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Abstract: Two-dimensional phase unwrapping algorithms are widely used in optical metrology
and measurements. The high noise from interference measurements, however, often leads to
the failure of conventional phase unwrapping algorithms. In this paper, we propose a deep
convolutional neural network (DCNN) based method to perform rapid and robust two-dimensional
phase unwrapping. In our approach, we employ a DCNN architecture, DeepLabV3+, with
noise suppression and strong feature representation capabilities. The employed DCNN is first
used to perform semantic segmentation to obtain the segmentation result of the wrapped phase
map. We then combine the wrapped phase map with the segmentation result to generate the
unwrapped phase. We benchmarked our results by comparing them with well-established
methods. The reported approach out-performed the conventional path-dependent and path-
independent algorithms. We also tested the robustness of the reported approach using interference
measurements from optical metrology setups. Our results, again, clearly out-performed the
conventional phase unwrap algorithms. The reported approach may find applications in optical
metrology and microscopy imaging.

© 2019 Optical Society of America under the terms of the OSA Open Access Publishing Agreement

1. Introduction

Phase is a critical parameter of electromagnetic waves. In fringe pattern analysis [1, 2], phase is
often obtained using the arctangent function, which results in a phase map with a sawtooth shape
in the range of [-π, π]. Hence the result is given modulo 2π and discontinuities in the phase
distribution. Phase unwrapping is the process of removing these discontinuities to obtain the
desired continuous phase profile [3, 4]. Phase unwrapping has been applied to many imaging
modalities such as synthetic aperture radar imaging (SAR), magnetic resonance imaging (MRI),
surface shape measurement, interferometry, and digital holography [5], to name a few. In
practice, there are many factors that could affect phase unwrapping, such as under-sampling,
noise, local shadows, and so on. Therefore, phase unwrapping continues to be a challenging
problem. Many spatial methods have been proposed to resolve this issue, with the three main
categories being path-dependent [3, 4, 6–8], path-independent [9–13] and methods based on
neural networks [14–16].
For path-dependent methods, phase unwrapping is dependent upon the integration path. The

most commonly used methods are the branch-cutting method [4], quality guided method [3, 6],
mask cut algorithm [7], and minimum discontinuity [8]. These four methods are only suitable
for dealing with the ideal wrapped phase. For the path independent methods, the least square
based methods [9] minimize error i.e. the local derivatives of the unwrapped phase match the
measured wrapped phase gradients as closely as possible. Most path-independent methods are
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also compromised when dealing with excessively noisy phase maps. Nearly two decades ago,
Schwartzkopf et al. [14] proposed a supervised feedforward multilayer perceptron neural network
with five hidden layers to detect phase discontinuities for phase unwrapping. It is a one-pass
pixel-parallel low-complexity method and mainly used for optical Doppler tomography (ODT)
images. Last year, Dardikman et al. [15] utilized a DCNN to predict the unwrapped images
with regression network in simulative cell phase maps. It can successfully unwrap samples
consisting of steep spatial gradients. Recently, PhaseNet [16] which is based on SegNet [17]
used an isotropic Laplacian filter to obtain the disjoined clusters. Then, the disjoined clusters
were binarized and the whole cluster was assigned to a unique wrap-count (integer jump of 2π)
by obtaining the mode of the wrap-count from the output of DCNN in that region. Last, a median
filter was adopted to eliminate undesirable classification along the contours of clusters in the
unwrapped phase map.
Recently, with the booming development of deep learning techniques, convolutional neural

networks (CNN) has seen applications in many areas such as detection [18,19], classification
[20, 21], segmentation [17, 22–25] and so on. Among these applications, semantic segmentation,
which classifies the visual input into semantically interpretable classes, has grown in popularity.
In 2014, Long et al. [22] proposed a fully convolutional network (FCN) based method, in which
the network can be trained in an end-to-end way and the output has the same resolution as
the input image. It is the first work to deploy deep convolutional neural networks to image
semantic segmentation. Successively, several FCN based works such as SegNet [17] and
DeepLabV3+ [24] were also proposed to push forward the semantic segmentation. Phase
unwrapping operates by splitting the wrapped phase map into different phase regions, and
each region is an integer jump of 2π without distinguishing which kind of 2π jumps, which
is very similar to semantic segmentation rather than instance segmentation [25]. Because
semantic segmentation doesn’t distinguish between different individuals of the same category,
instance segmentation distinguishes different individuals of the same class. Furthermore, deep
convolutional neural networks have strong capabilities in feature representation and also have an
anti-noise property to a certain degree. Therefore, it is a natural extension of existing techniques
to extend the use of semantic segmentation networks to phase unwrapping.

