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Abstract— Light field (LF) images enable numerous applica-
tions due to their ability to capture information for multiple
views. Semantic segmentation is an essential task for LF scene
understanding. However, existing supervised methods heavily rely
on a large number of pixel-wise annotations. To relieve this
problem, we propose a semi-supervised LF semantic segmen-
tation method that requires only a small subset of labeled data
and harnesses the LF disparity information. First, we design an
unsupervised disparity estimation network, which can determine
the disparity map for every view. With the estimated disparity
maps, we generate pseudo-labels along with their weight maps
for the peripheral views when only the labels of central views
are available. We then merge the predictions from multiple
views to obtain more reliable pseudo-labels for unlabeled data,
and introduce a disparity-semantics consistency loss to enforce
structure similarity. Moreover, we develop a comprehensive
contrastive learning scheme that includes a pixel-level strategy
to enhance feature representations and an object-level strategy
to improve segmentation for individual objects. Our method
demonstrates state-of-the-art performance on the benchmark LF
semantic segmentation dataset under a variety of training settings
and achieves comparable performance to supervised methods
when trained under 1/2 protocol.

Index Terms— Light field (LF), semi-supervised semantic seg-
mentation, disparity map, contrastive learning.

I. INTRODUCTION

EMANTIC segmentation, an essential task in computer
Svision, aims to assign a semantic class to each pixel
within an image, facilitating a comprehensive understanding
and analysis of a scene. It plays an important role in numerous
applications, such as autonomous driving, robot navigation,
and medical image analysis. Nowadays, the advancements
in deep learning techniques have significantly improved the
performance and efficiency of semantic segmentation. As a
result, a variety of learning-based methods have been devel-
oped to address semantic segmentation for different types
of input data, including single RGB images [1], [2], RGB-
D images [3], [4], and video sequences [5], [6]. Despite
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these advancements, the field of semantic segmentation for
light field (LF) images still remains relatively unexplored.
LF images, which capture both intensities and directions of the
light rays [7], offer a wealth of information for multiple views.
This unique characteristic provides rich geometric information
about the scene and enables many applications [8], such as
post-capture refocusing [9], depth estimation [10], [11], [12],
3D scene reconstruction [13], and salient object detection
[14], [15].

Existing methods for LF semantic segmentation [16], [17],
[18] all employ supervised learning approach, and thus
inevitably suffer from a heavy demand on per-view pixel-wise
annotations. To relieve this labor-intensive effort, a semi-
supervised method, which requires only a small subset of
labeled data along with a larger set of unlabeled data, is highly
desirable. Different from conventional images, LF images
present an opportunity for unsupervised disparity estimation
through the matching of correspondences among different
views, which is typically trained by the photo-consistency
loss. The LF disparity information could be highly valuable in
facilitating LF semantic segmentation. However, most existing
LF disparity estimation methods [11], [19], [20], [21], [22],
[23] can only output the disparity map of the central view,
which restricts their potential in assisting semantic segmenta-
tion. To overcome this limitation, we develop an unsupervised
disparity estimation network that can estimate disparity map
for every view. We then leverage the disparity information
to enhance the performance of semantic segmentation in
scenarios with limited labeled data.

To the best of our knowledge, this is the first attempt at
semi-supervised semantic segmentation for LF images, specif-
ically harnessing the inherent disparity information available
in LF images to assist in the training of semantic segmentation
when labeled data is insufficient. We propose to leverage
disparity information in the following approaches: 1) The
disparity map of each peripheral (non-central) view is used
to generate its pseudo-label and weight map when only the
label of the central view is available, thereby enhancing data
usage efficiency. 2) The predictions of multiple views from a
teacher network are merged in accordance with the estimated
disparity map to generate more reliable pseudo-labels for
unlabeled data. 3) The disparity map serves as a structure
reference for the predicted probability map of unlabeled data.
4) Feature alignment within the segmentation network is
facilitated by using the disparity map when integrating features
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Fig. 1. The overall structure of our semi-supervised semantic segmentation
method. The estimated disparity maps from the unsupervised disparity estima-
tion network facilitate feature alignment for multi-view feature fusion within
the segmentation network. Moreover, the disparity maps are used to generate
pseudo-labels for peripheral views, merge multi-view predictions, and provide
a disparity-semantics consistency constraint for unlabeled data to enhance the
training of the segmentation network. In addition, contrastive learning at both
the pixel level and object level is employed during training to further enhance
the segmentation performance.

from multiple views. Additionally, we introduce contrastive
learning at both pixel and object levels by collecting high-
quality pixel-level and object-level features. In contrast to the
existing methods [24], [25], [26], [27] that employ contrastive
learning only at the pixel level, our contrastive learning scheme
goes beyond and incorporates an object-level strategy, which
imposes constraints on each semantic class from a global
perspective to further improve the segmentation performance.
Fig. 1 illustrates the overall structure of our semi-supervised
semantic segmentation method. We evaluate our method on
the challenging benchmarks for LF semantic segmentation:
UrbanLF-Real and UrbanLF-Syn datasets [17]. Our main
contributions are summarized as follows:

« We develop an unsupervised disparity estimation net-
work capable of estimating the disparity map for each
view. Leveraging this disparity information, we generate
pseudo-labels with their pixel-wise weights for unlabeled
views, merge the predictions from multiple views and
introduce a disparity-semantics consistency loss, thereby
facilitating semantic segmentation learning.

« We propose a comprehensive contrastive learning scheme
that incorporates a pixel-level strategy to enhance feature
representations and an object-level strategy to improve
object segmentation.

o The experimental results demonstrate that our method
outperforms other semi-supervised methods across var-
ious training settings and achieves comparable perfor-
mance to supervised methods under 1/2 training protocol.

