtle but con-
sequential upstream decision has gone largely unexamined: colormap selection. The ther-
mography community has recognized that colormap choice shapes human interpretation
of thermal images, affecting detection accuracy, segmentation quality, and diagnostic con-
fidence (Tian et al., 2025; Colley et al., 2025; Agrawal and Karar, 2018; Ammer, 2015).
Colormap selection has accordingly been treated as a visualization decision, often defaulted
to extraction software presets such as the Ironbow palette from FLIR, a leading thermog-
raphy manufacturer. But as these same color-encoded images serve as input to CNN-based
classifiers, colormap choice can no longer be considered a purely visual concern.

CNNs pretrained on large natural image datasets such as ImageNet are sensitive to
color. Prior work has demonstrated that color distortions and distribution shifts can mean-
ingfully degrade CNN classification performance (De and Pedersen, 2022; Geirhos et al.,
2018), and that color-specific units exist within pretrained networks at varying depths (En-
gilberge et al., 2017). When scalar thermal data is rendered into RGB space via different
colormaps, the resulting images present different color distributions to these pretrained mod-
els. Whether these color sensitivities translate into downstream effects when CNN-based
classifiers are deployed for medical thermal image analysis, however, remains untested.

To address this gap, we conduct a controlled empirical study evaluating five colormaps
shown in Figure 1, across three widely used pretrained CNN architectures (ResNet50, Mo-
bileNetV2, InceptionV3) and two clinical thermal imaging tasks, breast cancer detection
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and erythema classification. Our results demonstrate that colormap choice produces con-
sistent differences in predictive performance and reveal substantial instability in the spatial
regions models attend to when making predictions, as measured through Grad-CAM activa-
tion maps. We further show that colormap mismatch between training and deployment can
degrade performance to near-chance levels. Our findings suggest that colormap selection
carries consequences beyond the human-centered visualization convention. Since colormaps
will continue to be designed for human perceptual needs, model training pipelines should
treat colormap as a pipeline parameter whose interaction with model behavior is validated
and reported rather than freely re-optimized. More broadly, this work functions as a pipeline
audit of an upstream preprocessing step with direct implications for clinical deployment risk.

Generalizable Insights about Machine Learning in the Context of Healthcare

While this work focuses on two clinical thermal imaging tasks, the findings have broader im-
plications. Within thermography, colormap selection is relevant to any CNN-based pipeline
operating on rendered images, including tasks such as segmentation and detection. The fact
that colormap choice affects not only predictive performance but also model attention has
relevance for clinical deployment, where interpretability and trust in model behavior are
essential. Our cross-palette generalization results further underscore this risk in practice,
showing that colormap mismatch between training and deployment can severely degrade
performance, a concern for multi-site settings where institutions or camera manufacturers
may default to different palettes. Thermography has demonstrated clinical utility across
a wide range of conditions that have yet to see CNN-based approaches applied (Kesztyüs
et al., 2023). Establishing pipeline decision practices, such as colormap selection, may help
enable more reliable CNN adoption across thermal imaging applications more broadly.

2. Related Work

2.1. Deep Learning for Medical Imaging

CNNs are widely adopted for image-based medical diagnosis, including mammography,
dermoscopy, and histopathology (Litjens et al., 2017; Chen et al., 2025). This success is
largely driven by the availability of architectures pretrained on large-scale natural image
datasets such as ImageNet (Deng et al., 2009), including ResNet (He et al., 2016b), Incep-
tion (Szegedy et al., 2016), and MobileNet (Sandler et al., 2018), which can be fine-tuned
for medical tasks with relatively limited labeled data. Transfer learning from these architec-
tures has been widely adopted in healthcare applications, including dermatology and cancer
diagnosis (Esteva et al., 2017; Miotto et al., 2018), and more recently in thermal imaging
contexts (Wang et al., 2021, 2026; Jiang et al., 2022; Attallah, 2025; Chi et al., 2025). More
recently, domain-specific alternatives such as RadImageNet (Mei et al., 2022), pretrained
on medical imaging data rather than natural images, have been proposed to reduce the
domain gap inherent to ImageNet transfer learning.

2.2. Thermal Imaging in Clinical Applications

Infrared thermography offers a fast, non-contact, radiation-free method to measure temper-
ature differences on the skin surface, with the capacity for arbitrary repetition of recordings
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(Kaczmarek and Nowakowski, 2016). Deviations in surface temperature can arise from
many underlying causes, including inflammation, malignancy, and infection, making ther-
mography broadly applicable across clinical settings (Lahiri et al., 2012). Kesztyüs et al.
(2023) identified the use of thermography across 38 distinct health conditions spanning 13
therapeutic areas, yet CNN-based approaches remain largely underexplored.

2.2.1. Breast Cancer Detection

Breast cancer remains one of the leading causes of cancer-related mortality among women
worldwide, making early detection critical (Kim et al., 2025). Mammography is the current
gold standard for screening, yet its sensitivity drops for young women and women with
dense breasts (Hollingsworth, 2019). Thermography offers an alternative for women with
dense breasts and can serve as an effective approach in combination with ultrasound for
low-income countries (Arora et al., 2008; Goñi-Arana et al., 2024). Furthermore, applying
CNN-based approaches to thermal images has shown promising classification performance
in distinguishing healthy from malignant cases (Ekici and Jawzal, 2020; Husaini et al., 2020;
Baffa and Lattari, 2018; Chi et al., 2025; Attallah, 2025).

2.2.2. Erythema and Pressure Injury Detection

Pressure injuries remain a common and costly adverse event in hospitalized patients, and
are linked to increased morbidity and mortality (Li et al., 2020). Early detection is therefore
critical to prevention, and thermography has emerged as a promising tool for this purpose.
Temperature differentials measured up to 48 hours before diagnosis have been associated
with increased pressure injury risk (Cai et al., 2021). Yet evidence on the overall accuracy of
thermographic imaging for early detection remains limited (Baron et al., 2023), motivating
recent work that applies CNN-based methods to thermal images with encouraging results
(Wang et al., 2021; Jiang et al., 2022).

Erythema, characterized by redness of the skin due to increased blood flow, is the earliest
clinically recognized sign of pressure injury (European Pressure Ulcer Advisory Panel et al.,
2019). Nonblanchable erythema, when the redness persists under light pressure, indicates
that tissue damage has already occurred, and has been shown to predict progression to
more severe pressure injury, highlighting the clinical importance of early identification and
timely intervention (Shi et al., 2020). Despite this importance, visual skin assessment for
erythema is less reliable in patients with darker skin tones (Gunowa et al., 2018). However,
temperature changes do not differ significantly across skin tone groups (Bates-Jensen et al.,
2024; Jordan et al., 2025). CNN-based methods for erythema detection have been evaluated
across imaging protocol variations such as lighting, distance, positioning, and camera type,
and found to be less sensitive to these variations than optical imaging (Asare-Baiden et al.,
2026). Notably, colormap selection has not been examined.

2.3. Colormaps in Thermal Visualization

Each pixel in a thermal image represents a single scalar temperature value, rendered into a
visible image using any number of predefined colormaps (or color palettes) that determine
how temperature differences are visually encoded. Prior work has examined how this choice
affects human perception and task performance (see Table 1), consistently showing that
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Table 1: Prior work on impact of colormaps on human perception and task performance
when using thermal images.