Fig. 1. The flowchart of the proposed phase unwrapping method.

In this paper, we propose a novel phase unwrapping method by using deep learning based
semantic segmentation algorithm, as shown in Fig. 1. In our method, we employ the extended
DeepLabV3+ network as the backbone, which consists of two parts including the encoder and
the decoder. The input of the encoder, which provides rich semantic information, is a wrapped
phase map. The decoder is used to recover the boundary information of the object, yielding a
segmented phase area map. Then, we extend this backbone by adding a bypass between the
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encoder input and the decoder output. As a result, an intermediate result, i.e. a coarse unwrapped
phase map, can be obtained by adding together the input of encoder and the output of decoder.
Finally, to further improve the quality of the temporary result, a refinement step is employed to
generate the final result.
Overall, our main contribution lies in the following two aspects:
1) We propose a novel two-dimensional phase unwrapping method using deep convolutional

neural networks, which not only provides a coarse segmentation result but also shows a certain
degree of anti-noise properties.

2)We tested our method with several well-established phase unwrapping methods on simulation
data and real data with different shapes and resolutions, and the results demonstrate the
effectiveness and superiority of our method.

2. Proposed method

Phase unwrapping could be accomplished by adding an integer multiple of 2π to the wrapped
phase map. Generally, the phase unwrapping problem can be expressed as follows,

φ(x, y) = ϕ(x, y) + 2πk(x, y), (1)

where φ(x, y) is the unwrapped phase, ϕ(x, y) is the wrapped phase, and k(x, y) is the integer that
needs to be solved for, which can be regarded as a pixel-wise classification problem. The overflow
of our method is shown in Fig. 1, which consists of three steps including segmentation, summation
and refinement. Here, we first employ the semantic segmentation network DeepLabV3+ to solve
k(x, y), in which we take the wrapped phase ϕ(x, y) as input and give the k(x, y) as output. Then,
according to Eq. (1), we can obtain the temporary result φt . Lastly, a refinement step is deployed
on the intermediate result, yielding the final result φ f . We provide a detailed description for the
proposed method below.

A. Segmentation

Fig. 2. The structure of DeepLabV3+.

First, we adopt the DeepLabV3+ network to obtain the unknown integer k(x, y). As shown
in Fig. 2, the DeepLabV3+ network, which consists of an encoder and a decoder, is widely
used for semantic segmentation. In the encoder module, the DCNN is the modified aligned
Xception [21, 26] network, as shown in Fig. 3, which can extract dense feature maps with higher
semantic information. The modified aligned Xception consists of three parts: entry flow, middle
flow, and exit flow. In our method, the wrapped phase maps first go through the entry flow,
then through the middle flow which is repeated 16 times, and finally through the exit flow. The
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modified aligned Xception has batch normalization [27] and ReLU after all convolutional layers
(including separable convolution and depthwise separable convolution). After the DCNN, there
is an atrous spatial pyramid pooling (ASPP) by employing atrous convolution with different rates
to get the multiple scales rich information. The rates are related to the size of input images and
the ratio of input image spatial resolution to the DCNN output features resolution. Because
ASPP extracts more features, and in order to balance the information of each scale and accelerate
training, there is a 1 × 1 convolution to reduce the channel of features.

Fig. 3. The structure of modified aligned Xception.

The encoder features are first bilinearly upsampled by a factor of 2 and then concatenated
with the low-level features from modified aligned Xception. Both the low-level features and the
encoder features contain 256 channels, in order to make better use of higher semantic features
extracted by the encoder, another 1 × 1 convolution is employed to reduce the number of channels.
After the concatenation, we use a 3 × 3 kernel to refine the features followed by another simple
bilinear upsampling by a factor of 4. We have tried to reduce the upsampling factor to reduce
boundary errors. As a result, the error rate did not drop significantly but the training speed was
much slower. Overall, the decoder module gradually recovers the spatial information and obtains
sharper segmentation. We have selected the optimal parameters for phase unwrapping problem
of DeepLabV3+ model by testing the simulation data set.
Therefore, step 1 of our method, i.e. segmentation, can be defined as follows:

k(x, y) = Fseg[ϕ(x, y)], (2)

where Fseg denotes the DeepLabV3+ network.