II. RELATED WORK
A. Semi-Supervised Semantic Segmentation

Most existing semi-supervised semantic segmentation meth-
ods were developed for single images. Hung et al. [28]
employed the Generative Adversarial Network (GAN), where
a discriminator was trained to output confidence maps for the
pseudo-labels of unlabeled data. Mittal et al. [29] proposed a
two-branch framework, which combines a GAN-based branch
to enhance segmentation performance and a semi-supervised
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classification branch to remove false-positive predictions from
the segmentation map. There are some methods focusing
on consistency regularization. For example, Chen et al. [30]
proposed a cross-pseudo supervision strategy, where two seg-
mentation networks were trained, with each network providing
pseudo-labels to guide the training of the other network.
Zhong et al. [27] explored consistency in the label space by
enforcing the predicted labels invariant to augmentations.

The Mean Teacher method [31] is commonly used in
semi-supervised semantic segmentation. Liu et al. [32] intro-
duced a new auxiliary teacher and generated pseudo-labels
using an ensemble of two teachers. In addition, contrastive
learning is often employed to enhance feature representations.
Some methods [25], [26], [27] used the InfoNCE loss [33].
In particular, Wang et al. [26] proposed to utilize unreliable
pseudo-labels and construct a memory bank to store negative
samples. Alonso et al. [24] proposed a scheme that uses only
positive samples. It incorporates a memory bank to store
high-quality feature vectors from labeled data and a class-wise
attention module to determine the weight for each vector.
Its contrastive loss enforces similar pixel-level feature repre-
sentations within each class. However, the above-mentioned
contrastive learning schemes all operate at the pixel level, dis-
regarding the global segmentation performance of individual
classes. In contrast, our work extends the contrastive learning
to the object level to further improve object segmentation.

B. Light Field Semantic Segmentation

The earlier studies on LF segmentation primarily focused
on pixel grouping without explicitly incorporating semantic
information. For instance, Wanner et al. [34] developed a vari-
ational framework to assign labels consistently for all the
views. Hog et al. [35] proposed a ray-based graph structure
for interactive LF segmentation, leveraging Markov random
field-based optimization for improved efficiency. Lv et al. [36]
presented a LF-hypergraph representation using super-pixels
and developed a segmentation algorithm based on graph-cut
optimization.

Regarding LF semantic segmentation, Jia et al. [16] created
a dataset and designed a convolutional neural network (CNN)
with spatial-angular feature extraction to achieve semantic
segmentation. However, a drawback of their dataset is that
each LF image contain only a small number of foreground
objects, which restricts its generalization and applicability in
highly complex real-world scenes. Sheng et al. [17] developed
a more challenging dataset comprising 14 semantic classes,
addressing the limitation of the previous dataset. Additionally,
they proposed two baseline networks, namely PSPNet-LF
and OCR-LF, which include an additional branch dedicated
to extracting features from the stacked views in different
directions. Yang et al. [37] proposed the LFRSNet, which
incorporates contextual feature extraction for occluded region
perception and geometric feature extraction for segmentation
edge refinement. Cong et al. [18] developed the LF-IENet,
which combines implicit feature integration with self-attention
and cross-attention and explicit feature propagation using
disparity maps. The above-mentioned methods all adopt super-
vised training and primarily focus on the design of complex
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(a) Input view pairs. The two views for stereo matching are from the same row and framed by the same color, ensuring that the disparity maps

for every view can be obtained by our framework. (b) Unsupervised disparity estimation network. The two views Xjefy and Xyighe are fed to a shared feature
extractor. The extracted 1/2-scale feature maps and full-scale feature maps of the two views are matched using the initial disparity samples from s; and the

1/2

residual samples from s, to obtain the 1/2-scale initial disparity maps d1 oft

and d

~1/2 . ~1/2 ~1/2
right® and the residual maps riefe and rghe. dyy and d

right 1€ upsampled

and added to riefy and rjgp to obtain the final disparity maps dleﬁ and dnghl' The view reconstruction loss Ly is employed for unsupervised training.

network architecture to achieve semantic segmentation for the
central view of each LF image. Unlike them, our objective
is to develop effective training strategies for semi-supervised
LF semantic segmentation. The key focus is on leveraging
LF disparity information to enhance data usage efficiency
and generate more reliable pseudo-labels, thus reliving the
dependence on a large number of pixel-wise annotations
during training.

III. PROPOSED METHOD

In this section, we first describe our unsupervised disparity
estimation method in Sec. III-A. Following that, we present
our semi-supervised LF semantic segmentation method that
utilizes disparity information in Sec. III-B. Finally, we intro-
duce our contrastive learning scheme in Sec. III-C.

A. Unsupervised Disparity Estimation

A LF image is represented as X € RU*V>3xHXW “where
U x V corresponds to the angular resolution, and H x W rep-
resents the spatial resolution. The angular position is indexed
by (u, v), while the spatial position is indexed by (h, w). For
convenience, a single view at an arbitrary angular position is
denoted as x = X(u,v) € R>*H*W_ According to the LF
geometry, the relationship between the view at (u, vi) with
disparity map d; and the view at (u3, v2) is given by

X(uy, vy, hyw) = X(uz, vy, h +di(h, w) - (u; —uz),
w+di(h, w) - (v — v2)). 1

Note that the warping operation is performed according to this
relationship.

Fig. 2 illustrates the architecture of our unsupervised dispar-
ity estimation network. In the case of a 9 x 9 LF image, two
views that are from the same row and framed by the same color
are paired and input to the network. The left view Xjefy and
the right view Xyjep are first fed to a shared feature extractor.
The feature extractor consists of three branches to extract full-
scale, 1/2-scale and 1/4-scale features using residual blocks.
These features at different scales are fused by rescaling and
addition to integrate multi-scale information. The resulting
fused features at the 1/2 scale and full scale are then used

for subsequent feature matching. The 1/2-scale feature maps
extracted from the two views are matched according to a set of
initial disparity samples (represented as a vector sy) to derive
the 1/2-scale cost volumes. The left cost volume is constructed
by warping the right feature map using each sample from sy
to align with the left feature map. Group-wise correlation [38]
is computed to measure the feature similarities within each
group. The right cost volume is constructed in a similar way.
However, in this case, the left feature map is warped to align
with the right feature map. The two cost volumes, each with a
shape of G x D x % X % (where G is the number of groups
and D is the number of disparity samples), are fed to several
cascaded cost filters separately. Each cost filter comprises 3D
convolutional layers and follows a U-shape structure, where
the cost volumes are first downsampled and subsequently
upsampled to recover the original spatial resolution. Skip
connections are incorporated at different scales to facilitate
information flow. Following that, disparity regression [39] is
employed to obtain the initial 1/2-scale disparity maps afe/ff
and drll/ it for the two input views.

