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ABSTRACT
Time-difference-of-arrival (TDOA) estimation from GCC-
PHAT is not always as straight forward as finding the max-
imum peak. This work views the GCC output as an image,
with time on the vertical axis and TDOA horizontally, to ex-
plore if image-to-image machine learning methods can make
a more robust filter. The Structure from Sound Database pro-
vides audio recorded with a distributed microphone setup and
a moving sound source. The audio was fed to GCC-PHAT
without pre-processing, and images were produced for batch
processing. The ground truth, the direct-path TDOA, shows
a continuous curve through time. The GCC output image has
a similar curve, but obscured by noise and not at all times
texturally different from the multi-path components. The
main approach tested is binary semantic segmentation with a
U-Net. A challenge is the extreme class imbalance within the
image. Preliminary results indicate that the method is valid
to detect curves, yet more work is needed to single out the
direct path TDOA with confidence.

Index Terms— Time-difference-of-arrival, Generalized
Cross-Correlation, U-Net, noise reduction, curve detection

1. INTRODUCTION

The scope of this paper is image-to-image filtering of GCC-
PHAT output, for the purpose of improved TDOA estima-
tions. In a larger context, the goal is to produce stable meth-
ods for moving sound source localization (SSL) when the mi-
crophone positions are unknown. A secondary objective is to
learn from little data.

Precise localization of sender/receiver node positions us-
ing radio or sound signals is a key enabler in numerous appli-
cations such as microphone array calibration, speaker diariza-
tion, beam-forming, radio antenna array calibration, mapping
and positioning [1]. A key component of systems for calibra-
tion of node positions, e.g. [2], is the first signal processing
step. The state-of-the-art method is the GCC-PHAT method
and variants thereof, [3]. It has been observed in previous pa-
pers that the potential for improvement is large here. For ex-
ample in [4], the authors studied a dataset of seven recordings

where state of the art on average were within the set threshold
in less than 40% of the estimations.

In this paper we study if machine learning methods could
be used to filter the result from the GCC-PHAT detections, to
obtain fewer false positives while keeping the true positives
sufficiently high. We show how these filtering methods can
be trained, and evaluate the resulting algorithms on real world
data to ascertain the validity of the approach.

2. BACKGROUND

2.1. GCC-PHAT

The Generalized Cross-Correlation with Phase Transform
(GCC-PHAT) [5] is still after almost 50 years one of the
most useful algorithms for TDOA estimation. However, in
many cases conditions are not optimal. To get the appropriate
results, both input and output may need further processing
based on heuristics for that specific use-case.

The cross-correlation of a pair of signals is highest when
they are the most similar, time-shifting one of the signals thus
gives a peak corresponding to the time difference. Correlation
corresponds to multiplication in the frequency domain. Effec-
tively, when the signal pair has matching (amplitude of each)
frequency component in the Fourier transform, the correlation
is high. GCC allows an arbitrary factor to adjust the impor-
tance of each frequency band. This factor is what makes it
generalized. The PHAT factor performs whitening, to make
each frequency count equally regardless of amplitude. Com-
pared to unadjusted GCC, the GCC-PHAT gives very distinct
peaks. One drawback is a risk of giving even weak noise high
impact in the output.

As the GCC output is correlation estimates for a set
of proposed time-differences, a TDOA window is chosen to
limit the relevant range. In the optimal case, the true TDOA is
found from identifying the highest peak, the TDOA that gave
the maximum correlation value. The optimal condition states
that any noise in the signal is uncorrelated, otherwise a pair
of signals will have matching noise. Unless a single sound
source, in an un-echoic environment, additional peaks is to
be expected. In a real-world scenario, the peak corresponding



to the highest GCC-score could be noise, and further possible
peaks may need to be evaluated to get accurate TDOA.

Usually GCC is computed using a form of short-time
Fourier transform (STFT) [6], separating the output into a
sequence of GCC estimates, each specific to a time-window.
With a moving sound source, a short window length is re-
quired to get accurate time resolution. Unfortunately, high
time resolution means less detailed frequency resolution.