B. Summation

Following the segmentation step, we can obtain the integer k(x, y). Then, according to Eq. (1),
we first multiply k(x, y) by 2π, and then make a summation,

φt (x, y) = ϕ(x, y) + 2πk(x, y), (3)

where φt is the temporary result, as shown in Fig. 1.
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C. Refinement

According to the enlarged local region of the temporary result φt shown in Fig. 1, we can see
that a small number of pixels are mistakenly segmented in phase boundaries. The segmentation
error at the boundaries refers to pixels, originally belonging to the left side of the boundary, that
are mistakenly assigned to the right side of the boundary, which will lead to a jump of 2π or -2π
on the final unwrapped phase map. Fortunately, the unwrapped phase map has continuity prior to
the addition of noise. Therefore, this 2π jump can be detected and removed with a refinement
operation, which can be expressed as follows:

φ f (x, y) = FR [φt (x, y)] , (4)

where φ f is the final unwrapped phase map and FR denotes the refinement operation (the step 3),
as shown in Fig. 1. Notably, it can be seen from the enlarged view of φ f and φt in Fig. 1, the
refinement step further promotes the accuracy of unwrapped phase map. Meanwhile, to illustrate
refinement operation, we provide an example shown in Fig. 4(a). We first calculate the difference
between the pixel and the surrounding eight pixels, which is equivalent to a Laplace filter:

∆ =
a + b + c + d + f + g + h + i

8
− e, (5)

and then modify it as follows:

e = e + 2π × Round
(
∆

2π

)
, (6)

where Round is the function that takes the nearest integer.

Fig. 4. (a) Illustration of the refinement operation. (b) Some wrapped phase maps in the
training set.

3. Experimental results

We used the first ten Zernike polynomials to produce the training data and the test data (namely
the simulation data) of wrapped phase maps with a pixel size of 256 × 256. The training set
contains 25,000 images (some of them are shown in Fig. 4(b)) with different levels of Gaussian
white noise (standard deviation is set from 0 to 1.5) and speckle noise. Firstly, we generate the
unwrapped phase data using the first ten Zernike polynomials as shown in Eq. (7).

φ(x, y) =
10∑
i=1

ciZi(x, y), (7)
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where Zi, ci represent the i-th Zernike polynomial and its coefficient. Then we generate the
corresponding wrapped phase data according to Eq. (8).

ϕ(x, y) = angle (exp(1i×φ(x, y))). (8)

After we generate the unwrapped and wrapped phase maps, we can compute the k(x, y) as follows:

k(x, y) =
φ(x, y) − ϕ(x, y)

2π
. (9)

Rather than use the k(x, y) as the ground truth of our network directly, we subtract the minimum
value of k(x, y) as the ground truth. This enables the network to learn the trend of relative phase
changes. To ensure that the training data is very close to the experimental data as much as
possible, different kinds of noise (additive and multiplicative noise) were added to the training
data. The test set contains 1200 phase maps. To test the performance of our algorithm under the
condition of different noises, we add Gaussian white noise with standard deviation from 0 to 2 to
the test set. On the basis of these, we compared our method with four well-established methods
including Herráez et al.’s method (SRFNP) [3, 6], TIE method (TIE) and TIE iterative method
(ITIE) [10], Zhao et al.’s method (RTIE) [11]. Among these methods, SRFNP is path dependent
method, and TIE, ITIE, RTIE are path independent methods.

Furthermore, during training, we used the stochastic gradient descent (SGD) with momentum
0.9 for 200000 iterations, base learning rate 0.005, mini-batch size 8 and learning power 0.9.
When testing, we employed our method on the simulation data and real data, respectively.

A. Experiments on simulation data

We first performed two experiments on simulation data with noise free and heavy noise (standard
deviation equals 2.0) condition. Then the performance of our proposed method under different
noise levels was analyzed. We have compared the results obtained by the proposed method with
other well-established methods. We have also shown the computation cost of all methods.

Fig. 5. Phase unwrapping on simulation data without noise. (a) Simulated wrapped phase
map. (b) Ground truth. Unwrapped phase maps are generated by using SRFNP (c) with
RMSE 3.5e∧−13, TIE (d) with RMSE 0.9067, ITIE (e) with RMSE 0.2096, RTIE (f) with
RMSE 0.1627, Ours without refinement (g) with RMSE 0.5618, Ours with refinement (h)
with RMSE 0.1410.

