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Introduction
Although deep-learning (DL) provide an effective approach for image
explanation, it is useful to understand uncertainty of the trained
stochastic models1-3, especially during clinical use. We present a
method to transform a pre-trained segmentation DL-model to a
Bayesian model that can estimate uncertainty by posterior
distribution of its trained weights.
Method
We use Monte-Carlo dropouts4 during inferencing of a pre-trained
model along with a cosine similarity of fixed and stochastic
predictions to estimate uncertainty (Fig. 1). First, the trained model is
used to produce a fixed prediction (𝑢) for a given test sample without
any dropout. Next, the same model is used with partial neurons, by
enabling all dropout layers, to produce a set of stochastic predictions
for the same test sample. The uncertainty metric is computed as
mean of cosine dis-similarity between the flattened 1-D version of
fixed prediction (𝑢) and several stochastic predictions (𝑣𝑖 ). Our
method avoids the need of known ground truth for the test-case,
which makes is particularly useful in clinical applications.
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of ISMRM 2019, Montreal, Canada, p. 670.Fig 1: Summary of the proposed method for segmentation model using U-net5.

Results and Discussion
We demonstrate our approach using four pre-trained U-net models that
segments different brain structures on localizer images for intelligent slice
placement6 (fig 2-3). The uncertainty of predictions were computed using
𝑛 = 10 stochastic predictions from two intrinsically different datasets: set
(A) with 2177 samples from train and validate dataset; set (B) with 25
new independent samples that were selected to have characteristics not
present in set (A) (eg. metal implant artifacts, large pathology etc.).

The stochastic predictions are visualized as voxel-wise mean of
all n=10 predictions in fig 2. As expected, set (B) shows a high
uncertainty, as compared to the reference set (A), indicating that
it has characteristics that are very different from the training
sets. Fig. 3 shows the distribution of uncertainty for pituitary task
for sets (A) and (B), illustrating the effectiveness of the method
with an intricate task dealing with small structure in the brain.

Fig 2: Example of stochastic outputs for different models for one sample from set (B) along
with box-and-whisker plot of uncertainty estimates of reference set (A) and the set (B) sample.

Conclusions
Our method can reliably measure uncertainty in predictions from
DL-models with dropout layers and can assign low confidence
values to outputs for cases that differ from training set. This
allows runtime identification of cases that may not yield accurate
results with the model and can be used to systematically ask for
human intervention with tough cases in clinical practice. Further,
the approach can also be used to identify regions with large
uncertainty for segmentation models.

Fig 3: Uncertainty of reference set (A) and the set (B) sample for pituitary task.