Study Task White Hot Ironbow Rainbow

Ammer (2015) Structural fidelity ⋆ ✓ ✓
Agrawal and Karar (2018) Target detection ⋆ ✓ ✓
Shaikh et al. (2019) Segmentation & clustering ⋆ ✓
Colley et al. (2025) Human detection ⋆ ✓ ✓
Tian et al. (2025) Contour recognition ✓ ✓ ✓

⋆ = best performing; ✓= evaluated

colormap choice influences detection accuracy, segmentation quality, and cognitive workload
(Tian et al., 2025; Colley et al., 2025; Agrawal and Karar, 2018; Shaikh et al., 2019; Ammer,
2015). Notably, White Hot (or grayscale) performed well across most tasks, though Tian
et al. (2025) found Ironbow and Rainbow outperformed it at lower resolutions.

While the above work examines colormap effects on human interpretation in thermal
imaging, early evidence from other modalities suggests that color encoding more broadly
influences CNN-based classification. Colorizing grayscale mammograms using task-specific
transfer functions has been shown to improve CNN-based breast cancer classification com-
pared to grayscale inputs (Hussein et al., 2025), and similar effects have been observed
applying color mapping to chest X-ray images for COVID-19 detection (Freire et al., 2021).

2.4. Color Sensitivity and Input Representation in CNNs

CNNs pretrained on ImageNet inherit strong priors over natural image color distributions,
influencing how models respond to inputs with differing color characteristics (Geirhos et al.,
2018). Analysis of learned CNN representations has confirmed the existence of color-specific
units within networks, with sensitivity varying across network depth (Engilberge et al.,
2017), and color distortions or shifts in color distribution can significantly degrade classifi-
cation performance across multiple state-of-the-art architectures (De and Pedersen, 2022).
In medical imaging, this sensitivity has motivated color normalization to address stain vari-
ation in histopathology, which can otherwise degrade model generalization across labs (Lit-
jens et al., 2017), and color space transformations such as RGB to HSV (Hue, Saturation,
Value) or CIELAB have similarly been shown to affect CNN classification performance in
medical contexts (Velastegui and Pedersen, 2021). Recent work has proposed architectures
equivariant to hue, saturation, and luminance variation to improve generalization under
color shift (Yang et al., 2025). These findings collectively suggest that color encoding is not
a neutral choice.

3. Experimental Setup

We address the colormap selection gap in clinical thermal imaging pipelines through a
controlled evaluation study (Figure 2) designed to isolate colormap as the sole source of
variation across two clinical thermal imaging tasks, evaluating five colormaps across three
pretrained CNN architectures. Code and experimental details are available on GitHub.1

1. https://github.com/ngxallison/Colormaps-CNN
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Figure 2: An illustration of our experimental pipeline.

3.1. Datasets

We evaluate colormap sensitivity on two classification tasks using two independent datasets.

Erythema Classification. We use a private dataset of thermal images collected from
35 healthy adult volunteers (ages 18–73), recruited across the Monk Skin Tone scale. The
study was approved by the Emory University Institutional Review Board (eIRB number
00005999). Erythema was experimentally induced via a cupping protocol applied to the
posterior superior iliac spines, as described in Jordan et al. (2025). Thermal images were
captured immediately after cupping and at one-minute intervals over seven minutes, yielding
multiple images per subject. Labels indicate the presence or absence of erythema based on
colorimeter measurements. This dataset contains 314 total images with 196 labeled with
erythema. Jordan et al. (2025) previously characterized the temperature and erythema
response patterns, finding that erythema, but not temperature, differed significantly across
skin tone groups.

Breast Cancer Detection. We use the publicly available DMR-IR database Silva
et al. (2024), which contains thermal images from 55 patients classified as healthy (19) or
diseased (36). DMR-IR contains 1105 total images with 34.48% healthy.2 DMR-IR has
been used as a benchmark for existing CNN-based breast cancer thermography research
(Attallah, 2025; Chi et al., 2025; Baffa and Lattari, 2018) and its public availability makes
it a natural choice for reproducible evaluation.

3.2. Colormaps

Each pixel in a thermal image represents a scalar temperature value that can be rendered
into a visible RGB image using a colormap, so the same temperature data produces visually
distinct images depending on the colormap applied. We evaluate five colormaps spanning
a range of perceptual and practical characteristics (Figure 1). Three were selected for their
prevalence in prior work on colormap effects on human interpretation of thermal images
(Table 1): White Hot, which renders temperature as grayscale intensity and performed well
across human perception tasks; Ironbow, a FLIR-native palette widely used clinically; and

2. The dataset was downloaded from Kaggle at https://www.kaggle.com/datasets/asdeepak/

thermal-images-for-breast-cancer-diagnosis-dmrir.
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Rainbow, a commonly used but perceptually non-uniform map known to introduce visual
artifacts (Tian et al., 2025). We also include Arctic and Inferno. Arctic, a FLIR-native map,
combines color contrast for identifying heat sources with subtle shading for detecting slight
temperature differences, suiting tasks requiring both coarse and fine thermal discrimination.
Inferno is a perceptually uniform map with monotonically increasing luminance from black
to bright yellow, common in scientific visualization. Although Ironbow and Inferno may
appear visually similar, they differ in luminance range and color structure, making them an
informative pair to evaluate. Implementation details are provided in Appendix A.1.

3.3. CNN Architectures

We evaluated three widely used ImageNet-pretrained CNN architectures: ResNet50 (He
et al., 2016a), MobileNetV2 (Sandler et al., 2018), and InceptionV3 (Szegedy et al., 2016).
These were selected for their prevalence in medical imaging pipelines, strong performance
across clinical tasks, and architectural diversity (residual, depthwise separable, and inception-
based designs, respectively) (Chen et al., 2025). Since no single architecture is optimal
across all tasks, these three CNNs serve as a representative sample of the pretrained models
practitioners are likely to deploy in clinical thermal imaging workflows.

3.4. Evaluation Methodology

3.4.1. Training Procedure

For each CNN architecture, the final classification layer was replaced with a randomly
initialized linear layer with two output nodes; all preceding layers were initialized with
ImageNet-pretrained weights and fine-tuned during training. Models were trained using
cross-entropy loss with Adam, with early stopping based on validation AUROC. Full training
hyperparameters are provided in Appendix A.2.

3.4.2. Evaluation Setup

To prevent data leakage, we employed 5-fold stratified group cross-validation at the subject
level, ensuring all images from a given subject appear exclusively in either the training or
test set, stratified by class label to maintain balanced distributions across folds. Given the
small number of folds, we report standard deviation rather than confidence intervals; per-
fold subject counts are provided in Appendix A.2. All other experimental variables (model
architecture, training procedure, dataset splits, random seeds) were held constant to isolate
colormap as the sole source of variation (5 colormaps × 3 architectures × 2 tasks), with a
separate model trained and evaluated exclusively on images rendered with each colormap,
without exposure to cross-colormap inputs at any stage. For each architecture and task, we
identified the best-performing colormap by mean fold-level AUROC and applied Wilcoxon
signed-rank tests against the remaining four, reported without multiple comparison correc-
tion given the exploratory nature of this analysis.

3.4.3. Evaluation Metrics

Predictive Performance Metrics. Model performance was evaluated using AUROC and
Area Under the Precision-Recall Curve (AUPRC) as primary metrics, alongside sensitivity,

7



Ng et al.

specificity, and F1-score as secondary metrics. Metrics were computed for each fold and
reported as mean ± standard deviation across folds. AUROC and AUPRC were prioritized
as widely adopted threshold-independent metrics in medical image classification (Kocak
et al., 2025). AUPRC is potentially more informative as it emphasizes performance on
the positive class (i.e., erythema presence and cancer diagnosis respectively). Secondary
metrics are reported to provide a fuller picture of model behavior but are interpreted with
the caveat that they depend on a fixed decision threshold and may vary accordingly.