The 1n1t1a1 disparity maps are not sufficiently accurate due to
the coarse disparity sampling at a small scale. To address this
issue, a refinement branch with residual samples (represented
as a vector s,) at a finer scale is introduced to improve
the accuracy. The full-scale feature maps extracted from the
two views are matched using the addition of each residual
sample from s, and the initial disparity maps d1 it 2 and drll/git
to construct the full-scale cost volumes, each with a shape of
G x D x Hx W. Then, the two cost volumes are fed to the cost
filters shared with the coarse branch, followed by a residual
regression to obtain the residual maps riefe and ryjgne. Finally,
the refined disparity maps for the two views are obtained by

diere = 2 x u(&l‘e/ff) + Fiet, ®)
drlght =2x u(drlght) =+ Tright, (3)

where U/ (-) denotes upsampling operation. Note that &leﬂ and
&ﬁgm should be divided by the baseline distance between the
two input views, which is 4 in this case, to obtain the disparity
maps for the adjacent views. With this input strategy, the
disparity maps for each view can be obtained.
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Fig. 3. (a) Semantic segmentation network for n = 1. (b) Semantic
segmentation network for n > 1. (c) Feature fusion module for n = 2.

The unsupervised disparity estimation is trained by the view
reconstruction loss, expressed as

W (Xsight; dier) 11
— W(Xeft; drign) 11 “4)

Lyr = || Xiefe —

+ [ Xright

where W(xright; &left) denotes warping Xright to align with Xief
using d]eft, and || - ||1 is the £; norm. This loss term is also
~1/2
applied to d,; and drl bt
To improve the smoothness of estimated disparity maps,
we apply a structure-aware smoothness loss [40], [41], [42] to
diert and dright, with

Lan = [[IVdier| x exp(—|Vxien)) |,
+ [ Vdrignt| x exp(—n|Vxrign - 5)

where V is a gradient operator and 7 is a hyperparameter to
adjust the degree of structure preservation. Thus, the full loss
for training the disparity estimation network is

Ldisp = Evr + )Lsmﬁsms (6)

where Agpy is the coefficient of the smoothness loss.

B. Semi-Supervised LF Semantic Segmentation Using
Disparity Information

Given a labeled dataset X! = {(Xl, Yc)}, where y. denotes
the segmentation label of the central view, and an unlabeled
dataset X {X“}, our objective is to train a semantic
segmentation model for LF images using both labeled and
unlabeled data.

1) Semantic Segmentation Network: The current semantic
segmentation networks for LF images [16], [17], [18] are
limited to segmenting only the central view. In order to
achieve segmentation for every view, we can adapt a semantic
segmentation network designed for conventional images by
treating each individual view as a separate input, as depicted in
Fig. 3(a), where the encoder can be any pretrained backbone.
Suppose that n is the total number of views input to the
network. In this case, n = 1.

Considering that a LF image comprises multiple views, it is
possible to fuse the multi-view features to obtain richer seman-
tic information, as illustrated in Fig. 3(b). When n > 1, one
reference view (the view to be segmented) and n — 1 auxiliary
views are fed to a shared encoder. The extracted features from
the reference view and the auxiliary views are combined using
a feature fusion module. The fused features are then passed
through a decoder to obtain the segmentation map for the
reference view.
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Fig. 4. Pseudo-label generated by disparity. The central label y. is warped
according to the estimated disparity map d of the view xl to obtain its
pseudo -label yd The central view xl is also warped using d, and the i image
warping error map is passed through a function ¢ (-) to obtain the weight map
z? for the pseudo-label §9

The feature fusion module is shown in Fig. 3(c), where we
take n = 2 as an example to illustrate its structure. To align the
feature map of the auxiliary view F"* with the feature map
of the reference view F'™, a warping operation on F2'* is
performed using the estimated disparity map of the reference
view. Then, the query Qref, key K and value V™ of the
reference view, as well as the key K™ and value V¥* of
the auxiliary view are derived through linear layers. Self-
attention within F*' is computed with softmax( M)Vrelc
(r is a learnable scale factor), and cross-attention between
F*f and F2* is computed with softmaX(M)Vaux. The
feature maps after self-attention and cross-attention are further
processed by convolution layers and a softmax function to
obtain their attention maps for pixel-wise fusion.

2) Supervised Loss: The segmentation network, parame-
terized by 6, predicts the pixel-wise probability distribution
Py(x) € REXHXW £or each view x, where K is the number
of semantic classes, with each class indexed by k ranging from
1 to K. When training the network using the central view xlc
of the labeled data along with its one-hot encoded label y.,
we employ the cross-entropy (CE) loss, expressed as

Lee = _W k; Yewnw 108 Po (X)) )
w

and the multi-class dice loss [43], with

Kk 2 Z Po (D) [K(w) % Vel w)

L ice — 1-
¢ Z Z PG(XI)[k](h w) + Z Yelklh,w)’

where Py (xlc)[k] and y.[k] denote the prediction and the label
of class k, respectively. Thus, the supervised loss is written as

Esup = Lce + Ldice- 9

3) Pseudo-Labels Generated by Disparity: As only the cen-
tral view of each LF image has segmentation label, there might
not be enough annotations available in the semi-supervised
setting. With the disparity estimation network introduced in
Sec. III-A, the pseudo-labels for any other view can be gener-
ated by using its estimated disparity map and the segmentation
label of the central view.