2.2. Semantic segmentation using U-Net

Many methods to process images for various effects are avail-
able. Most state of the art methods are learning based, im-
plemented with convolutional neural networks [7] and more
recently using transformers [8]. Here we adapt semantic seg-
mentation, which is the task of separating known object types
from the background. It can be considered a classification
task that evaluate each pixel. The U-Net [9] was introduced
in year 2015 as a means to do biomedical image segmenta-
tion. It is a fully convolutional network, which makes it pos-
sible to use on larger patches, yet with reasonable training re-
quirements. It can be seen as a U-shaped encoder-decoder,
the bottleneck at the bottom, with added skip-connections
across (Figure 1a) to retain both high-level and detailed con-
text. Lower levels have smaller feature maps, a quarter of the
size above (W2 × W

2 versus W × W ). To retain the needed
expressiveness when the size of the feature map is reduced,
the U-Net doubles the number of maps in each layer.
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Fig. 1. (a) U-Net architecture overview. See section 2.2 for
description. (b) Example input (128x128 patch). (c) Ground
truth matching input.

The boxes in Figure 1a are fully convolutional blocks,
each comprising of two chained 3 × 3 convolutions with
padding to retain size1. The Dn blocks increase the num-
ber of channels and pairs with down-sampling, while the Up
blocks reduce channels with up-sampling. As shown, the
output from a down-block is also fed unaltered through the

1No padding was used in the original U-Net, but same size is more con-
venient and the more popular choice since.

skip-connection. This set of feature maps is concatenated to
the feature maps in the decoder path (effectively stacked to
make the double number of maps).

An important consideration is the loss function. [10]
gives an overview of popular choices for semantic segmen-
tation. For example, focal losses are applied to prioritize
learning from more difficult examples.

In this case, the loss is a measure of the difference in two
binary images, G (ground truth) and P (prediction), where
each pixel should be either 1 (positive) or 0 (negative). Where
P and G intersect, there is a True Positive (TP), where they
mismatch it is either a False Positive (FP) or a False Negative
(FN).

The Dice coefficient (or F1-score) is a positive metric for
pixel-wise similarity of images. It is the ”intersection over
sum” score, similar to the ”intersection over union” (IoU, Jac-
card index). The Tversky index2 [12]

Tα,β(G,P ) =
TP

TP + αFN + βFP
(1)

is a generalization that introduces constants to balance the
penalty of FP and FN.

With Equation 1, IoU is T1,1 and Dice is T0.5,0.5. Enforc-
ing α = 1 − β is common, to limit number of hyperparam-
eters. An important problem for segmentation, as with most
ML methods, is class imbalance: When there are only few
foreground pixels in a large image patch, it is hard for the
loss function to guide the optimization in a meaningful di-
rection. Collapsing into all-zero predictions may get 99% of
the (background) pixels right, yet be utterly useless. Setting a
higher α is a way to promote more positive predictions, with
the hope that some will eventually lead to TP catching on.
[11] suggests α = 0.7 and notes that higher values pushes for
more FP, leading to good sensitivity but worse overall score.

From a positive metric, such as Tversky index, the loss
function is essentially 1−Tα(G,P ), with added smoothing in
T to ensure continuity. Focal Tversky Loss is (1−Tα(G,P ))γ

[10]. A γ > 1 gives less weight to mispredictions in easy
training examples, to focus training towards the more difficult
examples (low Tversky index) with a steepened gradient.

3. GCC-PHAT RE-IMAGINED

This section briefly describes the work presented. Full details
are available in the implementation, with high-level design as
well as low-level hyperparameters.

3.1. Implementation

The experiment is driven by a Python 3 implementation, code
available3. The code was developed iteratively and ad-hoc, as

2The original paper regards similarity of sets. FP and FN (thus α and β)
are interchangeable until one set is regarded as GT, current notation following
[10, 11].

3https://github.com/JensGulin/GCC-REIMAGINED-UNET



a proof-of-concept. There are three main parts.
GCC-conversion ran on a local Jupyter environment on

Intel Xeon W-2135 CPU @ 3.70GHz × 12 with 32 Gb RAM
and an Nvidia GTX 1080Ti GPU with 11 Gb memory. This
notebook does the audio processing and outputs the proper 2D
image representation. The GCC-PHAT implementation used
is from [13]4.