Cross-Palette Generalization. Colormap conventions vary across camera manufac-
turers and imaging software, raising the risk that a model trained at one clinical site may
be deployed on images rendered with a different colormap. To assess this risk, we evaluate
whether models retain predictive performance when applied to a colormap different from
the one used in training, without retraining or fine-tuning. For both classification tasks,
models trained exclusively on Ironbow and, separately, White Hot were evaluated on images
rendered with each of the four remaining colormaps.

Interpretability Metrics. To assess how colormap choice influences model attention,
we compute Gradient-weighted Class Activation Mapping (Grad-CAM) activation maps
(Selvaraju et al., 2017) for each model and colormap condition, applied to the final con-
volutional layer. We conduct both qualitative analysis through visual inspection of repre-
sentative activation maps and quantitative analysis through Intersection-over-Union (IoU).
For visualization purposes, the Grad-CAM activation maps are displayed using the stan-
dard red-blue heatmap (red = high; blue = low) and overlaid onto a grayscale (White Hot)
version of the input image. Colormap-specific hue information is removed to ensure the
attention regions are visually comparable without interference from the underlying palette.

For IoU computation, activation maps are normalized to [0, 1] and binarized at a fixed
threshold (τ = 0.5), retaining the top activations as the predicted attention region. For the
erythema dataset, where ground truth segmentation masks are available, IoU is computed
between this binary mask and human-provided segmentation masks to assess whether mod-
els attend to clinically relevant regions. For both datasets, we additionally compute IoU
relative to the White Hot baseline to quantify how colormap choice shifts model attention
across conditions. White Hot is selected as the baseline both because it is commonly used
for human perception tasks and because its absence of chromatic information provides a
neutral reference for isolating the effect of color encoding on model attention.

4. Results

4.1. Effect of Colormap on Classification Performance

4.1.1. Erythema Classification

Table 2 summarizes AUROC and AUPRC across five colormaps for erythema detection. De-
spite identical underlying thermal data, colormap choice introduces consistent performance
variation across all three CNN architectures. White Hot achieves the highest average AU-
ROC (0.772), while Inferno achieves the highest average AUPRC (0.824); Arctic yields the
lowest overall performance (AUROC: 0.728, AUPRC: 0.796). The gap between best- and
worst-performing colormaps (0.044 AUROC, 0.028 AUPRC) is comparable in magnitude
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Table 2: Erythema classification performance across colormaps. † denotes statistically sig-
nificant pairwise difference from 1+ colormaps (Wilcoxon signed-rank, p < 0.05).

ResNet50 MobileNetV2 InceptionV3 Average
Colormap AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC

Arctic 0.743 0.803 0.687 0.783 0.755 0.802 0.728 0.796
Inferno 0.801 0.849 0.702 0.797 0.751 0.827 0.751 0.824
Ironbow 0.713 0.780 0.763 0.790 0.811† 0.864† 0.762 0.811
Rainbow 0.806 0.852 0.687 0.763 0.743 0.805 0.745 0.807
White Hot 0.821 0.852† 0.730 0.799 0.766 0.806 0.772 0.819

CNN Avg 0.777 0.827 0.714 0.786 0.765 0.821 – –

Table 3: Breast cancer classification performance across colormaps. No statistically signif-
icant pairwise differences were observed (Wilcoxon signed-rank, p < 0.05).

ResNet50 MobileNetV2 InceptionV3 Average
Colormap AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC

Arctic 0.997 0.999 0.997 0.999 1.000 1.000 0.998 0.999
Inferno 1.000 1.000 0.998 0.999 1.000 1.000 0.999 1.000
Ironbow 0.994 0.998 0.998 0.999 0.987 0.995 0.993 0.997
Rainbow 0.995 0.998 0.992 0.997 0.997 0.999 0.995 0.998
White Hot 0.994 0.998 0.991 0.997 0.998 0.999 0.995 0.998

CNN Avg 0.996 0.999 0.995 0.998 0.997 0.999 – –

to the spread across architectures (0.063 AUROC between ResNet50 and MobileNetV2),
suggesting colormap selection matters as much as architecture choice.

We observe that colormap ranking is architecture-dependent. InceptionV3 performs
best under Ironbow (AUROC: 0.811, AUPRC: 0.864), while ResNet50 performs strongest
under White Hot (AUROC: 0.821, AUPRC: 0.852). Where significant differences emerge
(denoted †), they follow the same pattern. Ironbow significantly outperforms three of four
alternative colormaps for InceptionV3 on both AUROC and AUPRC, while White Hot
shows a significant AUPRC advantage over Arctic for ResNet50 (Appendix B). The opti-
mal colormap also depends on the evaluation metric. White Hot maximizes AUROC while
Inferno achieves the highest AUPRC, which may be relevant when sensitivity to the positive
class is prioritized. Notably, Ironbow achieves the strongest ranking performance for Incep-
tionV3 but ranks among the weakest in sensitivity and F1, suggesting colormap choice may
differentially affect ranking ability versus threshold-dependent measures (Appendix B).

4.1.2. Breast Cancer Detection

Table 3 summarizes AUROC and AUPRC across five colormaps for breast cancer classi-
fication. In contrast to erythema, performance is uniformly high across all colormap and
architecture combinations, ranging from 0.987 to 1.000 AUROC and 0.995 to 1.000 AUPRC.
Inferno achieves the highest average performance (AUROC: 0.999, AUPRC: 1.000) and the
best performance across all three architectures individually, while Ironbow yields the lowest
(AUROC: 0.993, AUPRC: 0.997). Interestingly, White Hot, one of the strongest colormaps
for erythema, performs among the weakest here, suggesting colormap ranking is not con-
sistent across tasks. No statistically significant pairwise differences are observed for any
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Figure 3: Cross-palette generalization AUROC (CNN-averaged) for erythema and breast
cancer classification. Rows indicate the colormap used for training; columns
indicate the colormap used for evaluation, without retraining. Bordered cells
indicate in-distribution performance (train colormap = test colormap).

architecture, and the spread across colormaps (0.006 AUROC) is an order of magnitude
smaller than for erythema (0.044 AUROC). Per-architecture metrics, including secondary
measures, are provided in Appendix C.

4.2. Cross-Palette Generalization

Figure 3 summarizes the cross-palette generalization experimental results for both tasks,
reporting CNN-averaged AUROC when models trained on Ironbow or White Hot are eval-
uated on the remaining four colormaps without retraining. Performance degrades sub-
stantially for erythema classification. Models trained on Ironbow, which achieve an in-
distribution AUROC of 0.762 (Table 2), drop to an average of 0.518 on Arctic, 0.553 on
Inferno, 0.458 on Rainbow, and 0.507 on White Hot, an average degradation of up to 0.304
AUROC (Ironbow to Rainbow). Models trained on White Hot, with an in-distribution
AUROC of 0.772, show a comparable pattern, falling to an average of 0.518 AUROC on
Rainbow, a decline of 0.254. For several target colormaps, cross-palette AUROC falls near
or below chance level (0.5), indicating a near-total loss of discriminative ability rather
than a modest performance dip. Breast cancer classification degrades by a similar magni-
tude. Models trained on Ironbow (in-distribution AUROC 0.993) retain AUROC between
0.826-0.978 across target colormaps, a drop of up to 0.167. Models trained on White Hot
(in-distribution AUROC 0.995) yield AUROC of 0.739-0.832, a drop of up to 0.256. This
consistency across two tasks with very different baseline performance suggests that colormap
mismatch degrades performance regardless of task. Full per-architecture results, including
AUPRC, are provided in Appendix D.