Fig. 4 provides an example of generating the pseudo-label
and its pixel-wise weight for a peripheral view x'. The central
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Fig. 5.  Mean Teacher structure. The pseudo-label for view x“ is obtained
from the teacher network 6 by merging the probability maps of x* and an
additional view x%. The probability map of x} is warped to align with the
probability map of x* using the estimated disparity map d of x. The merging
mask M is derived from the corresponding image warping error.

label y. is warped using the estimated disparity map d of X!
and the view position distance to obtain the pseudo-label §¢ =
W(y.; d) for x! (superscript d denotes that the pseudo-label
is generated by disparity). Label warping is similar to image
warping, but it employs nearest neighbor interpolation. For
the regions with occlusion or incorrect disparity estimation
that results in significant warping errors, the corresponding
pseudo-label pixels are not accurate, and therefore smaller
weights should be assigned to them. To determine the weight
for each pixel, the central view xlc is warped to align with x/
using d. The weight map z¢ is derived according to the image
warping error using a function ¢(-), with
X — Wi d)|
—

2 = p(x' - Wi d)) =exp (- . (10)

where o is to adjust the decay rate. The weight assigned to
each pixel falls within the range of O to 1 and decreases
as the image warping error increases. Typically, the regions
with smaller weights are commonly observed near the object
boundaries where the occlusion occurs. This can be visualized
in the weight map z%, as shown in Fig. 4.

Once the the central label is provided, the pseudo-labels
and their corresponding weight maps for other views can
be obtained. These pseudo-labels provide additional guidance
for the segmentation network in the absence of ground truth
annotations. In this way, multiple training pairs are available
within each LF image, which greatly improves data usage
efficiency. By combining various data augmentations, more
abundant training data can be utilized by the segmentation
network. The weighted CE loss £yce(+) is applied when using
these pseudo-labels, with

£pd = ewce(P(? (Xl)a id» zd)

1 d <d l
T HW Zz(h,w)%y(k,h,w) log Po () hwy - (11)

h,w

where §¢ is the one-hot representation of 3.

4) Pseudo-Labels Generated by Mean Teacher: We employ
the Mean Teacher method [31] to generate pseudo-labels for
unlabeled data in X', as depicted in Fig. 5. The parameters of
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Disparity map

Segmentation map

Fig. 6. The estimated disparity map along with its edge map Egjgp, and the
predicted segmentation map along with its edge map Egeg.

the teacher network, denoted as 6, are updated using an expo-
nential moving average of the student network’s parameters,
with

6 =ub + (1 —po,

where u € (0, 1) is a smoothing coefficient.

For each view x“, its probability map output by the teacher
network is represented as P,(x"). During training, the pre-
dictions of different views for the same objects may have
differences, especially if the network is not robust enough.
To generate more reliable pseudo-labels and weights by con-
sidering multi-view predictions, the probability map of an
additional view x} is also predicted, written as Pg(xp). Pj(x;)
is warped using the estimated disparity map d of x“ to align
with Pz(x"), expressed as W(Pé(xg); d). The merging mask
M is obtained using the function ¢ (-) in Eq. 10, with

0.5, ¢(x* — W d)) >
0, otherwise

12)

M) = [ . (13)
where y; is a threshold to eliminate the influence of occlu-
sion and inaccurate disparity estimation. Then, the rectified
probability map for x* is derived by merging Pj(x") and
W(Pg(xZ); d), with

PI(x") = (1= M) x Pj(x") + M x W(P;(xt); d). (14)

The pseudo-label §' (superscript ¢ denotes that the

pseudo-label is generated by the teacher network) for view
x" is obtained by selecting the class with the maximum
probability from Pgi (x") at each pixel, and its weight map
7' is determined by

Z = max (P (X") (kb)) X ]l(m,flx (P; (<) knwy) > V2)7
(15)

where 1(-) is an indicator function, and y» is a threshold to
remove the pseudo-label pixels with low confidence.

For the pixels with low confidence (1(z" = 0)), we apply
an entropy loss Le, to minimize their entropies,with

> Po(Ax) log Ps(AK") 4y 1E = 0),
"k hw

Lenzm

(16)

where A(-) represents strong data augmentations [44] and
Nep is the number of pixels included to calculate the entropy
loss. Thus, the total loss using pseudo-labels generated by the
teacher network is the combination of the weighted CE loss
and the entropy loss, expressed as

Lo = buce(Po(AX). 5. 2) + henlen (1)
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Fig. 7. (a) Pixel-level contrastive learning. A pixel-level memory bank is constructed using the high-quality feature vectors of each class from the teacher

network. The loss Lcp enforces the feature vectors from the student network that lead to false and unreliable predictions to be similar to those in the memory
bank. (b) Object-level contrastive learning. A classifier is trained using the labeled data by taking xi X yc[k] as input. The object-level feature vectors of each
class corresponding to correct classifications with the largest confidences are selected to construct the object-level memory bank. The loss L¢o enforces the
feature vectors of the segmented objects x* x Py (x*)[k] to be similar to the feature vectors of class k in the memory bank.

where §' is the one-hot representation of §’, and Ae, is the
coefficient of the entropy loss.

5) Disparity-Semantics Consistency: The disparity map and
the semantic segmentation map exhibit similar boundary struc-
tures. Given this, the estimated disparity map can be used as
a structure reference for the segmentation of unlabeled data.
Thus, we propose a disparity-semantics consistency loss to
constrain the edges extracted from the disparity map and the
segmentation map to be similar. The normalized disparity edge
map Egisp is derived by

x2,1),

where Vd = |d — 7., (d)|, with 7., (-) denoting shifting
the input by one pixel along the horizontal direction, and
multiplying by 2 aims to enhance the edges of objects in the
distance. Moreover, we utilize the edge mask extracted from
the input view x* as a reference for identifying edges and
removing non-edge pixels that arise due to inaccurate disparity
estimation.