Training and inference was developed in the Google Co-
lab environment, executing on a T4 GPU with 16 Gb memory.
The U-Net implementation, in TensorFlow/Keras, was based
on a tutorial5.

Benchmarking was performed on the same environment
as the training.

3.2. Audio processing

The audio is fed to GCC-PHAT in windows of size 1024 sam-
ples. This is a basic short-time Fourier transform (STFT) that
provides time-resolution. The step size is 128 samples, giving
8 overlapping windows. The TDOA range is cut off at ±800
samples delay. These arbitrary numbers can be adjusted with
knowledge of the nature of the audio.

No pre-filtering of the audio is done, the idea of this ex-
periment is to push the proposed filtering in the image domain
to the limits.

3.3. 2D representation

The GCC output is in a (TDOA × time) array that translates
directly to an image of (width × height). Each row is one
GCC estimate, with each cell value a correlation score, a neg-
ative or positive number.

To ensure values in range [0,1], all negative values are
zeroed, and each row is divided by the maximum of that
row. The reason for dropping the negative values, rather than
rescaling, is to focus training towards positive peaks. It has
not been evaluated if this is helpful or not. A nice side-effect
is that printed example images have more contrast6.

The data is saved to file using pyplot.imsave(), which will
rescale the [0,1] range to [0,max]. The file format chosen
is PNG, a gray-scale image represented as 8 bpc RGB. One
image is produced per microphone pair, organized in folders
to separate different recording sessions.

Following image-to-image learning practice, the ground
truth must be an image of the same dimensions. For seman-
tic segmentation, each pixel in GT is given a number cor-
responding to the intended class. As a binary classification
task, the true direct-path TDOA and the background are the
two classes. For each window, a single pixel is thus set to 1 in
a row otherwise 0. To provide a single TDOA per row, given
GT samples are averaged within the time window. This also

4https://github.com/axeber01/ngcc
5https://github.com/nikhilroxtomar/UNet-Segmentation-in-Keras-

TensorFlow
6Example images were inverted, so that positive peaks print as black.

bridges the different sampling rates of GT and audio. Again,
one GT image is produced per microphone pair.

3.4. U-Net design

The U-Net architecture is designed for the semantic segmen-
tation learning task. After some experimentation, an input
size of 1024x1024 pixels is chosen. The aim is to get as much
context as possible in each patch, while not exhausting GPU
memory.

Following the design in Figure 1, each layer down-sample
with a 2x2 kernel MaxPool, effectively passing on a feature
map with half the side of the layer input. The white box
illustrates stacking layers as the one above. Starting with
1024x1024, 6 middle layers reach 16x16, then downsampled
in the bottle-neck to 8x8. This is the most abstract, high-level
representation of the patch. The decode-chain upsample at
matching levels, to end again with a 1024x1024 segmentation
mask after a regular sigmoid activation function.

For this design, a maximum of 512 maps per layer is set.
This cap is not in the usual architecture, but added to keep
memory usage down. The reasoning is that this restriction of
the lowest layers is in line with the bottleneck strategy any-
way. Due to the large input size and the many layers, the
network has in total around 31.5 million parameters to learn.

3.5. Loss function and training

For this experiment, the bassh3 recording data from SFSDB7

is used. This data has a moving speaker playing continuous
music for 15 seconds, with a 9 second intro and 10 second
outro without music. There are 8 microphones synchronously
recorded, in total 28 possible pairs. Arbitrarily, mic 6 is kept
as test data, and mic 2 for validation data. This leaves 15 pairs
for training. Since microphone pair (2,6) was never seen in
training, this is the pair used for final evaluation.

During training, random patches are taken from the large
image. Each batch uses a new selection. To help guide train-
ing, the patches are chosen so that there are no fully negative
examples, at least some pixels are ground truth.

Although the decision was to have 1024x1024 input, to
verify the model and setup, smaller patches were used to start
with. The initial training experiments failed promptly due to
class imbalance. Tversky loss with α = 0.7 did not give a
consistent result. The larger patches increase the problem,
since maximum one pixel per row is ground truth, thus a
quadratic increase of background pixels.