4.3. Effect of Colormap on Model Attention

4.3.1. Erythema Classification

Figure 4 shows Grad-CAM activations for ResNet50 (the best-performing architecture) on
the same erythema-positive subject and timepoint across all five colormaps. White Hot
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(a) Arctic (b) Inferno (c) Ironbow (d) Rainbow (e) White Hot

Figure 4: Grad-CAM visualizations for ResNet50 on an erythema-positive (left lower back
or upper left) case across the colormaps. Images were rendered in grayscale for
display only and differences in highlighted regions indicate colormap selection
affects model attention.

Table 4: Erythema IoU against ground truth and White Hot baseline references.
Ground truth White Hot baseline

Colormap ResNet50 MobileNetV2 InceptionV3 ResNet50 MobileNetV2 InceptionV3

Arctic 0.014 ± 0.043 0.012 ± 0.038 0.020 ± 0.052 0.089 ± 0.182 0.096 ± 0.168 0.145 ± 0.215
Inferno 0.008 ± 0.038 0.016 ± 0.033 0.016 ± 0.025 0.101 ± 0.200 0.149 ± 0.242 0.232 ± 0.238
Ironbow 0.003 ± 0.015 0.022 ± 0.042 0.028 ± 0.057 0.069 ± 0.160 0.162 ± 0.239 0.141 ± 0.237
Rainbow 0.005 ± 0.028 0.032 ± 0.061 0.023 ± 0.054 0.042 ± 0.139 0.113 ± 0.214 0.160 ± 0.208
White Hot 0.021 ± 0.062 0.018 ± 0.052 0.024 ± 0.035 – – –

produced the highest overlap with the erythema region (IoU=0.32) and correctly predicted
erythema presence. Inferno also predicted correctly but attended instead to the upper back
and clothing (IoU=0), suggesting the correct prediction was not driven by the erythema
region. Arctic showed partial overlap (IoU=0.05), while Ironbow and Rainbow showed none.
Ground truth mask overlays for Arctic and White Hot are provided in Appendix Figure 6.
These differences illustrate that colormaps produce distinct spatial activation patterns, and
that correct predictions are not always driven by clinically relevant regions.

Table 4 reports IoU against ground truth segmentation masks and against the White
Hot baseline. Values are uniformly low across both references, all colormaps, and all archi-
tectures, with high standard deviations suggesting considerable variability across subjects.
These low ground truth values indicate that Grad-CAM attention does not reliably localize
to the clinically relevant erythema region under any colormap (as illustrated qualitatively
in Figure 4). Given known limitations of Grad-CAM as a localization method in medical
imaging (Saporta et al., 2022), we interpret this primarily as evidence of attention instability
rather than a definitive claim about spatial reasoning quality. Even within this noisy met-
ric, colormap rankings are inconsistent across architectures. Rainbow yielded the highest
ground-truth IoU for MobileNetV2 while White Hot performed among the lowest for that
architecture, yet the pattern reversed for ResNet50. Against the White Hot baseline, Inferno
yielded the highest IoU for InceptionV3 and ResNet50, and Ironbow for MobileNetV2, while
Rainbow consistently produced the lowest overlap across all architectures. This instability
suggests attention alignment must be evaluated per architecture, not assumed.
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(a) Arctic (b) Inferno (c) Ironbow (d) Rainbow (e) White Hot

Figure 5: Grad-CAM visualizations for InceptionV3 on a breast cancer-positive case across
five colormaps. Images rendered in grayscale for display only; differences in high-
lighted regions indicate colormap selection affects model attention.

Table 5: IoU comparison across colormaps against the White Hot baseline for breast cancer
classification. Values are reported as mean ± standard deviation.

Colormap ResNet50 MobileNetV2 InceptionV3

Arctic 0.176 ± 0.195 0.248 ± 0.189 0.337 ± 0.241
Inferno 0.141 ± 0.211 0.350 ± 0.330 0.189 ± 0.205
Ironbow 0.117 ± 0.180 0.320 ± 0.293 0.292 ± 0.180
Rainbow 0.175 ± 0.290 0.385 ± 0.336 0.368 ± 0.224

4.3.2. Breast Cancer Detection

Figure 5 shows Grad-CAM activations for InceptionV3 (the best-performing architecture
for this task) on the same subject across all five colormaps. Arctic, Ironbow, and White
Hot concentrated attention on the left breast, while Inferno shifted focus entirely to the
right breast. Rainbow produced the most distributed pattern, spanning both breasts and
extending into the armpit (roughly the union of the other colormaps’ regions), with Iron-
bow showing a milder version of this same extension. These differences are striking given
uniformly high classification performance across all colormaps (Table 3), indicating similar
performance can coincide with substantially different spatial activation patterns.

Table 5 reports IoU against the White Hot baseline, the only available reference since
no ground truth segmentation masks exist for this dataset. Values thus quantify relative
attention shifts between colormaps rather than clinical alignment. IoU values are generally
low across colormaps and architectures, reflecting substantial attention shifts. Rainbow
yielded the highest IoU for MobileNetV2 and InceptionV3, consistent with its broad ac-
tivation pattern, while Inferno yielded the lowest for ResNet50 and InceptionV3, possibly
reflecting focus on a different breast side than other colormaps. High standard deviations
throughout suggest attention shifts vary considerably across subjects.

5. Discussion

5.1. Colormap as a Tunable Design Parameter

CNNs pretrained on ImageNet develop sensitivity to color distributions in natural images.
When scalar thermal data is mapped into RGB space via different colormaps, the resulting
images align differently with learned filters in early convolutional layers, which may ex-
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plain the performance variation we observe despite identical underlying temperature data.
Grayscale-based colormaps such as White Hot preserve monotonic intensity relationships
that may align with luminance-sensitive filters, while perceptually uniform colormaps such
as Inferno introduce structured gradients that may aid detection of subtle patterns. Non-
uniform colormaps such as Rainbow may introduce artificial edges that interact unpre-
dictably with learned representations, consistent with Rainbow’s low baseline IoU across
architectures (Table 4), though these explanations remain correlational rather than mech-
anistically established.

This effect is further modulated by architecture. InceptionV3 is most sensitive to col-
ormap choice, while MobileNetV2 is comparatively robust. This suggests architectural
characteristics such as receptive field size influence how color-encoded information is pro-
cessed. Colormap selection and model architecture should therefore not be treated inde-
pendently. We do not propose a universal decision rule. Ironbow is optimal for InceptionV3
on erythema classification, while White Hot is optimal for ResNet50 on the same task.
This inconsistency is itself informative: any fixed recommendation would be misleading
in practice. We instead position colormap as a parameter requiring empirical validation
per architecture and task, analogous to hyperparameter tuning. We release our code and
colormap implementations to lower the barrier for practitioners to do so.

Colormap sensitivity also persists under medical-domain pretraining and temperature
normalization. When using RadImageNet weights (Mei et al., 2022) instead of ImageNet,
colormap choice continued to produce meaningful performance variation for erythema clas-
sification, with the best-performing colormap shifting relative to the ImageNet-pretrained
setting (Appendix E.1). This suggests colormap sensitivity is not merely an artifact of the
natural-to-medical domain gap. A sensitivity analysis using global rather than per-image
min-max normalization (Appendix E.2) shows a similar pattern.

5.2. Implications for Clinical Deployment

Beyond predictive performance, colormap selection carries implications for clinical inter-
pretability. The breast cancer attention shifts we observe show that colormap effects are
not fully captured by predictive metrics alone, and raise the question of whether mod-
els exploit distributed discriminative features or dataset-specific shortcuts. Given the low
ground-truth IoU across all conditions, we treat our Grad-CAM findings as a warning sig-
nal of attention instability. That attention shifts meaningfully with an ostensibly cosmetic
preprocessing choice is itself significant, regardless of Grad-CAM’s known limitations as a
tool. In clinical settings where attention visualizations support human decision-making,
this raises concerns beyond accuracy (Amirian et al., 2025; Sun et al., 2025): a colormap
yielding strong predictive performance may simultaneously produce misleading attention
maps, undermining clinician trust (Rosenbacke et al., 2024). Colormap selection should
therefore be evaluated along two complementary axes, predictive performance and atten-
tion alignment, rather than optimizing for one alone, particularly for applications such as
pressure injury monitoring or cancer screening where interpretability is critical.

