Check for
Updates

Session 31: Multimedia Telepresence and Virtual/Augmented

MM 21, October 20-24, 2021, Virtual Event, China

Semi-supervised Learning via Improved Teacher-Student
Network for Robust 3D Reconstruction of Stereo Endoscopic

Image
Hongkuan Shi* Jinxin Lv Yilang Wang
Zhiwei Wang" Huazhong University of Science and ~ Huazhong University of Science and
shihk@hust.edu.cn Technology Technology

zwwang@hust.edu.cn
Huazhong University of Science and

jinx@hust.edu.cn

black_wang@hust.edu.cn

Technology
Peng Zhang Fei Zhu Qiang Li'
Huazhong University of Science and ~ Huazhong University of Science and ~ Huazhong University of Science and
Technology Technology Technology
hustzp@hust.edu.cn zhufei@hust.edu.cn ligiang8@hust.edu.cn
ABSTRACT CCS CONCEPTS

3D reconstruction of stereo endoscope image, as an enabling tech-
nique for varied surgical systems, e.g., medical droids, navigations,
etc., suffers from severe overfitting problems due to scarce labels.
Semi-supervised learning based on Teacher-Student Network (TSN)
is a potential solution, which utilizes a supervised teacher model
trained on available labeled data to teach a student model on all
images via assigning them pseudo labels. However, TSN often faces
a dilemma: if given only few labeled endoscope images, the teacher
model will be trained to be defective and induce high-noised pseudo
labels, degrading the student model significantly. To solve this, we
propose an improved TSN for a robust 3D reconstruction of stereo
endoscope image. Specifically, two novel modules are introduced:
1) a semi-supervised teacher model based on adversarial learning
to produce mostly correct pseudo labels by forcing a consistency in
predictions for both labeled and unlabeled data, and 2) a confidence
network to further filter out noisy pseudo labels by estimating a
confidence for each prediction of the teacher model. By doing so,
the student model is able to distill knowledge from more accurate
and noiseless pseudo labels, thus achieving improved performance.
Experimental results on two public datasets show that our improved
TSN achieves a superior performance than the state-of-the-arts by
reducing the averaged disparity error by at least 13.5%.
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1 INTRODUCTION

A modern Minimally Invasive Surgery (MIS) involves a wide vari-
ety of systems [1], for instance, medical droids/robotics, surgical
navigation, virtual/augmented realities and so on. Among them,
3D reconstruction of stereo endoscope image is a crucial technique
which enables the systems to fully understand surgical scenes for
the follow-up actions [2].

Traditional methods [3-5] for 3D reconstruction based on a
stereo image pair (left and right images) first match pixels between
the left and right images, and then calculate spatial shifts of those
matched pixels across the two view images as disparities, which
can be used for computing depths with the intrinsic parameters of
binocular camera given. The calculated disparity map is often very
sparse and only has valid values for those locations which can find
matching pixels in both view images. To make it denser, Stoyanov
et al. [3] proposed to first identify several matched feature points
as candidates, and then use a region growing method to propagate
disparity values around the candidates. Penza et al. [4] proposed to
refine the disparity image using super pixel segmentation. Chang
et al. [5] introduced a dense stereo reconstruction approach using
convex optimization with a cost volume. Despite their success in
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the past decade, these methods usually suffer from a significant
degradation of performance if the scenes are too less or noisy in-
formation to find correct matched pixels, e.g., low-textured surface,
specular reflection, depth discontinuity, etc.

Recently, methods [6-12] based on convolutional neural network
(CNN) have shown their strengths that they can precisely recover
3D object locations/depths in complex scenes benefiting from the
CNN’s powerful capability of semantic reasoning. Their high per-
formance significantly relies on a large amount of labeled data for
supervised training. However, ground-truth disparity/depth map
is usually scarce and hard to acquire, resulting in an overfitting
problem consequently. The conflict becomes more intense when it
comes to the medical data. For instance, in our case only 25 of total
in-vivo stereo endoscope images have labels while thousands are
infeasible to annotate.