The segmentation edge map Eqe, is obtained by calculating
cosine similarity between the predicted probability distribu-
tions of adjacent pixels, with

vd — min(Vd)

= ~ (18)
max(Vd) — min(Vd)

Edisp = min (

Egg = 1— sim(Pg x"), T (Py (x“))), (19)
where sim(-) represents calculating cosine similarity between
two vectors, with sim(py, p2) = %.

Fig. 6 provides an example of extracted edge maps from
the estimated disparity map and the predicted segmentation
map. Note that the edges in the vertical direction are also
derived, but we omit the procedures for simplicity. The
disparity-semantics consistency loss is written as

£cs = “Edisp - Eseg” 1, (20)

which aims to enforce similar probability distributions within
each object and distinct probability distributions near the
object boundaries. Hence, it can also be interpreted as a
semantics smoothness loss.

C. Contrastive Learning

Instead of simply employing contrastive learning at the
pixel-level, we propose a comprehensive contrastive learning
scheme that incorporates an improved pixel-level strategy and
a novel object-level strategy.

1) Pixel-Level Contrastive Learning: We follow the
positive-only scheme [24] to construct a memory bank using
high-quality pixel-level features of each class obtained from
the teacher network, as shown in Fig. 7(a). A projection
layer is introduced to both the student and teacher networks
to output the feature vectors. During each training step, the
memory bank is updated using the top-K feature vectors from
the labeled data that lead to correct predictions with the highest
confidence. In order to focus more on challenging pixels and
reduce memory consumption during training, we pick out
the vectors that correspond to false predictions or correct
predictions with low confidence from the student network to
calculate loss.

Let’s define fé‘ {f’é} as a set of feature vectors of
class k from the student network associated with false and
unreliable predictions, and define F k' — {f*} as a set of feature
vectors of class k from the memory bank. The objective is to
maximize the similarity between the feature vectors from .7-';‘
and F*. Cosine similarity is used as the measurement. Thus,
the pixel-level contrastive loss is expressed as

K|fk||]:k 2 Z Z 1—s1m(fk fk)

k=1 gk e Fk ke F

Lep = 1)

2) Object-Level Contrastive Learning: The dice loss in
Eq. 8 aims to guide the segmentation of each semantic
class from a global perspective. However, when dealing with
the unlabeled data, using only the weighted CE loss and
the pixel-level contrastive loss ignores the global segmen-
tation performance of each class. Therefore, we introduce
an object-level contrastive learning strategy to impose global
constraints on each semantic class.

We first train an auxiliary classifier using the labeled data
to classify the K object classes according to their shapes
and features. The input of the classifier is xlC X Yc[k], which
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contains only the objects of class k. Label smoothing is applied
to y. in order to approximate the probability predictions of
the segmentation network. The trained classifier is utilized
to obtain high-quality object-level features from the labeled
data. For each class, we select the feature vectors that lead
to correct classifications with a confidence greater than a
specified threshold to construct an object-level memory bank,
as shown in Fig. 7(b).

When training the student network with the unlabeled data,
x" x Pyp(x")[k] is input to the frozen classifier. The feature
vector extracted by the classifier is expected to be similar to
the feature vectors of class k stored in the memory bank, which
enforces that the segmented objects can be correctly classified
with high confidence.

Let’s define OF = {qe} as a set of feature vectors extracted
from x* x Py(x*)[k] by the classifier, and define ok = {qk} as
a set of object-level feature vectors of class k from the memory
bank. The object-level contrastive loss encourages the feature
vectors from ng to be similar to those in OF, with

Z Z Z 1—51m(q9, ).

k=1 k quEQk

(22)

co

KIQ"IIQ"

With the aforementioned loss terms, the segmentation net-
work is trained using the combined loss, with

Eseg = Acsup + Lpd + Lpt + AesLes + )"cpﬁcp + AcoLeo, (23)

where Ac, Acp and A, are the coefficients of Les, Lep and
Lo, respectively.

IV. EXPERIMENTS
A. Dataset

We use the UrbanLF dataset [17], [48], which is currently
the only publicly available semantic segmentation dataset
for LF images. This dataset focuses on urban scenes with
14 semantic classes and includes two subsets: UrbanLF-
Real and UrbanLF-Syn. The UrbanLF-Real subset contains
580 real-world LF images for training and the UrbanL.F-Syn
subset contains 280 synthetic LF images for training. Each LF
image consists of 9 x 9 sub-aperture images with pixel-wise
annotation for the central view. Besides the training set, there
are 80 real-world LF images and 40 synthetic LF images with
ground-truth labels available for evaluation. They are randomly
split into an approximate ratio of 1 : 2 for validation and
testing, respectively.

B. Implementation Details

Regarding the disparity estimation network, the initial 1/2-
scale disparity range was set to [—1,3] with a sampling
interval of 0.2, and the residual range was set to [—0.2, 0.6]
with a sampling interval of 0.04. These ranges were deter-
mined according to the disparity range observed across the
entire dataset. The input views were randomly cropped into
256 x 256 patches during training. The hyperparameter 1 in
Eq. 5 was set to 50 and the coefficient Ay, in Eq. 6 was set to
0.1. The learning rate was initially set to 5x 10~ and decayed
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by multiplying 0.9 after every 50 epochs. Our disparity esti-
mation network was trained by the Adam optimizer [49] for
about 200 epochs.