A further deployment concern is colormap mismatch between model development and
real-world use. Thermal imaging pipelines often rely on extraction software presets that
differ across manufacturers and institutions (e.g., FLIR defaults to Ironbow). Our cross-
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palette results show this mismatch can degrade performance to near-chance levels. This
risk is subtle because visually similar colormaps can present meaningfully different color
distributions. Ironbow and Inferno appear similar to a human observer yet produce notably
different model behavior in our experiments. Colormap selection should therefore be treated
as a reportable pipeline parameter alongside model architecture and training procedure, to
reduce the risk of silent performance degradation in clinical deployment.

5.3. Limitations

This study has several limitations. First, both datasets are relatively small for CNN-based
approaches. The erythema dataset derives from controlled cupping-induced erythema rather
than clinical presentations, so results should not be interpreted as establishing a clinically
deployable detection model. The breast cancer task’s near-ceiling performance limits its
informativeness for studying colormap-driven performance effects, though it remains useful
for attention-shift analysis. A harder variant such as reduced resolution or fewer samples
could offer a more sensitive test, but we prioritize the DMR-IR benchmark as published for
comparability with prior work (Attallah, 2025; Chi et al., 2025; Baffa and Lattari, 2018).
Similarly, our RadImageNet (Mei et al., 2022) robustness check (Appendix E.1) was limited
to ResNet50 and InceptionV3 on the erythema task, as no domain-matched (i.e., thermal-
image-pretrained) source currently exists to our knowledge and RadImageNet weights were
unavailable for MobileNetV2.

Second, the five colormaps evaluated span a range of perceptual and practical character-
istics but are not exhaustive. They also differ along multiple axes simultaneously, including
luminance range, perceptual uniformity, and hue coverage, and disentangling these individ-
ual properties’ contributions remains open, requiring a factorial design beyond the scope
of our pipeline-level audit. We similarly did not explore whether colormap-specific hyper-
parameter tuning (e.g., learning rate) could equalize performance across colormaps, as this
would confound colormap choice with training procedure; joint tuning is a natural exten-
sion. It is also an open question whether similar effects hold in segmentation or detection
settings, beyond the classification tasks studied here. We do not include a single-channel
raw-temperature baseline, since a true single-channel model would preclude ImageNet pre-
training, which is important at this data scale (Tajbakhsh et al., 2016). Learned input
adapters that preserve pretraining benefits while operating closer to the raw signal are a
promising direction for future work.

Third, our interpretability analysis relies on Grad-CAM, which has known limitations
as an attribution method in medical imaging contexts. Prior work shows low localization
performance on chest X-rays, particularly for smaller or more complex findings (Saporta
et al., 2022). Additionally, saliency maps exhibit low sensitivity and weak robustness, and
may be irrelevant to model output even when classification performance appears strong
(Zhang et al., 2024). The uniformly low ground truth IoU we observe across all colormaps
and architectures is consistent with these known limitations, suggesting that the attention
shifts we observe should be interpreted with caution. Future work should examine whether
our attention findings are robust across multiple interpretability approaches.

Finally, our analysis is limited to CNN-based architectures without evaluating vision
transformers (ViTs) or vision-language models (VLMs). Preliminary TinyViT (Wu et al.,
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2022) experiments on both tasks (Appendix E.3) suggest colormap sensitivity is not unique
to CNNs, showing performance on par with, but not exceeding, the CNN architectures,
consistent with the larger data requirements typically associated with ViTs (Dosovitskiy
et al., 2021; Touvron et al., 2021). However, whether this sensitivity holds under cross-
palette generalization or attention-based analysis remains open for both ViTs and VLMs.
ViT-adapted Grad-CAM could further extend our attention analysis to these architectures.
Color encoding has also proven relevant beyond CNNs in other modalities. For example,
PseudoColorViT-CXR (Ahmed, 2025) shows pseudo-color transformations improve ViT-
based chest X-ray classification over grayscale inputs. Broader evaluation across larger,
more diverse datasets, a wider range of colormaps, additional task types, and alternative
architectures would help establish more generalizable conclusions.

6. Conclusion

We presented a systematic evaluation of colormap choice in CNN-based clinical thermal
imaging pipelines. By isolating colormap as the sole source of variation across three CNN
architectures, two clinical tasks, and five colormaps, we demonstrated that this seemingly
incidental preprocessing choice introduces variation in both predictive performance and
model attention. Our findings suggest that colormap selection must be understood and
validated as a factor influencing model behavior, alongside model architecture, rather than
defaulted to extraction software presets without scrutiny. This raises the possibility that
model training and human visualization needs may sometimes call for different colormap
choices, a tension we see as an important direction for future work rather than one this
paper resolves. Moreover, the implications extend beyond performance: colormap choice
influences where models attend, with consequences for clinical interpretability and human-
AI interaction. These findings motivate more principled practices around colormap selection
in thermal imaging pipelines. Future work should extend this analysis to larger datasets
and other tasks, broader colormap spaces, and emerging architectures such as vision trans-
formers and vision-language models, as well as to explore color-robust representations that
reduce sensitivity to color encoding choices altogether.
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Martin Engilberge, Edo Collins, and Sabine Süsstrunk. Color representation in deep neural
networks. 2017 IEEE International Conference on Image Processing, pages 2786–2790,
2017. doi: 10.1109/icip.2017.8296790.

Andre Esteva, Brett Kuprel, Roberto A. Novoa, Justin Ko, Susan M. Swetter, Helen M.
Blau, and Sebastian Thrun. Dermatologist-level classification of skin cancer with deep
neural networks. Nature, 542(7639):115–118, 2017. ISSN 1476-4687. doi: 10.1038/
nature21056.

European Pressure Ulcer Advisory Panel, National Pressure Injury Advisory Panel, and Pan
Pacific Pressure Injury Alliance. Prevention and treatment of pressure ulcers/injuries:
Clinical practice guideline. Technical report, EPUAP/NPIAP/PPPIA, 2019. URL http:

//www.internationalguideline.com.

Jonathan David Freire, Jordan Rodrigo Montenegro, Hector Andres Mejia, Franz Paul Guz-
man, Carlos Enrique Bustamante, Ronny Xavier Velastegui, and Lorena De Los Angeles
Guachi. The impact of histogram equalization and color mapping on ResNet-34’s overall

17

https://openreview.net/forum?id=YicbFdNTTy
http://www.internationalguideline.com
http://www.internationalguideline.com


Ng et al.

performance for COVID-19 detection. 2021 4th International Conference on Data Storage
and Data Engineering, pages 45–51, 2021. doi: 10.1145/3456146.3456154.