To lower such label dependency in the medical domain, some
methods [13, 14] proposed to first pre-train CNN models on some
simulated or synthetic images whose labels are easy to obtain, and
then adapted the pre-trained CNN models to the real scenarios
via Transfer learning. Mahmood et al. [13] first built 3D virtual
colon models, and then simulated many training images as well as
their exported depth maps as ground-truths. A supervised depth
estimator was trained on the fake data, and transferred to the real
human data by domain adaptation. Similarly, Visentini-Scarzanella
et al. [14] used an endoscopic video simulation of simple bronchial
phantom models to train their network, and then converted video
frames of complex phantom into frames similar to simple phantom
by utilizing RGB rendering transcoder. Although some promising
results have been shown in their cases, the conflict between limited
data and data-driven CNN models is still not addressed by those
methods. They just pass on the difficulties to another task of transfer
learning that is also considerably challenging.

Fortunately, there is a family of CNNs [11, 12, 15, 16] can be
trained requiring no label or only partial labels, a.k.a., unsupervised
or semi-supervised CNNs. Godard et al. [11] proposed to train an
unsupervised network for natural stereo images by maximizing
a left-right disparity consistency instead of minimizing the pixel-
wise loss which requires the ground-truth. Ye et al. [15] adopted a
similar idea of employing an unsupervised Siamese network [11]
but applied it to depth estimation of endoscopic images rather than
natural ones. Li et al. [16] also utilized a disparity consistency of
consecutive frames in a video to train an unsupervised depth and
motion predictor based on monocular data. However, the dispar-
ity/depth maps predicted by those unsupervised CNNs are often
untrustworthy for 3D reconstruction due to a lot of errors, but can
be incorporated to enhance the supervised CNNs, which forms the
basic idea of semi-supervised learning approaches.

Among the existing semi-supervised methods, Teacher-Student
Network (TSN) [17-24] handles the situation that there are far more
unlabeled data than labeled data, and thus presents a potential solu-
tion for 3D reconstruction of stereo endoscope image. TSN typically
trains a teacher model in a supervised manner using labeled data,
and then assigns numerous unlabeled data pseudo labels. Based on
an assumption that among those pseudo labels correct predictions
are dominant and consistent while errors are divergent, a student
model can distil useful knowledge from plenty of training images
assisted by pseudo labels, yielding more robust and generalized
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performance than the teacher model. However, the assumption
why TSN works hardly hold if directly applying TSN on stereo
endoscope images because the labeled data is too few to train a
reliable teacher model, which will produce corrupted pseudo labels
consequently and thus only teach out a worse student model.

To solve this dilemma, in this paper we proposed an improved
TSN by introducing two novel modules, i.e., a semi-supervised
teacher model and a confidence network, to not only guarantee
more accurate pseudo labels but also suppress possible induced er-
rors for teaching a student model. Specifically, the semi-supervised
teacher model consists of a disparity estimation network (i.e., DEnet)
and a Discriminator. For each input stereo image pair (i.e., left and
right images), DEnet predicts a disparity map which is aligned
with the left image, and meanwhile the Discriminator measures
a distance, (e.g., Wasserstein distance [25]), between distributions
of teacher-predicted disparity maps and ground-truth ones. If the
input stereo image pair has labels, a pixel-wise loss is minimized,
otherwise, the distribution distance derived by the Discriminator is
minimized instead. Thanks to the assistance of numerous unlabeled
data, the proposed semi-supervised teacher model is expected to
avoid overfitting and improve the reliability of pseudo labels com-
paring to a supervised teacher model. In addition, a confidence net-
work (i.e., Confnet) is further trained to estimate a confidence map
for each teacher-predicted disparity map, where possible wrong
predictions can be suppressed by low confidence weights. By dis-
tilling knowledge from more accurate and error-suppressed pseudo
labels, a student model with the same architecture as the teacher
model can be taught to achieve a better performance. To the best
of our knowledge, our work is the first try that exploiting a semi-
supervised learning via improving TSN for disparity estimation of
stereo endoscope image.

In summary, our main contributions are listed:

1) We propose a semi-supervised teacher model based on adver-
sarial learning which can avoid overfitting by taking advantage of
both labeled and unlabeled data, and thus produce reliable pseudo
labels.