Training is executed for 25 epochs, using the Adam opti-
mizer [14] with initial learning rate 0.0001 and 10-fold decay
every 10 epochs. The current loss function is the average of
two Focal Tversky loss functions, one with γ = 3 and one
with γ = 0.3, both with alpha = 0.9. The focus on both
difficult and easy examples resembles [15].

7https://vision.maths.lth.se/sfsdb/



4. EXPERIMENTAL VALIDATION

To validate the approach, the trained U-Net is applied on the
evaluation data, the bassh3 mic 2 6 input image. The large
file is processed as 1024x1024 patches with 512 pixel stride.
This sums four estimations of each pixel, to alleviate differ-
ences due to context. Each estimate is [0,1], with 0.5 as-
sumed the threshold for predicting class 1 (positive, direct
path TDOA). The sum range [0,4] changes the threshold, 0.5
meaning ”likely at least one predicted positive”. For this eval-
uation, no threshold is set, instead peaks are extracted as the
most likely TDOA candidates.

For convenience, the output is again formatted as an RGB
image, where the summed prediction is the green component,
GT is red and input is blue.

4.1. Qualitative evaluation

From visual inspection, it is clear that the U-Net is able to
suppress the image background noise. It is also apparent that
there are still plenty of false positives. Although the GT in-
dicated only one curve, the direct path, the current method
predicts any curve-segment. The prominent noise line at 0
TDOA is not removed. Current model prioritize positive pre-
dictions, even when this straight line is clearly different, both
in texture and from context (see Figure 1b).

A few illustrative examples are shown for reference in
Figure 2. Example (a) illustrates a successful segmentation.
The output has a strong peak matching the GT. The output
also includes the noise line, and in this case it even gets pri-
ority at the crossing. Example (b) is hard even for a human.
There are four similar curves and the one slightly more accen-
tuated is not the actual target. This shows that texture (pixel
value and adjacent pixel patterns) is not enough to distinguish
all cases. Another indicator is context, how strong the curve is
over time. Apparently the context of this patch is not enough:
A human will agree with the GT only when given even more
context (bigger patch). The ”false curves” (echoes) are promi-
nent in this cut-out, but the true TDOA is actually more con-
sistent over time.

A third example, not depicted, confirms the ability to fil-
ter out noise also during intro and outro, when no music is
playing. The prediction is then dominated by the noise line.

5. CONCLUSIONS & FUTURE WORK

This paper evaluates semantic segmentation with U-Net as a
method to filter out false peaks from GCC-PHAT output. This
novel approach can successfully suppress background noise
and pick out curves and lines from the image.

Further research will be able to continue from this base-
line. Evaluation in a downstream task is needed to show ac-
tual accuracy improvement and if added computational cost
can be fully regained by less false peaks.

(a) Easy example with a single curve matching GT,
only disturbed by the noise line.

(b) Hard to see that GT is second curve from left.
Prediction gives more confidence to the third.

Fig. 2. Example cut-outs (1024x1024) from bassh3 mic 2 6.
Images from left to right: Input, Ground Truth, U-Net Output.

The model currently map both the direct-path and suffi-
ciently strong multi-path echoes as semantically same, even
though GT did only mark direct-path. This is likely due to
the limited training (relatively few samples and few epochs)
and a loss function promoting positive predictions over false
negatives. In this first experiment, it was not regarded as a
problem that there were more than one peak remaining, as a
robust multilateration method can handle some putative en-
tries. Finding reflections may also be useful [16, 17]. Tradi-
tional image manipulation methods, such as noise suppress-
ing and erosion, might be used to improve results, both before
and after U-Net processing.

Several design options are open for future work; training
strategy, loss function and network design are such examples.
A preliminary conclusion is that a larger time-context would
benefit differentiation of direct-path and multi-path curves.
The Distance Map Loss [18] is under consideration, as a way
to promote the slim GT. Another suggestion may be Sharp
U-Net [19], that introduce fixed sharpening filters on the skip
connections, to reduce ”not only blurred feature maps, but
also over- and under-segmented target regions”.
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