Robert Geirhos, Patricia Rubisch, Claudio Michaelis, Matthias Bethge, Felix A. Wichmann,
and Wieland Brendel. ImageNet-trained CNNs are biased towards texture; increasing
shape bias improves accuracy and robustness. In International conference on learning
representations, 2018.
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Appendix A. Implementation Details

A.1. Colormap Rendering

All colormaps were implemented as lookup tables (LUTs) mapping normalized scalar tem-
perature values to uint8 RGB. Prior to colormap application, each image was normalized
to [0, 1] using per-image min-max scaling based on its own temperature range. Three
colormaps were sourced from matplotlib’s standard library: Inferno (matplotlib.cm.
inferno), Rainbow (matplotlib.cm.rainbow), and White Hot (matplotlib.cm.gray).
Arctic and Ironbow were implemented using custom LUTs approximating FLIR’s propri-
etary palettes, sourced from MickTheMechanic’s FLIR-style thermal color palettes GitHub
repository.3 These approximate rather than exactly reproduce FLIR’s native palettes, which
are proprietary. Researchers using FLIR camera software exports directly may observe sub-
tle differences from the colormaps used here.

A.2. Training and Evaluation Details

After colormap application, images were resized to match each architecture’s native input
resolution (224 × 224 for ResNet50 and MobileNetV2, 299 × 299 for InceptionV3) using
bilinear interpolation. Models were optimized with Adam (learning rate 0.001, batch size
32, maximum 100 epochs), with early stopping based on validation AUROC (patience of
20 epochs) using a validation set carved out from each training fold. All experiments used
fixed random seeds and deterministic settings for reproducibility. On average, each fold
contained approximately 7 subjects in the erythema held-out test set (28 train / 7 test) and
11 patients in the breast cancer held-out test set (44 train / 11 test).

Appendix B. Additional Erythema Classification Results

Table 6 reports per-architecture AUROC and AUPRC with standard deviations across
colormaps. For ResNet50, White Hot achieves the strongest overall performance, with a
significant AUPRC advantage over Arctic (p=0.0313). However, differences on AUROC
do not reach significance. For MobileNetV2, no colormap consistently dominates and no
pairwise differences reach significance, suggesting this architecture is comparatively robust
to colormap choice. For InceptionV3, Ironbow substantially outperforms most alternatives,
with significant AUROC and AUPRC differences against Arctic, Inferno, and Rainbow
(p=0.0313), making it the most colormap-sensitive architecture.

Figure 6 visualizes the ground truth erythema mask, binarized Grad-CAM activation
mask, and their intersection for the subject shown in Figure 4 under Arctic and White
Hot colormaps. White Hot produces an activation region with the largest overlap with the
ground truth erythema region (IoU=0.32), while Arctic shows partial overlap (IoU=0.05)
with activation split between the erythema region and a secondary area. These examples
illustrate the difficulty of ground truth alignment even for the best-performing colormaps
on this subject, consistent with the uniformly low mean IoU values reported in Table 4.

Table 7 reports sensitivity, specificity, and F1 across the five colormaps and architectures.
These threshold-based metrics reveal patterns that diverge from the AUROC and AUPRC

3. https://github.com/MickTheMechanic/FLIR-style-thermal-color-palettes/tree/main
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Table 6: Erythema classification performance (AUROC, AUPRC) across architectures, with
Wilcoxon signed-rank p-values reported against the top-performing colormap.

(a) ResNet

Colormap AUROC p-value AUPRC p-value

Arctic 0.743± 0.071 0.0625 0.803± 0.094 0.0313
Inferno 0.801± 0.048 0.1563 0.849± 0.071 0.5938
Ironbow 0.713± 0.092 0.0625 0.780± 0.115 0.0625
Rainbow 0.806± 0.064 0.3125 0.852± 0.092 0.7813
White Hot 0.821± 0.036 — 0.852± 0.076 —

(b) MobileNetV2

Colormap AUROC p-value AUPRC p-value

Arctic 0.687± 0.051 0.2188 0.783± 0.083 0.4063
Inferno 0.702± 0.076 0.1563 0.797± 0.087 0.5000
Ironbow 0.763± 0.093 1.0000 0.790± 0.120 0.4063
Rainbow 0.687± 0.138 0.1563 0.763± 0.116 0.1563
White Hot 0.730± 0.068 — 0.799± 0.106 —

(c) InceptionV3

Colormap AUROC p-value AUPRC p-value

Arctic 0.755± 0.046 0.0313 0.802± 0.098 0.0313
Inferno 0.751± 0.070 0.0313 0.827± 0.054 0.0625
Ironbow 0.811± 0.037 — 0.864± 0.056 —
Rainbow 0.743± 0.052 0.0313 0.805± 0.085 0.0313
White Hot 0.766± 0.075 0.2188 0.806± 0.103 0.1563

(a) Arctic (b) White Hot

Figure 6: Ground truth erythema mask, binarized Grad-CAM mask, and their intersection
(left to right) for the subject in Figure 4, under Arctic and White Hot colormaps.

results. Notably, Ironbow under InceptionV3, which achieves the highest AUROC (0.811)
and AUPRC (0.864), yields the lowest sensitivity (0.437) and F1 (0.403) of any architecture-
colormap combination. This indicates strong ranking performance without corresponding
discriminative ability at a fixed threshold. Conversely, Arctic under ResNet50 achieves the
highest sensitivity (0.865) despite below-average AUROC (0.743), reflecting a high-recall,
low-precision operating point. These divergences suggest that colormaps may influence
ranking ability and threshold-based discrimination differently, and that metric selection is
consequential when evaluating or selecting colormaps for deployment.

Table 8 reports ground truth IoU stratified by true label. Values remain uniformly low
across both classes and architectures, consistent with Table 4. For the positive class, higher
IoU with the erythema region is expected if the model is attending to clinically relevant
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Table 7: Secondary performance metrics on erythema classification.

ResNet50 MobileNetV2 InceptionV3
Colormap Sens Spec F1 Sens Spec F1 Sens Spec F1

Arctic 0.865 0.446 0.774 0.621 0.599 0.644 0.596 0.658 0.593
Inferno 0.611 0.608 0.566 0.898 0.284 0.764 0.739 0.583 0.674
Ironbow 0.669 0.559 0.662 0.629 0.744 0.650 0.437 0.704 0.403
Rainbow 0.603 0.713 0.642 0.650 0.647 0.665 0.831 0.427 0.742
White Hot 0.700 0.631 0.678 0.391 0.811 0.438 0.796 0.577 0.766

Table 8: IoU comparison against ground truth for erythema classification, separated by
negative and positive classes. Values are reported as mean ± standard deviation.

ResNet50 MobileNetV2 InceptionV3
Colormap Neg Pos Neg Pos Neg Pos

Arctic 0.015 ± 0.043 0.014 ± 0.043 0.015 ± 0.042 0.009 ± 0.034 0.038 ± 0.060 0.010 ± 0.044
Inferno 0.008 ± 0.038 0.008 ± 0.037 0.007 ± 0.024 0.021 ± 0.037 0.007 ± 0.020 0.022 ± 0.026
Ironbow 0.004 ± 0.018 0.002 ± 0.013 0.012 ± 0.030 0.028 ± 0.047 0.045 ± 0.083 0.017 ± 0.028
Rainbow 0.006 ± 0.035 0.004 ± 0.022 0.024 ± 0.048 0.036 ± 0.067 0.004 ± 0.015 0.035 ± 0.065
White Hot 0.015 ± 0.072 0.025 ± 0.055 0.023 ± 0.052 0.015 ± 0.051 0.014 ± 0.030 0.030 ± 0.036

features. This pattern holds to some degree for MobileNetV2 and InceptionV3, where
positive class IoU is slightly higher than negative for several colormaps including Rainbow,
Inferno, and Ironbow. ResNet50 shows less consistent separation between classes. Arctic
is a notable exception, with higher negative than positive IoU for InceptionV3, suggesting
that even for the positive class, model attention is not driven by the erythema region.

