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Abstract

Deep learning-based anomaly detection (AD) offers a label-efficient approach to intracranial
hemorrhage (ICH) detection in brain CT, yet systematic comparisons of AD methods on
this clinically critical task remain scarce. We benchmark 11 reconstruction-based and self-
supervised deep learning AD methods on the CQ500 dataset under consistent experimental
conditions. Our results reveal a substantial performance gap between the two paradigms:
reconstruction-based methods achieve up to AUC 90.8, while self-supervised approaches
peak at AUC 64.7, suggesting that synthetic anomaly strategies designed for natural images
do not transfer well to brain CT. Among reconstruction-based methods, uncertainty-aware
modeling consistently provides the most discriminative anomaly scores. This study presents
a systematic benchmark of deep learning AD methods for ICH detection, offering concrete
guidance for method selection in automated brain CT screening.
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1. Introduction

Automated detection of intracranial hemorrhage (ICH) in brain CT is a clinically urgent
task, as timely diagnosis is critical for patient outcomes (Choi et al., 2024). Deep learning
has driven significant progress in medical image analysis (Litjens et al., 2017), and un-
supervised anomaly detection (AD) has emerged as a particularly promising direction for
pathology detection, as it does not require large annotated datasets of abnormal cases (Pang
et al., 2021). Despite a growing body of work, systematic comparisons of deep learning-
based AD methods on brain CT remain scarce, leaving practitioners with limited guidance
on method selection.

In this work, we present a benchmark evaluation of deep learning-based anomaly de-
tection methods for ICH detection in brain CT. We systematically compare representative
approaches spanning reconstruction-based and self-supervised learning paradigms under
consistent experimental conditions, using a publicly available brain CT dataset. This pro-
vides a structured analysis of slice-level detection performance across methods, offering
practical insights for the development of automated ICH screening systems.
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2. Methods

Dataset and Image Preprocessing We used the CQ500 dataset (Chilamkurthy et al.,
2018), a publicly available brain CT dataset comprising 491 scans with ICH, fractures,
midline shifts, and mass effect. Following the refined labeling protocol of CTFSH (Guerra
et al., 2022), 364 patients were retained (117 normal, 247 pathological). Models were trained
exclusively on normal data, with anomalies identified as deviations from the learned nor-
mal distribution. The dataset was split at the patient level to prevent data leakage, and
each volume was processed at the 2D slice level. All DICOM files underwent HU con-
version and windowing; slices were resized to 128x128 and normalized to [—1,1]. We
adopted a 3-channel input using complementary window settings — brain (40/80 HU), sub-
dural (75/215HU), and bone (600/2800 HU) — to capture tissue characteristics relevant to
ICH detection (Wang et al., 2021).

Reconstruction AD We evaluated seven AutoEncoder-based models. The standard AE
was trained with five loss variants: MSE, L1, gradient difference (Zimmerer et al., 2019),
SSIM (Bergmann et al., 2019), and perceptual loss using a pretrained VGG-19 as a fixed
feature extractor (Shvetsova et al., 2021). AE with Uncertainty (AE-U) (Mao et al., 2020)
incorporates pixel-wise uncertainty estimation, scoring anomalies by uncertainty-weighted
reconstruction error. Variational AE (VAE) (Kingma and Welling, 2022) learns a proba-
bilistic latent space regularized by a standard normal prior, with anomaly scoring based on
reconstruction error. Denoising AE (DAE) (Kascenas et al., 2022) reconstructs clean images
from Gaussian-noised inputs using a UNet-based architecture (Ronneberger et al., 2015),
improving robustness to local perturbations. Context-encoding AE (CeAE) (Zimmerer
et al., 2018) enforces context-aware reconstruction through random patch masking during
training. Constrained AE (Chen and Konukoglu, 2018) promotes latent consistency by pe-
nalizing discrepancies between original and re-encoded latent representations. GANomaly
(Akcay et al., 2018) employs an adversarially trained encoder-decoder-encoder architecture,
scoring anomalies by latent space discrepancy between input and reconstruction.
Self-supervised Learning AD All self-supervised methods share a ResNet-based encoder-
decoder architecture (He et al., 2015) trained with pixel-level binary cross-entropy loss
LBCE(Y, Ypseudo), Where pseudo-labels are derived from synthetic anomalies. Methods differ
in their patch augmentation strategy. NSA (Schliiter et al., 2022) applies Poisson-blended
patch transplantation with binary or intensity-weighted soft labels. FPI (Tan et al., 2022)
linearly interpolates a foreign patch to yield continuous labels, with an optional Poisson-
blended variant (FPI-Poisson). CutPaste (Li et al., 2021) swaps same-image patches with
binary labels; its two-stage variant extends this by fitting a Gaussian density estimator on
learned embeddings for anomaly scoring, replacing pixel-level prediction. AnatPaste (Sato
et al., 2022) pastes a same-image patch onto an anatomically plausible region guided by a
segmentation mask, with Gaussian-blended boundaries and binary labels.

