
Pseudo Supervised Solar Panel Mapping based on
Deep Convolutional Networks with Label

Correction Strategy in Aerial Images
Jue Zhang∗, Xiuping Jia†, Jiankun Hu

School of Engineering and Information Technology
The University of New South Wales

Canberra, ACT 2600, Australia
Email: ∗jue.zhang@student.unsw.edu.au, †x.jia@adfa.edu.au

Abstract—Solar panel mapping has gained a rising interest in
renewable energy field with the aid of remote sensing imagery.
Significant previous work is based on fully supervised learning
with classical classifiers or convolutional neural networks (CNNs),
which often require manual annotations of pixel-wise ground-
truth to provide accurate supervision. Weakly supervised meth-
ods can accept image-wise annotations which can help reduce
the cost for pixel-level labelling. Inevitable performance gap,
however, exists between weakly and fully supervised methods in
mapping accuracy. To address this problem, we propose a pseudo
supervised deep convolutional network with label correction
strategy (PS-CNNLC) for solar panels mapping. It combines the
benefits of both weak and strong supervision to provide accurate
solar panel extraction. First, a convolutional neural network
is trained with positive and negative samples with image-level
labels. It is then used to automatically identify more positive
samples from randomly selected unlabeled images. The feature
maps of the positive samples are further processed by gradient-
weighted class activation mapping to generate initial mapping
results, which are taken as initial pseudo labels as they are
generally coarse and incomplete. A progressive label correction
strategy is designed to refine the initial pseudo labels and
train an end-to-end target mapping network iteratively, thereby
improving the model reliability. Comprehensive evaluations and
ablation study conducted validate the superiority of the proposed
PS-CNNLC.

Index Terms—Remote sensing, solar panel mapping, weakly
supervised learning, convolutional neural network

I. INTRODUCTION

Solar energy has been the fastest-growing type of renew-
able energy worldwide in recent years [1]–[3]. The recent
improvement of solar photovoltaic (PV) makes the small-scale
or distributed solar such as rooftop-PV possible. However,
the intermittency nature and sparse distribution of small-scale
solar pose challenges to grid compatibility [4, 5] and operation.
Monitoring solar panel installations including their locations
and sizes is increasingly meaningful to government and elec-
tricity companies for planning power grids and minimising
potential risks. Thanks to the improvements of remote sensing
techniques, very high-spatial-resolution remote sensing images
are now available for automatic and regular inspection of solar
panel distributions at a large scale.

Automatic solar panel mapping in remote sensing images
has been attempted in recent years with machine learning
techniques. They can be divided into two branches: unsuper-
vised methods and supervised methods. Unsupervised methods
oftern use template matching [4]. To date, supervised methods
is the mainstream in solar panel mapping as they have superior
capability in distinguishing small scale objects in complex
scenes. Supervised object extraction used in [5], [6] for
solar panel mapping is composed of three main steps: initial
localization, feature extraction by handcrafted descriptors, and
decision-making via machine learning algorithms. For feature
extraction, local color statistic (LCS) feature, texture feature
and shape feature are frequently investigated, and support
vector machine (SVM) [5], [7] and random forest (RF) [6]
classifiers are popular choices in the classification phase. Some
supervised methods regard the task as a spectral un-mixing
problem [8], [9] with the aid of hyperspectral remote sensing
data.

With the development of deep learning techniques [10],
[11], convolutional neural networks (CNNs) have also been
applied in the last a few years to solar panel mapping
[12]–[16]. Yuan et al. proposed a large scale solar panel
detection method based on deep convolutional networks in
a fully supervised manner, in which feature maps generated
by different layers are finally stacked and then fed into
a single convolutional layer to produce a dense prediction
[12]. Later on, Malof et al. [14] used a network similar to
the VGGNet [17] and investigated the impacts of different
training strategies. Different from the previous work, Wang
et al. considered the detection of PV arrays as a semantic
segmentation task, and introduced SegNet [18] to produce
dense predictions of PV arrays’ locations and sizes. U-net [19]
and its improved versions such as cross learning-driven U-net
method (CrossNets) [16] were also introduced to identify the
solar installations.