2) We train a confidence network for identifying possible errors
to make teacher-predicted pseudo labels further denoised. Combin-
ing both semi-supervised teacher model and confidence network,
an improved TSN method can be developed to teach out a better
student model for a robust disparity estimation even though a few
labels are available.

3) The experimental results on a public endoscopic dataset demon-
strate the effectiveness of the semi-supervised teacher model and
the confidence network. The taught-out student model based on
more accurate and denoised pseudo labels achieves a superior per-
formance than the state-of-the-arts [7, 9] by reducing the averaged
disparity error by at least 13.5% (from 0.89 pixels to 0.77 pixels in a
1024x1280 image).

2 METHOD

Figure 1 gives an overall architecture of our proposed improved TSN
which consists of three major components, i.e., a semi-supervised
teacher model, a confidence network, and a student model. In this
section, we will detail each component, and describe the unsuper-
vised and supervised training strategies respectively.
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Figure 1: An overall architecture of our proposed improved Teacher-Student Network.

2.1 Semi-supervised Teacher Model for Reliable
Pseudo Labels

The semi-supervised teacher model consists of a disparity estima-
tion network (i.e., DEnet) and a Discriminator as shown in the
top-left image of Figure 1. Note that the student model is also a
DEnet with the same architecture as the teacher model but with-
out weight sharing. To avoid misleading, we denote DEnetT and
DEnetg to the teacher and student model respectively.

2.1.1 Disparity estimation network. Given a stereo image (I, I),
where I; and I, represent the left and right color images with the size
of HxWx3, our DEnet first utilizes a shared sub-network to extract
two feature maps for I; and I, respectively, and then estimates a
disparity map d aligned with the I; based on the calculated cost
volume as shown in the bottom image of Figure 1.

Although using the cost volume for disparity estimation is pro-
posed by [8], we detail it to make this work self-included. Specifi-
cally, we employ a truncated ResNet-50 [26] to extract image fea-
tures which down-samples the original image size four times. For
each image, the extracted feature map F with the size of H/4xW/4x32
is composed by concatenating and compressing the side outputs of
last three layers.

The key idea of cost volume is to construct a disparity searching
space by aligning F; and F, of the left and right images at differ-
ent disparity-levels. To this end, we first determine the maximum
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searching disparity-level as S, and then horizontally translate Fj to
the left for s pixels at the s-th disparity level, where s = 1,2, ...,5/4.
Theoretically, F; should be translated along the epipolar line. Since
the stereo image pairs are pre-calibrated, the epipolar line for each
pixel is horizontal. The translated feature map F;@s at s-th dispar-
ity level is then concatenated with F, along channel. The final cost
volume is thus formed by combining these concatenated feature
maps across all disparity levels, yielding a 4D volume with the size
of H/4xW/4xS/4x64.

After that, we utilize a 3D Attention CNN to convert the cost vol-
ume to a soft-maxed voting space volume with the size of Hx WxS,
whose map at s-th channel indicates a probability map of dispar-
ities being s pixels. The disparity map d with the size of HxW is
finally obtained by calculating expected disparity levels based on
those probability maps. The 3D Attention CNN consists of a three
cascaded U-nets, each of which replaces its last encoder with the
channel attention mechanism [27] to further enhance interenden-
cies of cost volume across different disparity levels.

Typically, DEnetr is trained to minimizing the pixel-wise dis-
tance between its prediction d and the corresponding ground-truth
zf, which, on the one hand, wastes the information carried by a
plenty of unlabeled images without d, and, on the other hand,
makes the model overfit for the number of d is limited. For ex-
ample, this study includes 25 stereo endoscope videos consisting of
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Figure 2: The supervised training for the teacher model and
the confidence network.

thousands of frames, while only the first frame of each video has
ground-truth d. To avoid unnecessary waste and overfitting, we
introduce a Discriminator to approximate the distribution distance
between predictions and ground-truths. Minimizing the distance
can derive helpful gradients for updating DEnett even if feeding
unlabeled images.