Evaluation The dataset comprises 88,808 slices in total (27,562 normal, 61,246 ICH). We
used 5-fold cross-validation with splits stratified at the patient level to prevent data leakage.
Training folds contain only normal slices (18,187-19,460), while validation folds (normal:
2,692-3,578; ICH: 6,656-7,439) and test folds (normal: 4,797-6,683; ICH: 11,896-12,882)
include both normal and pathological slices from held-out patients. AD performance was
assessed at the slice level, and results are reported as mean area under the ROC curve
(AUC) and average precision (AP) across five folds.
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Table 1: Slice-level anomaly detection performance on brain CT. Bold denotes best per group

Score
Method Loss Function Backbone Anomaly Score
AUC AP

AE Lo = ty(z, &) AE Iz — 112 86.615.0 89.344.9

AE-¢, 01 (z, &) AE = 78.318.6 80.546.3

g AE-Grad Lo AE o~ 5‘ 83.943.3 88.3413.8
g AE-SSIM 1 — lssim(z, &) AE (1 — SSIM(x, &)) 85.146.9 88.345.4
£ ABPL PeL(z, &).mean() AE+V GG PeL(z, &) 86.544.3 90.144.4
2 AE-U (2, 2 + log? AE lla — #13 - % 90.841 5 93.745.1
§ VAE Lo + ACKL, VAE lle — &2 87.943.6 90.544.4
¢ DaE le = fo(@)I3 UNet e = fo(@)I13 849t65 910129
& CeAE ll# — fo(#masio) I3 AE lla — 013 84.7449  88.2443
Constrained AE Lo(z, &) + £2(z, 2) AE llz — &2 84.713.6 89.240 4
GANomaly AadvLAdy + ARecLRec + AEncLEne  GAN llz — 2112 59.748.4 76.246.4

4 NSA LBoE (95 (£@™)), Ypsoudo) ResNet18 llgs (@) 61.646.2  76.5t4.2
o NSA-Intensity Lucr(9s(f(@™), a(k- AD) ResNet18 llgs (@)l 629461  76.845.56
&  FPI LacoE (9s(F(@Ph), @) ResNet18 lgs ()] 64.745.9 79.143.9
% FPI-Poisson Lacr (95 (f(Ph), a) ResNet18 [lgs (f(z))l 49.845 5 70.143.7
% CutPaste LBcE (95 (F(2P)), Ypseudo) ResNet18 llgs (£ (@Il 63.548.9 T7.449.4
{E_ CutPaste (2 stage) Log(ge(f(2)),0) + Log (9e(f(@P)), 1) ResNet18 dar ((f(x))) 55.645.9 724468
(}]" AnatPaste Lcr(9e(f(2)),0) + Lo (ge(f(2*P)), 1) ResNet18 dar(o(f())) 54.143 8 70.142.0

Input - AE-Grad - CutPaste

Figure 1: Qualitative comparison of anomaly heatmaps for three representative ICH cases.
Warmer colors indicate higher anomaly scores: reconstruction error for AE-based models and
predicted anomaly probability for SSL models. All maps are normalized independently per model.

3. Results and Discussion

Table 1 shows slice-level AD performance across all evaluated methods. Reconstruction-
based methods consistently outperform self-supervised approaches, with AE-U achieving
the best overall performance (AUC 90.8, AP 93.7). Most AE variants perform compet-
itively in the AUC range of 83-88, indicating a moderate effect of loss function choice.
GANomaly substantially underperforms (AUC 59.7, AP 76.2), likely due to adversarial
training instability on the relatively small dataset. Among self-supervised methods, FPI
achieves the best result (AUC 64.7, AP 79.1), yet the substantial gap with reconstruction-
based methods suggests that synthetic anomaly strategies do not transfer well to brain CT,
where ICH manifests as subtle intensity variations rather than texture anomalies. Qualita-
tive results in Figure 1 further support this, with reconstruction-based methods producing
better-localized heatmaps compared to the diffuse activations of self-supervised methods.
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