For fully supervised CNN-based methods, manually anno-
tating pixel-wise ground-truths or bounding boxes for pro-
viding a large number of training samples is a challenging
task as it is usually human-force intensive [20]. In contrast,
weaker forms of annotations, for instance image-wise labels



Fig. 1. The flowchart of the proposed pseudo supervised solar panel mapping method.

indicating whether there are targets in the image or not, are
efficient and easy to obtain. This is particularly the case in the
field of remote sensing, where the generation of accurate pixel-
wise labels relies heavily on expert knowledge. Hence, weakly
supervised learning, which uses these coarse annotations to
supervise the training of deep learning models is becoming
increasingly meaningful [21]–[23]. Class activation mapping
(CAM) [24] and gradient-weighted class activation mapping
(GradCAM) [25] and deep feature maps [21] are works in
weakly supervised object localization. A number of weakly
supervised frameworks are also proposed for object detection
and segmentation in remote sensing images [26]–[29]. Yu
et al. developed the first weakly supervised deep learning
framework for solar panel mapping in very high resolution
aerial images, named ‘DeepSolar’ [15], with Inception v3
classification network [30] and CAM. However, as deep rep-
resentations learned for CNNs only correspond to the most
discriminative part of the objects, these methods may fail
to provide a complete object content. Although a number of
post-processing strategies including dense conditional random
field (dense CRF) and Markov random field (MRF) have
been proposed to refine the results, difficulties remain in
providing high detection accuracy and reducing computational
complexity.

In this paper, we propose a pseudo supervised solar panel
mapping method based on deep convolutional networks with
label correction strategy, aiming to develop an end-to-end
network for accurate and efficient solar panel extraction with
only image-wise annotations. The main contributions of the
proposed method are two-fold:

(1) We construct an end-to-end fully supervised target
mapping network by taking advantages of pseudo labels gen-
erated by weakly supervised learning, thereby reducing the
computational complexity in target mapping.

(2) During the training course, a progressive label correction
strategy based on refinement criteria and morphological filter-
ing is proposed to refine the initial pseudo labels. The target
mapping network is trained iteratively with progressively

corrected labels to gain further improvement in the model
development.

II. METHODOLOGY

The proposed pseudo supervised solar panel mapping
method contains three parts: convolutional neural network for
image-level classification, pseudo label generation based on
gradient-weighted class activation mapping, and fully super-
vised target mapping network with label correction strategy.
The flowchart of the proposed method is shown in Figure 1.

A. Convolutional Neural Network for Image-level Classifica-
tion

For the classification network, we adopt a network archi-
tecture similar to VGG16 [17], proposed by Simonyan et
al., which contains 13 convolutional layers and three fully
connected layers. All the convolutional layers have a very
small 3 � 3 receptive field, fixed stride (1 pixel), and 1
pixel padding, with a rectified linear unit (Relu) added to
every layer to increase non-linearity. As solar panels are
relatively small objects in aerial images, the employment of
small receptive fields can help preserve the boundaries and
improve completeness. Maxpooling with stride 2 is carried
out five times over a 2 � 2 window, dividing the stacked
convolutional layers into five blocks with different sizes of
feature maps, which are denoted as Conv1, Conv2, Conv3,
Conv4, Conv5. In the following context, we use Convn p
to denote the pth convolutional layers in nth block in the
classification network.

In our work, the provided image-wise annotations indicate
whether or not there are solar panels in the image (positive
or negative samples), then the classification network is trained
to solve a binary classifications problem. Two fully connected
(fc) layers with 256 channels and another one with 2 channels
are added before the soft-max layer. The 2-dimension output
of the classification network is the probabilities of the input
sample belonging to positive or negative cases, respectively.
The cross entropy loss is utilized to train the classification