Specifically, we treat the left image and its teacher-predicted
disparity map (I}, d) as a fake pair, and (I, cf) as a real pair. Note
that these two pairs do not have to come from the same video frame
in order to include all unlabeled frames. Inspired by PatchGan [28],
the Discriminator utilizes four convolutional layers sequentially to
convert each image-disparity pair, i.e., (I}, d) or (I, d) , to a score
map, each entry of which indicates a chance of its receptive field
belonging to a real pair. By doing so, DEnetT can be trained in both
supervised and unsupervised manners.

2.1.2  Unsupervised Training. The dataset with total n stereo image
pairs contains m pairs with ground-truth disparity maps (m < n).
We denote the entire dataset and the labeled subset as N and M
respectively for convenience of understanding. The Discriminator
is usually trained to approximate a JS divergence (JSD) distance
[29] between the real and fake pairs. However, the JSD distance
derives no gradient if the Discriminator is well trained [25, 30],
which is unhelpful for the convergence of DEnetr. By comparison,
Wasserstein distance [25, 30] can derives useful gradients to guide
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DEnetr in any case. Specifically, the Wasserstein distance Lyns is
approximated as follows:

Luns = max {EM [D (1,, d)]
—En [D (I;,d)] = Rp}, w.r.t. Discriminator

(1)

Where Epj means sampling real pairs from M, and Ejy is sampling
fake pairs from N, D(-) is the averaged score of the score map
predicted by the Discriminator, Rp is used for enforcing the 1-
Lipschitz constraint of D, and details of it can refer to [25].

DEnett has to minimize the approximated distance, a.k.a., to fool
the Discriminator by confusing teacher-predicted disparity map d
with d. Therefore, the final objective of unsupervised learning for
DEnetr is formulated as follows

w.r.t. DEnet

()

Note that, even though Ly is approximated by incorporating
both labeled and unlabeled data, minimizing it w.r.t. DEnetr only
requires unlabeled ones if the Discriminator is fixed, having the
teacher model being optimized in an unsupervised manner.

min Lyps,

2.1.3  Supervised Training. As shown in Figure 2, we employ the
smooth L1 loss as a pixel-wise distance between the prediction and
the corresponding ground-truth d to train DEnet in a supervised
manner. The smooth L1 loss is computed as follows:

0.5x2,
|x| = 0.5,

if x| <1
otherwise

smoothy, (x) = { (3)

Typically, the smooth L1 loss treats all pixels equally, which
could be problematic for the long-tail phenomenon, i.e., a large
number of pixels fall into a small depth range since doctors often
operate the endoscope to observe nearby tissues or organs, making
the model tend to predict small depth values. To deal with this, we
propose to pay more attention to the distant depth regions, and use
the depth-aware smooth L1 loss for DEnetr as follows:

4)

where N is the number of labeled pixels, a; is defined as the
normalized d, and thus 1/ay can act as a depth aware attention
map that makes the model focus more on distant depth regions.
When the depth increases, the corresponding weight will also in-
crease linearly. It should be noted that due to the characteristics of
structured light measurement, the ground truth can not cover the
whole image densely, leaving some vacant positions like the one
in Figure 2. Therefore, these unlabeled pixels are excluded when
calculating the L.

N
N 1 N
Lsup(d,d) = Z o smoothy, (d — d)

2.2 Confidence Estimation Network for
Suppressing Possible Errors

The trained DEnett processes all unlabeled stereo frames and yields
pseudo labels for guiding the following student network. Although
the reliability of those pseudo labels could be improved by the
proposed semi-supervised teacher model, possible errors among
them can still have a negative impact on the learning of student
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Table 1: Comparison results for the ablation study. UIT indicates using how many unlabeled images for training, e.g., 0.5 means

a half of image suppressed by its confidence map.

Methods UIT > 1px (%) > 2px (%) >3px(%) EPE (px)

Supervised DEnetr - 25.93+9.92  7.01+4.84  2.81+2.46 0.91+0.11
Semi-supervised DEnett 1000  24.75+9.22  6.51+4.11  2.59+2.15  0.88+0.10
DEnetg-Base 1000  24.61+9.70  6.59+4.36  2.60+2.22 0.87+0.10
DEnets-D 1000  24.11+9.36  6.01£3.90 2.22+1.94 0.83+0.10
DEnets-C 883.4 23.11+10.13 5.85+3.98 2.16+1.94  0.81+0.12
DEnets-C&D 913.9 22.32+9.66 5.51+3.72 2.04+1.87 0.77+0.10

model. Therefore, we introduce a confidence network (i.e., Confnet)
to estimate how accurate the prediction of DEnetr is.