Appendix C. Additional Breast Cancer Classification Results

Table 9 reports per-architecture AUROC and AUPRC with standard deviations across col-
ormaps. For ResNet50, Inferno achieves the strongest overall performance; however, no
pairwise differences in either AUROC or AUPRC reach statistical significance, indicating
minimal sensitivity to colormap variation. Similarly, MobileNetV2 shows no statistically
significant differences across colormaps despite Inferno yielding the highest AUROC, sug-
gesting that performance remains stable across color representations. For InceptionV3,
Inferno again achieves the highest overall performance, but as with the other architectures,
none of the comparisons reach significance. Overall, these results indicate that breast cancer
performance is highly consistent across colormaps for all three architectures, with negligible
statistical evidence supporting meaningful differences between color mappings.

Table 10 reports sensitivity, specificity, and F1 for breast cancer classification across
colormaps and architectures. The values are generally high and consistent with the near-
perfect AUROC and AUPRC reported in Table 3. Ironbow was a notable exception, showing
markedly higher specificity than sensitivity for ResNet50 (0.983 vs 0.879) and InceptionV3
(0.997 vs 0.764), suggesting the model was conservative in predicting negative cases de-
spite strong ranking performance. Arctic tended to balance sensitivity and specificity well
across architectures, while Rainbow showed the opposite pattern to Ironbow, with higher
sensitivity but lower specificity for several architectures. These divergences suggest that col-
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Table 9: Breast cancer classification performance (AUROC, AUPRC) across CNNs, with
Wilcoxon signed-rank p-values reported against the top-performing colormap.

(a) ResNet50

Colormap AUROC p-value AUPRC p-value

Arctic 0.997± 0.005 0.2500 0.999± 0.002 0.2500
Inferno 1.000± 0.001 — 1.000± 0.001 —
Ironbow 0.994± 0.011 0.3750 0.998± 0.004 0.5000
Rainbow 0.995± 0.009 0.3125 0.998± 0.003 0.3125
White Hot 0.994± 0.011 0.3750 0.998± 0.004 0.5000

(b) MobileNetV2

Colormap AUROC p-value AUPRC p-value

Arctic 0.997± 0.005 0.1875 0.999± 0.002 0.1250
Inferno 0.998± 0.003 — 0.999± 0.001 —
Ironbow 0.998± 0.004 0.5000 0.999± 0.001 0.7500
Rainbow 0.992± 0.016 0.5000 0.997± 0.006 0.2500
White Hot 0.991± 0.011 0.2500 0.997± 0.004 0.2500

(c) InceptionV3

Colormap AUROC p-value AUPRC p-value

Arctic 1.000± 0.001 0.5000 1.000± 0.000 0.5000
Inferno 1.000± 0.000 — 1.000± 0.000 —
Ironbow 0.987± 0.025 0.2500 0.995± 0.009 0.2500
Rainbow 0.997± 0.003 0.1250 0.999± 0.001 0.1250
White Hot 0.998± 0.002 0.2500 0.999± 0.001 0.2500

Table 10: Secondary performance metrics on breast cancer classification.

ResNet50 MobileNetV2 InceptionV3
Colormap Sens Spec F1 Sens Spec F1 Sens Spec F1

Arctic 0.946 0.941 0.951 0.953 0.913 0.957 0.978 0.953 0.980
Inferno 0.927 0.928 0.935 0.891 0.947 0.922 0.925 0.935 0.937
Ironbow 0.879 0.983 0.924 0.953 0.941 0.963 0.764 0.997 0.852
Rainbow 0.944 0.875 0.942 0.969 0.986 0.980 0.976 0.833 0.950
White Hot 0.887 0.864 0.898 0.878 0.998 0.931 0.904 0.962 0.933

ormap choice can shift the operating characteristics of a model even when overall ranking
performance is uniformly high.

Appendix D. Cross-palette Generalization Detailed Results

The detailed performance including both AUROC and AUPRC for the cross-generalization
palette experiments for both classification tasks and the two source colormaps (Ironbow
and White Hot) are reported in Tables 11-12.

Table 11 reports erythema classification performance for models trained on Ironbow or
White Hot and evaluated on the four remaining colormaps. InceptionV3 is consistently
the most robust architecture under this source colormap, retaining the highest AUROC
against every target (0.511-0.632), while ResNet50 degrades most severely (0.369-0.476).
Averaged across architectures, Inferno yields the smallest degradation (0.553 AUROC) and
Rainbow experiences the largest performance drop (0.458), though all four remain well
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Table 11: Cross-palette generalization performance for erythema classification. Models
trained on Ironbow or White Hot, tested on unseen target colormaps.

ResNet50 MobileNetV2 InceptionV3 Average
Test Colormap AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC

Trained on Ironbow

Arctic 0.369 0.544 0.552 0.668 0.632 0.742 0.518 0.651
Inferno 0.476 0.621 0.554 0.659 0.630 0.725 0.553 0.668
Rainbow 0.411 0.588 0.451 0.615 0.511 0.675 0.458 0.626
White Hot 0.389 0.562 0.512 0.632 0.620 0.730 0.507 0.641

CNN Avg 0.411 0.579 0.517 0.644 0.598 0.718 – –

Trained on White Hot

Arctic 0.588 0.727 0.530 0.692 0.492 0.642 0.537 0.687
Inferno 0.646 0.762 0.507 0.652 0.461 0.622 0.538 0.679
Ironbow 0.639 0.731 0.578 0.703 0.504 0.641 0.574 0.692
Rainbow 0.566 0.679 0.502 0.666 0.486 0.627 0.518 0.657

CNN Avg 0.610 0.725 0.529 0.678 0.486 0.633 – –

below the 0.762 in-distribution average reported in Table 2. For models trained on White
Hot, the architecture ranking reverses relative to the Ironbow-trained setting: ResNet50
is now the most robust architecture (0.566-0.646 AUROC across targets) and InceptionV3
the least (0.461-0.504). This reversal indicates that architectural robustness to colormap
shift depends not on model alone, but also on the interaction between the source and target
colormap pair. Averaged across architectures, Ironbow experiences the least performance
degradation (0.574 AUROC).

Table 12 reports the corresponding breakdown for breast cancer classification based on
the Ironbow and White Hot colormaps. Degradation is lower than erythema across all archi-
tecture and colormap pairs. For both colormaps, Inferno is the strongest-generalizing target
(0.978 AUROC from Ironbow, 0.832 fromWhite Hot), while Arctic is the weakest (0.826 and
0.739, respectively). InceptionV3 is the most robust architecture when trained on Ironbow
(0.921-0.972 AUROC across targets), while MobileNetV2 is most robust when trained on
White Hot (0.818-0.922), again illustrating that no single architecture is uniformly robust
to colormap shift independent of the training colormap.

Appendix E. Robustness and Sensitivity Analysis

We conduct three additional experiments to assess whether colormap sensitivity is robust to
alternative pipeline choices to our primary experimental configuration. Appendix E.1 eval-
uates whether colormap sensitivity persists under domain-specific (RadImageNet) rather
than natural-image (ImageNet) pretraining. Appendix E.2 evaluates whether it persists
under global rather than per-image temperature normalization. Appendix E.3 evaluates
whether it extends beyond CNN-based architectures to a transformer-based model.

E.1. RadImageNet Results

We repeated the erythema classification experiments using RadImageNet-pretrained weights
(Mei et al., 2022) for ResNet50 and InceptionV3. MobileNetV2 is excluded, as no RadIm-

26



Colormaps Matter

Table 12: Cross-palette generalization performance for breast cancer classification. Models
trained on Ironbow or White Hot, tested on four target colormaps not seen during
training.