In Fig. 5, we give a comprehensive comparison for our method and the aforementioned four
methods on simulation data without noise in terms of the root mean square error (RMSE). It
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can be seen that our method with the refinement step performs better than all methods, except
the SRFNP. Meanwhile, it clearly demonstrates the effectiveness of the refinement step in our
method.

Second, to demonstrate the superiority of our method over path-based and least-square based
methods, we added Gaussian white noise (standard deviation is set to 2.0) on wrapped phase
map, and perform a comparison among all the methods, as shown in Fig. 6. We can see that our
method performs the best, which demonstrates the robustness of our method against high level
noise.

Fig. 6. Phase unwrapping on simulation data with Gaussian white noise (standard deviation
is set to 2.0). (a) Simulated wrapped phase map. (b) Ground truth. Unwrapped phase maps
are generated by using SRFNP (c) with RMSE 19.7591, TIE (d) with RMSE 10.9604, ITIE
(e) with RMSE 10.4928, RTIE (f) with RMSE 6.9038, Ours without refinement (g) with
RMSE 1.2325, Ours with refinement (h) with RMSE 1.5608.

Fig. 7. The effects of noise with different standard deviations.

Lastly, Gaussian white noise with different standard deviations (from 0 to 2, 0 being no noise)
is added to the test set. Figure 7 shows the mean RMSE values under the condition of different
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standard deviations for all methods. When the standard deviation of the noise level is larger
than 0.5, our method with refinement and our method without refinement perform better than
the other four methods. When the standard deviation of noise standard deviation is less than
0.5, SRFNP can perfectly unwrap the phase maps, which is consistent with the results of Fig.
5. However, it should be noted that our method also achieves the best performance except for
SRFNP. From Fig. 7, we can see that when dealing with phase maps with low-level noise, our
model with refinement is perfect. Otherwise, our method without refinement is ideal. The reason
why the method without refinement performs slightly better than the method with refinement
during heavy noise is that noise has a limited effect on our post-processing. We also find that the
fluctuation of the RMSE value of our method is the smallest, which indicates the robustness of
our method.
In regards to the computation cost, all of the methods were implemented on a PC with CPU

E5-1620 v4 and GPU NVIDIA TITAN Xp, and the average processing time of the five methods
is approximately 0.4608(SRFNP), 0.0344(TIE), 0.0712(ITIE), 2.5172(RTIE), and 0.0393(Ours)
seconds, respectively. This shows that our method is faster than most traditional methods.

B. Experiments on real data

To evaluate the robustness of the proposed method, two experiments were carried out to produce
the real data of wrapped phase maps. The first experiment was conducted to test an optical sphere
using a Twyman-Green interferometer as shown in Fig. 8(a). By introducing a small defocus, a
series of fringe patterns, as shown in Fig. 8(c), can be obtained with the help of a phase shifter
(PZT) attached on the reference mirror. It can be seen that the fringe contains very little noise and
high contrast. Another experiment was conducted to test the out-of-plane deformation of a rough
planar surface using a speckle interferometer as shown in Fig. 8(b). The speckle fringe patterns,
as shown in Fig. 8(d), can be obtained by subtracting the speckle patterns captured before and
after loading to the rough surface. It can be seen that the speckle fringe patterns are corrupted by
strong speckle/coherent noise, which heavily degrades the contrast of the fringe patterns.

Fig. 8. Experimental setup. (a) Twyman-Green interferometer for testing an optical sphere.
(b) Speckle interferometer for measuring deformation of a rough planar surface. (c) Phase
shifted interferograms obtained by (a). (d) Phase shifted speckle fringe patterns obtained by
(b).

To validate our method using real data, three phase maps, i.e., rectangular shape with low-level
noise, circular shape with severe noise and rectangular rectangle shape with severe noise, as
shown in Figs. 9(a), 10(a) and 11(a), were adopted to perform comparisons among all five
methods. All the wrapped phase maps were obtained using the phase shifted fringe patterns with
the help of the generalized principle component analysis-based method [28]. All results in this
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section are obtained using the proposed method with the refinement step.
The first one, as shown in Fig. 9(a), was obtained from the Twyman-Green interferometer

with a pixel size of 300 × 400. Figs. 9(b)-9(f) show the results obtained using the five methods.
Since the wrapped phase map was obtained with low-level noise, all methods can successfully
unwrap the wrapped phase map. This experiment also shows that our network can handle phase
maps whose pixel size is different from that of the training set (256 × 256).