As shown the top-right image of Figure 1, we develop an encoder-
decoder architecture as our Confnet to convert a predicted disparity
map concatenated with its original left image into a confidence
map, C = Confnet (I;,d). The encoding blocks consists of 3 convo-
lutional layers, followed by 3 decoding layers to restore the original
resolution. Outputs of these layers are activated by LeakyReLU
function. At last, a convolutional layer with a 3x3 kernal followed
by a sigmoid function produces a confidence map with each entry
ranging from 0 to 1.

For training Confnet, we first determine how accurate the pre-
dicted d is. Specifically, for the i-th predicted disparity in d we

consider it as an accurate one and assign it a label 1 if |di - (i,| <3

pixels, or assign it a label 0 otherwise. By doing so, we can obtain a
ground-truth map C for each Confnet-estimated confidence map
C. And then we can train Confnet by minimizing the difference
between C and C:

N
Leons = ) (Clog(C) + (1= C)log(1-C))

where N is the number of labeled pixels.

®)

2.3 Student Model For Distilling Knowledges

The bottom image of Figure 1 shows how to utilize pseudo labels
and their corresponding confidence maps to train a student model.
Specifically, given a pseudo label d and its corresponding confidence
map C, the student model DEnets is optimized based on an error-
suppressed Smooth L1 loss by using C as a weight map. Note that for
those labeled data, we can still use their ground-truths for training
the student model based on depth-aware smooth L1 loss in Eq. 4.
The final loss can be formulated as follows:

Lsup (dSsdA) if (I,I;) eM

Lstu = {
C- Lsup (ds, DEnetr (I, Ir))

where d; is a predicted disparity map by the student model
ds = DEnets (I, I,).

In addition, we mask out the values of those predictions on the
reflective regions when calculating L, to avoid potential negative
affects on the training. Specifically, we discard those pixels of an
image if their saturation value is less than 0.1 and intensity value
is greater than 0.9. Moreover, an auxiliary loss proposed in [11] is

(6)

otherwise
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employed to encourage a smooth predicted disparity map. Same
procedures are also performed to the teacher model.

3 EXPERIMENTS

3.1 Datasets and Evaluation metrics

Stereo Correspondence and Reconstruction of Endoscopic
Data (SCARED) is a medical scene dataset [31]. This dataset con-
tains binocular images of fresh porcine cadaver abdominal anatomy.
There are 7 sub-datasets obtained from 7 pigs, each of which con-
tains 5 keyframes. The keyframes consist of binocular keyframe
images, sequence video frames with the size of 1024x1280 and the
corresponding depth. The video frames depth is interpolated from
the keyframe depth according to the transformation matrix relative
to the keyframe camera position.

We find that among 7 sub-datasets, only 5 sub-datasets can be
used as the labeled images (5x5=25 keyframes in total); other two
sub-datasets have wrong calibration parameters and cannot be used
as training datasets.

Scene Flow datasets are synthetic stereo datasets [10], includ-
ing Flyingthings3D, Driving and Monkaa. The datasets provide
35,454 training and 4,370 testing images with the size of 960x540
as well as accurate ground truth disparity maps. It is the most
commonly used dataset to train a deep network from scratch.

Evaluation metrics We conducted leave-one-out experiments
on the 5 usable sub-datasets. The end-point disparity error (EPE)
and percentages of 1-px, 2-px, 3-px disparity outliers on 5 sub-
datasets are averaged and reported. EPE is defined as the mean
average disparity error in pixel unit. The outliers are defined as the
pixels whose disparity errors are larger than the threshold (1-px,
2-px, 3-px). The evaluation results are also reported on Scene Flow
datasets.

3.2 Training Details

For training, 20 labeled images were selected as trainset and another
5 as testset. No subject was cross-used in the trainset and testset.
We performed data augmentation on the labeled images, including
horizontal flipping, random gamma and brightness shifts. Another
1000 unlabeled images were selected from the video frames at
intervals.