ResNet50 MobileNetV2 InceptionV3 Average
Test Colormap AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC

Trained on Ironbow

Arctic 0.714 0.800 0.815 0.922 0.948 0.972 0.826 0.898
Inferno 0.974 0.989 0.991 0.994 0.971 0.989 0.978 0.991
Rainbow 0.778 0.854 0.877 0.914 0.921 0.963 0.859 0.911
Whitehot 0.776 0.872 0.952 0.981 0.868 0.935 0.865 0.929

CNN Avg 0.810 0.879 0.909 0.953 0.927 0.965 – –

Trained on White Hot

Arctic 0.571 0.737 0.888 0.947 0.759 0.811 0.739 0.832
Inferno 0.756 0.852 0.922 0.948 0.819 0.854 0.832 0.885
Rainbow 0.632 0.733 0.818 0.862 0.831 0.895 0.760 0.830
Ironbow 0.721 0.855 0.915 0.945 0.730 0.780 0.788 0.860

CNN Avg 0.670 0.794 0.886 0.925 0.785 0.835 – –

Table 13: Predictive performance across the five colormaps for erythema classification us-
ing RadImageNet (RIN) pretrained weights for ResNet50 and InceptionV3. Mo-
bileNetV2 is excluded as no RIN checkpoint is available. No statistically signifi-
cant pairwise differences were found (Wilcoxon signed-rank, p < 0.05).

ResNet50 (RIN) InceptionV3 (RIN) Average
Colormap AUROC AUPRC AUROC AUPRC AUROC AUPRC

Arctic 0.755 0.807 0.762 0.830 0.758 0.819
Inferno 0.650 0.740 0.763 0.833 0.707 0.786
Ironbow 0.709 0.746 0.747 0.813 0.728 0.779
Rainbow 0.639 0.737 0.737 0.803 0.688 0.770
Whitehot 0.654 0.735 0.667 0.795 0.661 0.765

CNN Avg 0.681 0.753 0.735 0.815 – –

ageNet checkpoint is available for this architecture. Table 13 reports the results. Col-
ormap sensitivity persists under RadImageNet pretraining, with AUROC spreads of 0.105
for ResNet50 and 0.096 for InceptionV3, though no pairwise differences reach statisti-
cal significance at this sample size. Notably, Arctic is the best-performing colormap for
RadImageNet-pretrained ResNet50 (AUROC 0.755), a ranking not observed under Ima-
geNet pretraining (Table 2, where White Hot performs best for ResNet50). Overall perfor-
mance under RadImageNet pretraining is somewhat lower than under ImageNet pretraining
for both architectures (e.g., CNN-average AUROC of 0.681 vs. 0.777 for ResNet50), despite
RadImageNet’s reduced domain gap to medical imaging, suggesting that the scale and di-
versity of ImageNet’s pretraining corpus may outweigh domain relevance for this task. This
shift in optimal colormap, together with the persistence of colormap sensitivity regardless of
pretraining source, suggests that colormap sensitivity is not solely an artifact of ImageNet’s
natural-image color priors, and reinforces that optimal colormap choice should be validated.
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Table 14: Predictive performance across the colormaps for erythema and breast cancer clas-
sification using global thermal normalization and ImageNet pre-trained weights.

ResNet50 MobileNetV2 InceptionV3 Average
Colormap AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC

Erythema Classification

Arctic 0.771 0.835 0.671 0.773 0.817 0.857 0.753 0.822
Inferno 0.817 0.867 0.672 0.748 0.780 0.840 0.756 0.818
Ironbow 0.771 0.823 0.756 0.797 0.732 0.800 0.753 0.807
Rainbow 0.750 0.808 0.633 0.725 0.784 0.835 0.722 0.789
White Hot 0.733 0.793 0.646 0.739 0.760 0.833 0.713 0.788
CNN Avg 0.768 0.825 0.676 0.756 0.775 0.833 – –

Breast Cancer Classification

Arctic 0.999 0.999 0.990 0.997 1.000 1.000 0.996 0.999
Inferno 0.999 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Ironbow 0.994 0.998 1.000 1.000 1.000 1.000 0.998 0.999
Rainbow 0.997 0.999 1.000 1.000 1.000 1.000 0.999 1.000
White Hot 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
CNN Avg 0.998 0.999 0.998 0.999 1.000 1.000 – –

E.2. Per-Image versus Global Normalization

Table 14 reports erythema and breast cancer classification performance, respectively, under
global (dataset-level) min-max normalization instead of the per-image normalization used
elsewhere. For global normalization, a single minimum and maximum were applied across
the entire dataset, selected by visual inspection of the dataset’s temperature histogram to
exclude extreme outlier values while retaining the clinically relevant temperature range. For
the erythema dataset, this yielded a global range of [16,36]°C; for the breast cancer dataset,
[22.13, 32.09]°C.

Overall patterns of colormap sensitivity are broadly preserved under global normaliza-
tion for erythema classification. For example, Rainbow yields 0.750 AUROC under global
normalization for ResNet50 versus 0.806 under per-image normalization, and 0.784 versus
0.743 for InceptionV3. While absolute values shift modestly by colormap and architecture,
the relative ranking of colormaps and the overall magnitude of colormap-driven variation
remain consistent across normalization schemes, suggesting our central findings are not an
artifact of the per-image normalization choice.

Similar trends are observed with the breast cancer classification. Performance re-
mains near-ceiling across all colormaps and architectures (AUROC 0.990–1.000, AUPRC
0.997–1.000), with White Hot achieving the highest average performance (AUROC 1.000,
AUPRC 1.000) and Arctic the lowest (AUROC 0.996, AUPRC 0.999), a narrower spread
than observed under per-image normalization. This consistency across normalization schemes
reinforces that the breast cancer task’s near-ceiling performance, rather than the normal-
ization strategy, limits its sensitivity for detecting colormap-driven effects.

E.3. TinyVIT

We evaluate TinyViT (Wu et al., 2022), a compact, distillation-pretrained vision trans-
former better suited to our limited data regime than larger ViT variants. Table 15 reports
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Table 15: TinyViT classification performance across colormaps for erythema and breast
cancer tasks. No pairwise comparisons reached significance for either task.

Erythema Breast Cancer

Colormap AUROC AUPRC AUROC AUPRC

Arctic 0.735 0.806 0.990 0.996
Inferno 0.786 0.832 0.989 0.996
Ironbow 0.803 0.838 0.990 0.996
Rainbow 0.749 0.822 0.991 0.997
White Hot 0.774 0.838 0.991 0.997

TinyViT Avg 0.769 0.827 0.990 0.996

classification performance for TinyViT (Wu et al., 2022) across the five colormaps for both
tasks, using ImageNet-pretrained weights. For erythema classification, colormap sensitivity
persists under this architecture. AUROC ranges from 0.735 (Arctic) to 0.803 (Ironbow),
a spread of 0.068, comparable in magnitude to the spread observed across the three CNN
architectures (Table 2). No pairwise comparisons reached significance for either Ironbow
or White Hot. For breast cancer classification, performance is uniformly high across all
colormaps (AUROC 0.989–0.991, AUPRC 0.996–0.997), mirroring the near-ceiling, low-
variance pattern observed for the CNN architectures (Table 3), and no pairwise differences
reach significance.

Averaged across colormaps, TinyViT’s overall performance (erythema AUROC 0.769;
breast cancer AUROC 0.990) is comparable to, but does not exceed, the best CNN archi-
tectures on either task. This is consistent with vision transformers typically requiring larger
training sets to reach comparable performance to CNNs (Dosovitskiy et al., 2021; Touvron
et al., 2021). The results suggest that colormap-driven performance variation is not specific
to CNNs alone and may generalize across architecture families, but necessitates further val-
idation across additional transformer architectures, including cross-palette generalization
and attention-based analysis for these models.
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