Fig. 9. Phase unwrapping on real data with low-level noise. (a) Wrapped phase map.
Unwrapped phase maps are generated by using SRFNP (b), TIE (c), ITIE (d), RTIE (e), Ours
(f).

The second form of real data was obtained by measuring the deformation of a rough planar
surface with digital speckle interferometry. As can be seen from Fig. 4(b), the training images
are circular, and the pixel size is 256 × 256. As a result, we firstly resize the original map to the
pixel size 256 × 256 with a circular mask as shown in Fig. 10(a). Then five methods were used
to unwrap the wrapped phase map and the corresponding results are shown in Figs. 10(b)-10(f)
respectively. It can be seen that, due to severe noise, the first three methods fail to unwrap the
phase map. The result of RTIE, as shown in Fig. 10(e), has a certain regional dislocation. In
stark contrast, our method, as shown in Fig. 10(f), achieves the best performance.

Figure 11(a) shows the original wrapped phase data in rectangular profile with a pixel size of
1600 × 2400, which is obtained using the phase shifted speckle fringe patterns shown in Fig.
8(d). Although our network can deal with images of arbitrary scale, the unwrapping performance
becomes worse as the scale of the wrapped phase map becomes much larger than 256. To achieve
better performance for maps with large scale, we down sample the phase map to 256 × 256
before unwrapping for all methods. The corresponding unwrapped results are shown in Figs.
11(b)-11(f), respectively. The TIE and ITIE methods fail to unwrap. The result of SRFNP
algorithm is not continuous enough, and the result of RTIE has some regional solving errors. In
contrast, our method performs best.

Generally speaking, we can conclude that our method is suitable for real wrapped phase maps
in circular and rectangular shape profiles with severe noise, and the corresponding results also
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demonstrate the effectiveness of our method.

Fig. 10. Phase unwrapping on real data in circular shape with severe noise. (a) Wrapped
phase map. Unwrapped phase maps are generated by using SRFNP (b), TIE (c), ITIE (d),
RTIE (e), Ours (f).

Fig. 11. Phase unwrapping on real data in rectangular shape with severe noise. (a) Wrapped
phase map. Unwrapped phase maps are generated by using SRFNP (b), TIE (c), ITIE (d),
RTIE (e), Ours (f).
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4. Discussions and conclusion

It should be noted that down sampling to 256 × 256 is highly undesirable when the fringe
density is relatively high because the information will be lost after down sampling. To make
our proposed method applicable to the real phase maps with large pixel count and high fringe
density, a stitching strategy or retraining with larger image size can be used. Considering the
GPU memory and training speed of larger image size, we think image stitching to unwrap larger
image size is a better solution instead of training images with large image size. As shown in
Fig. 12, we use a simulation data for demonstration. We use a wrapped phase map with size
500 × 500 to unwrap via image stitching. Firstly, we split the whole wrapped phase map into
four wrapped phase maps with a resolution of 256 × 256. Secondly, each sub-phase map is
used as an input to the network separately and the corresponding segmentation results can be
obtained. Then, all the sub-segmentation results can be stitched together with a suitable stitching
algorithm. Finally, we can perform summation and refinement operations on the stitched image
to get the final unwrapped phase map. The result in Fig. 12 shows that the stitching strategy is
promising. However, further research is needed. How much overlap between the adjacent images
is sufficient? What is the optimal overlap? All of these problems need further investigation.
Recently, Feng et al. [2] proposed a method of using a convolutional neural network to perform
fringe analysis. Hence phase retrieval and phase unwrapping with a network will also be a further
research direction.

Fig. 12. Phase unwrapping via image stitching. (a) Original wrapped phase map with a
resolution of 500 × 500. (b1) - (b4) Four sub-images with an overlap of 12 pixels. (c1) -(c4)
Segmentation results of (b1) - (b4). (d) Final stitched unwrapping result.

In this paper, we present a DCNN based two-dimensional phase unwrapping method, which
consists of three steps including segmentation, summation, and refinement. The key advantage
of our method lies in the introduction of deep neural networks, which provide both the coarse
segmentation result of the wrapped phase map and a degree of anti-noise capability. Extensive
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experiments were performed on simulated and real data, and the results demonstrate the
effectiveness of our method. Notably, our method can obtain a satisfactory unwrapping result
even under a severe noise condition.
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