Regarding the  semantic  segmentation  network,
we employed the DeepLabv3+4 [1] architecture with
ResNet-101 [50] and HRNetV2-W48 [51] backbones as
the baseline model. The backbones were pre-trained on the
ImageNet dataset [52]. During training, for each labeled LF
image, we utilized the central view with its ground-truth
label and any other view with its pseudo-label generated
by its disparity map at each iteration. The two views were
augmented differently to increase diversity. o in Eq. 10
was set to 0.5. For each unlabeled LF image, we utilized
a randomly selected view with its pseudo-label obtained by
combining the prediction of any other view at each iteration.
The thresholds in Eq. 13 and Eq. 15 were set to y; = 0.9 and
y» = 0.3, respectively. When using the pseudo-labels for
training, strong data augmentations were applied to the views
fed to the student network. These augmentations include color
jitter that adjusts the brightness, contrast and saturation within
a specific range, Gaussian blur and gray-scale transformation.
A form of weak data augmentation, namely image flipping,
was also applied to the input views during training. We set
Aen = 0.01 in Eq. 17, and Acs = 0.1, Acp = 0.1, Ao = 0.1 in
Eq. 23. The effects of the hyperparameters on the overall
performance are studied in Sec. IV-D.3. The initial learning
rates for the pre-trained backbone and the other modules were
set to 1 x 107* and 1 x 1073, respectively. They were both
multiplied by 0.9 every 50 epochs. The segmentation network
was trained using the Adam optimizer for about 400 epochs.

The classifier used in the object-level contrastive learning
employed the ResNet-50 architecture. It was trained using
labeled data under 1/2, 1/4 and 1/8 partition protocols,
respectively. Strong and weak data augmentations were applied
during training.

C. Comparisons

1) Evaluation on LF Disparity Estimation: We compared
our unsupervised disparity estimation method with several
other unsupervised methods, including two unsupervised
stereo matching methods: PANet [45] and ES3Net [46],
as well as three unsupervised LF disparity estimation methods:
UnMono [10], UnOcc [11] and UnPlug [47]. PANet and
ES3Net employed the same input strategy as our method.
However, they output disparity maps only for the left view in a
single inference. UnOcc and UnPlug are limited to estimating
disparity maps only for the central views. As a result, they are
not applicable to our semi-supervised semantic segmentation
framework. All these methods were trained on the synthetic
LF images without using any ground-truth disparity maps.

Table I lists the quantitative results of various methods on
the UrbanLF-Syn test set, along with their number of param-
eters and FLOPs. The results are reported in terms of mean
square error (MSE) and bad pixel ratios (BPR) with thresholds
of 0.07, 0.03 and 0.01. We can observe that our method obtains
better quantitative results than the other methods. Compared
to the LF disparity estimation methods, our method can be
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Central view

5

Fig. 8.

QUANTITATIVE RESULTS OF UNSUPERVISED DISPARITY ESTIMATION METHODS. MSE (x 100), BPRS (%), PARAMETERS AND

ES3Net

UnOcc

TABLE 1

FLOPS ARE REPORTED. BOLD: BEST

Ours

The estimated disparity maps of different unsupervised methods for the central view of each LF image. Zoom in for best view.

| | LFUrban-Syn | HCI
MSE| BPR), BPR, BPR|, | MSE, BPR| BPR| BPR]
Method Parameters — FLOPs | 160) (007 (0.03) (0.0) | (x100) (0.07) (0.03) (0.01)
PANet [45] 7.82M 3334G | 3.676 4303 67.89 8859 | 2995  47.19 7451 91.13
ES3Net [46] 0.023M 0.23G 2442 4998  79.17 9340 | 3.177 5335 7843 9248
UnMono [10] 1.87M 28.55G | 2552 4650 7099 89.62 | 3.003 3469 6395 8591
UnOce [11] 1.90M 130.52G | 1.039 2146 4248 7459 | 1.623 1817 4665 80.20
UnPlug [47] 3.17M  623.08G | 1.501 2475 5452 8535 | 2236 3299 62.64 86.55
Ours | 16IM  451.85G | 0536  13.63 3629 73.04 | 1928 20.19 4383 7843

TABLE II

QUANTITATIVE RESULTS OF SEMI-SUPERVISED SEMANTIC SEGMENTATION METHODS ON THE URBANLF-REAL AND URBANLF-SYN

TEST SETS. MIOU (%), MACC (%) AND ACC (%) ARE REPORTED. BOLD: BEST

batset | Method | 112 (430) | 1/4 215) | 1/8 (108)
| | mloU mAcc Acc | mloU mAcc Acc | mloU mAcc  Acc
CPS [30] 70.27 78.01 88.66 | 68.50 76.91 86.42 | 64.12 73.86 83.99
UrbanLF-Real PL-Contra [24] 71.77 79.05  90.38 70.99 78.54 8991 66.37 7497  86.12
PS-MT [32] 7276 7999 89.88 | 71.38 78.65 89.10 | 65.47 74.19  83.14
UPL [26] 72.51 79.27  90.12 | 71.18 78.47  88.72 | 66.58 75.54  85.05
Ours 75.27 8195 91.38 | 74.02 80.70 90.05 | 70.81 78.38  88.62
CPS [30] 65.19 75.85 83.94 | 63.19 75.27  83.81 60.74 7220 81.72
UrbanLF-Syn PL-Contra [24] 68.01 77.57 85.33 64.80 76.22 84.06 | 62.57 73.86  82.35
PS-MT [32] 68.29  78.08 86.85 66.62  77.15 85.73 63.10 75.17 83.72
UPL [26] 68.54 78.60 86.73 | 66.10 76.81 8499 | 6394 7438 82.16
Ours 7140 8230 88.62 | 70.12 80.62 87.65 | 66.52 77.65 85.89

trained using any view pair within each LF image, as depicted
in Fig. 2(a). This flexibility allows us to overcome limitations
imposed by the availability of specific view positions, leading
to enhanced data usage efficiency. Moreover, our coarse-to-
fine structure facilitates superior performance compared to
other stereo matching methods. Fig. 8 provides the visual
comparisons, which showcase that our method realizes more
accurate disparity estimation while preserving clearer object
boundaries.

In addition, we trained and evaluated these methods on
the HCI dataset [53]. The average quantitative results of
several test scenes are listed in Table I, showing that our
method exhibits relatively good performance compared to
other unsupervised methods.