We trained the semi-supervised teacher network and the confi-
dence network jointly for 100 epochs. The Discriminator and the
teacher model DEnetr were trained alternately to play the min-
max game like other GAN-based approaches [25]. Gradients derived
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Figure 3: Error maps of ablation study on SCARED images. The left panel shows the left input image of stereo image pair. For
each input image, the error maps obtained by different settings of our model are illustrated. Different colors indicate absolute

distances between predicted disparity and ground truth.

from L., ¢ were used to update Confnet only. The student model
was trained for 100 epochs after the semi-supervised teacher model
was well-trained.

Our model were implemented using PyTorch on NVIDIA GeForce
Titan-RTX GPU with batch size of 8. All models were trained with
Adam optimizer [32] ($1=0.9, f2=0.999). The initial learning rate
of DEnet was set to 0.001 and decayed by 0.5 every 20 epochs.
The learning rate of Confnet was 0.0001. It’s worth noting that
we pretrained a DEnet for 10 epochs using the Sceneflow dataset
following PSMNet [7].

3.3 Ablation Study

In order to exam the effectiveness of our proposed improve TSN,
we train two teacher models in a supervised and semi-supervised
manner respectively, i.e., Supervised DEnetr and Semi-supervised
DEnetr. Four versions of student model are compared: 1) DEnets-
Base trained based on those assigned by Supervised DEnetr, 2)
DEnets-D trained based on pseudo labels assigned by Semi-supervised
DEnetr, 3) DEnets-C trained based on error-suppressed pseudo
labels by both Supervised DEnetr and its Confnet, and 4) DEnetg-
C&D trained on error-suppressed ones by both Semi-supervised
DEnetr and its Confnet. Comparison results of these student and
teacher models are shown in Table 1.

By comparing the results of Supervised DEnetT and Semi-supervised

DEnett, we can find that using all unlabeled images indeed im-
proves the quality of predictions of teacher model, which promises

a more reliable pseudo labels for teaching the student model. Also,
as can be seen in Table 1, the student models are consistently im-
proved comparing with their corresponding teacher models, which
implies that semi-supervised learning based on teacher-student
network is an effective solution to our task for those unlabeled data
carries useful information which was ignored by previous works.

Comparison results between DEnets-Base and DEnets-D demon-
strate that distilling knowledge from more accurate pseudo labels
make the teach-out student model more robust, which well justify
our motivations, i.e., more reliable pseudo labels are provided, more
effective a student model can be taught. Interestingly, we find that
DEnets-C can achieve a comparable performance to DEnetg-D with
more than 10% wrong predictions suppressed (from 1000 to 883.4),
which verifies the key role of our proposed Confnet to improve
TSN. It is worth noted that after error suppressing, the number
of unlabeled images for training is increased from 883.4 to 913.9
since Semi-supervised DEnetT can provide less noisy predictions,
reducing a data waste possibly induced by introducing confidence
maps. At last, DEnets-C&D achieves the lowest error among all
versions of student model, well demonstrating the effectiveness our
proposed semi-supervised teacher model and confidence network
for improving the quality of knowledge for teaching.

Figure 3 visually shows the results of compared four versions
of student model. These visualized error maps for each student
model is obtained by computing the absolute distance between the
predicted disparity and the ground truth. Areas with large errors
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(c) Ji et al. [33] (d) Ours

Figure 4: Error maps of predicted disparity on SCARED images. The left panel shows the left input image of stereo image pair.
For each input image, the error maps obtained by various methods are illustrated. Different colors indicate absolute distances

between predicted disparity and ground truth.

(a) Supervised
DEnety

(b) Semi-supervised
DEnet

Figure 5: Prediction of unlabeled SCARED images by the
teacher model. The first row and the second row are the
predicted disparity maps and corresponding confidence maps
respectively. Darker areas in the confidence map represent
lower confidence.

are zoomed in and indicated by red dashed rectangles. As can be
seen, DEnets-C&D achieves the best performance especially in
areas with reflection and depth discontinuity.

Figure 5 illustrates the predicted disparity map and correspond-
ing confidence map of unlabeled images by Supervised DEnetr and
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Semi-supervised DEnet7. The visualized confidence maps demon-
strate that the Confnet can localize the potential error effectively
and suppressed it with lower weights.

