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Abstract

We present a simple and practical framework for anomaly segmentation called Maskomaly.
It builds upon mask-based standard semantic segmentation networks by adding a simple
inference-time post-processing step which leverages the raw mask outputs of such networks.
Maskomaly does not require additional training and only adds a small computational overhead
to inference. Most importantly, it does not require anomalous data at training. We show top
results for our method on SMIYC, RoadAnomaly, and StreetHazards. On the most central
benchmark, SMIYC', Maskomaly outperforms all directly comparable approaches. Further,
we introduce a novel metric that benefits the development of robust anomaly segmentation
methods and demonstrate its informativeness on RoadAnomaly.

1 Introduction

Anomaly detection is the task of identifying whether one data point belongs to a set of inlier
classes that have been seen during the training. Recently, Fan et al. [18] have demonstrated
how difficult anomaly detection is from a theoretical viewpoint. Nevertheless, it is an essential
component of many real-world systems operating in safety-critical settings, such as autonomous
cars. In order to achieve fully automated driving, autonomous cars need to understand when an
anomaly is present and where the anomaly is located in the scene. The latter task is significantly
more challenging, as a model needs not only to output one single anomaly score per scene but
a dense map of pixel-level scores. With more diverse datasets [4, 7, 30, 36] and more complex
training paradigms [1, 8, 35, 36], current approaches have already achieved high scores on relevant
benchmarks. However, the current state of the art has not yet reached a level of accuracy that would
allow deployment in real-world settings. Given these facts, one might expect that an even more
complex training pipeline is needed to achieve results of practical utility.

Nonetheless, we propose a very simple yet effective zero-shot method which requires no train-
ing on anomalous data. Our method, Maskomaly, builds upon mask-based semantic segmentation
networks, such as Mask2Former [12], by post-processing their raw mask predictions to compute
a dense anomaly heatmap, only adding a small computational overhead at inference. To the best
of our knowledge, we are the first, along with the concurrent work in [25, 40], to explore the utility
of mask-based semantic segmentation networks for anomaly segmentation. Our key insight is that
mask-based networks trained for standard semantic segmentation already learn to assign certain
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