2) Comparisons With Semi-Supervised Semantic Segmenta-
tion Methods: As we are the first to study semi-supervised
semantic segmentation for LF images, we primarily made
comparisons with the state-of-the-art semi-supervised seman-
tic segmentation methods for conventional images, including
CPS [30], PL-Contra [24], PS-MT [32] and UPL [26]. These
methods were trained using labeled central views and unla-
beled views with pseudo-labels generated by their respective
proposed approaches. They all employed DeepLabv3+ [1]
with the ResNet-101 backbone as the segmentation network.
Regarding our segmentation network, we set n = 1, meaning
that only the reference view was taken as input. Therefore,
fare comparisons were conducted by ensuring that the views
used for training and the network architecture are consistent
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Ground truth

Fig. 9. Segmentation maps obtained by different semi-supervised methods trained under 1/2 protocol. The first two rows display real-world LF images and
the third row displays a synthetic LF image. The purple rectangles highlight the advantages of our method over the other methods. Zoom in for best view.

PL-Contra

Ground truth

Fig. 10. Segmentation maps obtained by different semi-supervised methods trained under 1/4 protocol. The first two rows display real-world LF images and
the third row displays a synthetic LF image. The purple rectangles highlight the advantages of our method over the other methods. Zoom in for best view.

Central view PL-Contra

PS-MT

Ours Ground truth

Fig. 11.

Segmentation maps obtained by different semi-supervised methods trained under 1/8 protocol. The first two rows display real-world LF images and

the third row displays a synthetic LF image. The purple rectangles highlight the advantages of our method over the other methods. Zoom in for best view.

across all the methods. We trained all these methods under 1/2,
1/4 and 1/8 partition protocols, with 430, 215 and 108 labeled
LF images, respectively. The mean of Intersection over Union
(mIoU), mean pixel accuracy (mAcc) and pixel accuracy (Acc)
are used as the evaluation metrics.

The quantitative results on the UrbanLF-Real and UrbanLF-
Syn test sets are listed in Table II. It is evident that our method

consistently outperforms the other methods under a variety
of training settings on both sets, and the advantage of our
method becomes more obvious as the amount of labeled data
decreases. Fig. 9, Fig. 10 and Fig. 11 present the segmentation
maps of the central views obtained by different methods under
1/2, 1/4 and 1/8 partition protocols, respectively. In each
figure, the first two rows display real-world LF images and the
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TABLE III

QUANTITATIVE RESULTS OF SUPERVISED SEMANTIC SEGMENTATION METHODS AND OUR SEMI-SUPERVISED METHOD TRAINED UNDER 1/2 PROTOCOL
ON THE URBANLF-REAL AND URBANLF-SYN TEST SETS. MIoU (%), MACC (%), ACC (%), PARAMETERS,
FLOPS AND RUNTIME (S) ARE REPORTED

Method ‘ ‘ Parameters

UrbanLF-Real | UrbanLF-Syn

Runtime ‘

Backbone FLOPs

| | | mloU mAcc  Acc | mloU mAcc  Acc

Supervised
DeepLabv3+ [1] ResNet-101 58.75M 59.49G 0.017 74.12  80.76  90.72 | 72.02 8197 88.67
PSPNet-LF [17] ResNet-101 127.8M 429.4G 0.153 74.04  80.82 90.07 | 7132 81.18  88.39
OCR-LF [17] HRNetV2-W438 137.4M 228.1G 0.120 76.23 8334 9131 | 73.82 8325 90.31
LF-IENet [18] HRNetV2-W48 117.4M 719.7G 0.354 7698 83.83 91.66 | 74.04 83.83 90.64

Semi-supervised (1/2)
Ours (n = 1) ResNet-101 58.75M 59.49G 0.017 7527 8195 9138 | 71.40 8230 88.62
HRNetV2-W48 79.94M 78.29G 0.032 76.44 8278 9142 | 73.17  83.52  89.60
Ours (n = 2) ‘ ResNet-101 ‘ 78.78M 79.43G 0.043 ‘ 75.40  82.04 91.27 ‘ 71.60 82.68  88.69
HRNetV2-W438 80.10M 146.7G 0.064 76.63  82.76  90.90 | 73.22  83.13 89.31
Ours (n = 3) ‘ ResNet-101 ‘ 78.78M 112.9G 0.053 ‘ 7531  82.06 91.24 ‘ 71.54 8226 88.79
HRNetV2-W438 80.10M 215.0G 0.094 76.50 8247 9141 | 7336  83.04 89.42
Central view DeepLabv3+ PSPNet-LF Ours (n = 1) Ours (n = 2) Ours (n = 3) Ground truth

AR AT

Ours (n = 3)

OCR-LF LF-IENet

P

Fig. 12.

Ours(n =1)

Ours (n = 2) Ground truth

Segmentation maps obtained by supervised methods and our semi-supervised method with different network configurations (n = 1, 2, 3) trained

under 1/2 protocol for a real-world LF image and a synthetic LF image. The methods in the first row employ the ResNet-101 backbone, while the methods
in the second row employ the HRNetV2-W48 backbone. Zoom in for best view.
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Fig. 13. The changes in mloU on the validation set during training for

convergence comparison.

third row displays a synthetic LF images. It can be seen that
our method demonstrates superior segmentation performance
for various objects, including trees, traffic signs and cars,
as highlighted by the purple rectangles. Notably, our method
distinguishes between the road and sidewalk regions more
accurately, as shown in the first two rows of Fig. 10. Moreover,
our method excels in segmenting objects with smaller sizes,
such as people, trees and traffic signs in the synthetic images.
Consequently, our training strategies that leverage LF disparity

w/0 merge w/0 consistency

Full setting Ground truth

w/o pixel-level

w/o object-level

Fig. 14.  Visual comparisons of various configurations in ablation studies.

information have proven to be effective in enhancing the per-
formance of LF semantic segmentation under semi-supervised
settings.