3.4 Comparison with the State-of-the-arts

We compared with several state-of-the-art methods including SGM
[33], GAnet [9], PSMnet [7] and Ji et al. [34]’s work. SGM! is a fa-
mous traditional stereo matching method, and was tuned to achieve
the best performance by setting aggregation paths Dir = 8, smooth-
ness penalties P1 = 7 and P2 = 100. For GAnet and PSMnet, we made
a direct usage of the source codes and tuned their hyper-parameters.
For Ji et al. [34]’s method, We strictly followed the paper for reim-
plementation and adopted the same hyper-parameters as ours pre-
sented in Sec. 3.2.Ji et al. [34] adopted a similar idea with us, which
utilized two discriminators to train the depth estimation network
in a semi-supervised manner. In contrast, we do not directly output
predictions of the semi-supervised depth estimator, but use them
to lead a better student model with possible errors suppressed.

3.4.1 SCARED dataset. The comparison results on the SCARED
dataset are listed in Table 2, from which we can have three key
observations. First, by comparing the first three rows, we can find
that the CNN-based methods achieve better performances than
SGM, demonstrating a powerful reasoning capability of CNNs. Sec-
ond, the comparison results from the 2nd to 4th rows verify that

! Available in Opencv.
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Table 2: Performance comparison with SCARED test sets

Methods >1px (%) >2px (%) >3px (%)  EPE (px)

SGM [33] 30.04+£11.52  8.67+6.22 3.71£3.13 1.25+0.14
GANet [9] 25.36+11.16  7.04+4.97 2.96+2.46 1.01+0.20
PSMNet [7] 26.53+10.16  7.25+4.91 2.88+2.46 0.92+0.12
Jietal [34] 25.51£9.72 6.70+4.69 2.62+2.33 0.89+0.11
Ours 22.32+9.66 5.51+3.72 2.04+1.87 0.77+0.10

Table 3: Performance comparison with Scene Flow test sets

Methods >1px (%)  >2px (%) >3px (%)  EPE (px)
GANet [9] 10.03 5.44 3.96 0.93
PSMNet [7] 10.40 5.69 4.18 0.95
DEnet 9.73 5.28 3.90 0.91

the ignored information carried by those unlabeled images can
help boosting the performance of disparity estimation significantly.
Third, our method surpass all other methods including a semi-
supervised model based on adversarial learning [34], which well
demonstrates the superiority of our improved TSN. Comparing
with them, the EPE value is reduced by 22.77%, 14.29%, 13.48%
respectively.

Figure 4 illustrates error maps of these CNN-based methods and
ours. Areas with large errors are zoomed in and indicated by red
dashed rectangles. The results qualitatively show the robustness of
our method than other methods at the edge of the organ and the
flat area.

3.4.2  Scene Flow dataset. To make this work consistent with oth-
ers, we also evaluate the performance of the supervised DEnet
separately on Scene Flow test sets. Comparison results in Table 3
show that the supervised DEnet achieves a slightly better perfor-
mance than GANet and PSMNet by reducing EPE by around 3%.
A further 10% improvement can be expected if introducing extra
images with no need to label them.

4 CONCLUSION

In this paper, we proposed an improved Teacher-Student Network
to robustly estimate disparity maps for stereo endoscopic images.
We proposed a semi-supervised teacher model based on adversarial
learning to guarantee more reliable and less noisy pseudo labels.
Also, we introduced a confidence network to estimate the relia-
bility of those pseudo labels, and further suppress possible errors.
With more accurate and denoised pseudo labels, the student model
is taught out to have better performance of disparity estimation
even for those regions hard to predict, e.g., flat, reflective surfaces.
The experimental results on public endoscopic dataset (SCARED)
demonstrate a superior performance of our improved TSN com-
paring with other state-of-the-arts including both supervised and
semi-supervised methods. This work can enable preoperative reg-
istration and VR/AR technology applications in varied surgical
systems, and the future work includes exploring more advanced
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techniques, e.g., self-supervised learning, to further improve the
reliability of pseudo labels.
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