3) Comparisons With Supervised Semantic Segmentation
Methods: We also trained several models under a supervised
setting. These models include DeepLabv3+ [1], which takes
a single view as input, as well as PSPNet-LF [17], OCR-
LF [17] and LF-IENet [18], which leverage multiple views
to perform segmentation for the central view. DeepLabv3+
and PSPNet-LF employ the ResNet-101 backbone, while
OCRNet-LF and LF-IENet employ the HRNetV2-W48 back-
bone. Table IIT lists their quantitative results on both the
UrbanLF-Real and UrbanLF-Syn test sets, along with the
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Fig. 15.
as our default setting.

number of parameters, FLOPs and runtime. In addition to
the results of these supervised methods, we also provide the
results of our semi-supervised method with different network
configurations (n = 1, 2, 3) trained under 1/2 protocol. We can
observe that our semi-supervised method obtains comparable
quantitative results to the supervised methods that employ the
same backbone as ours. Furthermore, incorporating multiple
views as input with feature alignment and fusion typically
leads to a modest improvement in mloU, but it also results
in increased computation cost and memory consumption.
Therefore, we did not conduct further experiments with larger
values of n. Fig. 12 presents the visual comparisons of various
methods that use the same backbone, which further illustrates
that our semi-supervised method trained under 1/2 protocol
achieves comparable segmentation performance to the super-
vised methods on both real and synthetic LF images.

It is worth noting that our method is capable of performing
segmentation for every view within a LF image, regardless
of the number of views utilized, whereas other LF semantic
segmentation models [16], [17], [18], including PSPNet-LF,
OCR-LF and LF-IENet, are limited to segmenting only the
central view.

D. Ablation Studies

1) Effectiveness of Using LF Disparity Information:
We conducted ablation studies to investigate the impact of
using LF disparity information, as described in Sec. III-B.
We trained additional models with different configurations
using the ResNet-101 backbone under 1/8 partition protocol.
The quantitative results on the UrbanLF-Real test set are
recorded in Table IV. These results clearly indicate that
when the pseudo-labels generated by disparity §¢ (PL §7)
are not utilized, there is a significant decline in performance.
Additionally, even when the pseudo-labels §fd are used, not
incorporating the weight map z¢ also leads to a noticeable
decrease in performance. These findings validate the effec-
tiveness of employing pseudo-labels §¢ for the peripheral
views and performing image warping to determine pixel-wise
weights for the pseudo-labels.

When the multi-view prediction merging is excluded, the
performance experiences a slight decline. When the merging
is included but without the merging mask M, the performance
has a more noticeable decline. This is primarily due to the fact
that regions with occlusion and inaccurate disparity estimation
lead to incorrect merging of the warped probability map.
Moreover, the performance also suffers a degradation when
the disparity-semantics consistency loss L is not included.

(c) mloU vs. Aco

101 100 10-2 101 100 1072 107! 10°
Acs Acp Aco

(d) mIoU vs. v1 (e) mloU vs. v2

The effects of hyperparameters yy, y2, Acs, Acp, and Aco on mloU. We selected the value of each hyperparameter that leads to the highest mloU

TABLE IV

ABLATION STUDIES ON THE IMPACT OF LF DISPARITY
INFORMATION. BOLD: BEST

PL ¢ Weight z¢ ‘ Merging  Mask M ‘ Les ‘ mloU (1/8)
X X v v v 69.18
v X v v v 70.33
v v X X v 70.42
v v v X v 70.17
v v v v X 70.38
v v | v v | v | 70.81
TABLE V

ABLATION STUDIES ON THE CONTRASTIVE LEARNING
SCHEME. BOLD: BEST

Pixel-level  Object-level ‘ mloU (1/8)

X X 69.35
X v 7039
v x 70.28
v v | 7081

Fig. 13 plots the changes in mloU on the validation set
during training to show the convergence comparison, which
indicates that leveraging LF disparity information with our
proposed approaches accelerates the learning of semantic seg-
mentation and leads to better performance. Fig. 14 presents the
visual comparisons of various configurations in the ablation
studies, demonstrating that the inclusion of pseudo-labels yd,
multi-view prediction merging, and disparity-semantics consis-
tence loss contributes to improved segmentation performance.

2) Effectiveness of Contrastive Learning: To validate the
effectiveness of our contrastive learning scheme, we trained
additional models excluding the pixel-level or object-level
strategies. The corresponding quantitative results are listed in
Table V, revealing that both the pixel-level and object-level
strategies contribute to higher mloU values, and the combi-
nation of them leads to a more significant improvement in
performance. The convergence comparison in Fig. 13 further
supports this finding. Additionally, the visual comparison in
Fig. 14 illustrates that our contrastive learning scheme leads
to more accurate segmentation with improved object shapes.

3) Selection of Hyperparameters: We also conducted abla-
tion studies to analyze the effects of hyperparameters y; in
Eq. 13, y2 in Eq. 15, as well as Ac, Agp and Ao in
Eq. 23 on the performance. For y; and jy», we exper-
imented with [0.8,0.85,0.9,0.95] and [0.2,0.3,0.4,0.5],
respectively. For Acs, Acp and Ao, we experimented with
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[0.01, 0.05, 0.1, 0.5, 1]. The performances of models trained
using different values of hyperparameters were evaluated on
the validation set. Fig. 15 depicts the relationship between the
values of each hyperparameter and the corresponding mloU.
For each hyperparameter, we selected the value that yields the
highest mIoU as our default setting.

V. CONCLUSION

This paper presents a semi-supervised semantic seg-
mentation method for LF images by leveraging disparity
information. We first develop an unsupervised disparity
estimation network with coarse-to-fine feature matching to
estimate disparity maps for each individual views. The esti-
mated disparity maps are utilized to generate pseudo-labels for
the peripheral views when only central labels are available,
merge the multi-view predictions from the teacher network
to obtain more reliable pseudo-labels, provide a structure
reference for the segmentation of unlabeled data, and align
features for multi-view feature fusion. Moreover, we propose a
contrastive learning scheme that operates at both the pixel level
and the object level to improve feature representations and
object segmentation. The experimental results demonstrate the
effectiveness of our method for semi-supervised LF semantic
segmentation.
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