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Abstract: Heat waves may negatively impact the economy and human life under global warming.
The use of air conditioners can reduce the vulnerability of humans to heat wave disasters. However,
air conditioner usage has been not clear until now. Traditional registration investigation methods
are cumbersome and require expensive labor and time. This study used a Labelme image tagging
tool and an available street view images database to firstly establish a monographic dataset to detect
external air conditioner unit features and proposed two deep learning algorithms of Mask-RCNN
and YOLOv5 to automatically retrieve air conditioners. The training dataset used street view images
in the 2nd Ring Road area of downtown Beijing. The model evaluation mAP of Mask-RCNN and
YOLOv5 reached 0.99 and 0.9428. In comparison, the performance of YOLOv5 was superior, which
is attributed to the YOLOv5 model being better at detecting smaller target entities equipped with
a lighter network structure and an enhanced feature extraction network. We demonstrated the
feasibility of using street view images to retrieve air conditioners and showed their great potential to
detect air conditioners in the future.

Keywords: street view image; Mask-RCNN; YOLOv5; deep learning; air conditioner; external unit
detection; image segmentation

1. Introduction

Heat wave disasters have become more frequent and severe with global warming [1,2]
and have destructive impacts on national economies and human health [3,4]. With contin-
ued urban development, temperature records of major metropolises in the eastern coastal
region of China (e.g., the Beijing–Tianjin–Hebei region, the Pearl River Delta, and the
Yangtze River Delta) have surged significantly compared with those of surrounding cities;
additionally, the urban heat island effect caused by urbanization enhances heat wave im-
pacts [5,6]. Extreme heat waves are associated with increased mortality and the incidence
of various underlying diseases [7,8], such as cardiovascular disease, acute kidney failure,
dehydration, and acute respiratory disease [9,10].

In order to prevent and mitigate heat wave disasters effectively, evaluating the heat
wave intensity level in different regions is essential. Whether metropolis residents have
resistance to heat waves effectively helps in assessing the affected intensity of heat waves,
which even provides some reference for the formulation of policies related to heat wave
prevention and mitigation. Regarding the fact that different regions have diverse resistance
levels, disaster prevention and mitigation policies formulated by local governors need to
be adapted to local resistance conditions, so as to coordinate and deploy supplies to ensure
efficient usage. Precisely, governments can publish inchoate high temperature warnings to
remind residents of taking precautions where they might present high tolerance to heat
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wave disasters. Typical measures for mitigating summer heat include the indoor use of air
conditioners and early interventions (e.g., media and inchoate warnings for individuals).
In high-risk areas, targeted interventions (e.g., providing drinking water in public places,
distributing cooling equipment to residents, providing food and hygiene advice, and
guaranteeing adequate cooling shelters and medical relief facilities) are preferentially
implemented. The use of air conditioners is the principal mitigation method that effectively
addresses heat waves and directly reflects the ability of residents to cope with extreme
heat waves. Additionally, efficient methods to evaluate the tolerance level of different
regions towards heat waves do not exist. The data of air conditioner usage can directly
reflect the ability of residents to cope with extreme heat waves. A higher prevalence of
air conditioners in a region correlates to lower levels of heat wave disaster affectation.
Therefore, the spatial distribution of air conditioners can be used to quickly and accurately
assess the level of resistance to heat wave disasters to efficiently assist local governors in
formulating disaster relief policies.

Traditional air conditioner information acquisition is complicated and expensive.
Sources of air conditioner usage data include sales data from air conditioner companies
and statistical data from local statistics bureaus, which do not provide easy and objective
indications of air conditioner coverage and spatial distribution. Existing research on air
conditioners generally involves air conditioner device and system configurations control,
external cooling unit protection, air conditioner system resistance, information extraction
systems, and sleep mode settings. Therefore, convenient and efficient registration methods
are urgently required to promptly and efficiently extract the spatial distribution of air
conditioner usage in certain domains. However, few studies address air conditioner
extraction information.

Meanwhile, monographic datasets and feature extraction algorithms for air condi-
tioner external unit feature extraction are deficient, which makes it arduous to accurately
obtain air conditioner usage distribution data in certain domains.

Considering the above-mentioned disadvantages, this study establishes a mono-
graphic dataset to detect air conditioner external unit features and proposes a convenient
low-cost method to identify external air conditioner units with deep learning algorithms in
the target detection field.

This method can help decision-makers precisely obtain the number of air conditioners
in certain areas for parameter spatialization to ascertain the popularity rate of air condi-
tioners, which indicates tolerance and resilience toward heat waves. These usage data can
efficiently assist local governors in formulating heat wave relief policies and heat wave
forecasts that are adapted to local conditions in a combination of household numbers and
population densities. Meanwhile, air conditioner popularity rate data can also be used
to assist urban disaster prevention and disaster mitigation, evaluate urban infrastructure
improvement, monitor urban electricity consumption, and help energy-saving planning in
different regions.

With the rapid development of deep learning methods in artificial intelligence, convo-
lutional neural network algorithms for semantic segmentation and target detection have
made significant progress. Compared with traditional methods, deep learning algorithms
efficiently extract classification features from the dataset and conveniently achieve the goal
of automatic and efficient classification of target objects.

Significant deep learning achievements have been applied to computer vision, natural
language processing, and various disciplines related to image processing [11]. Detecting
objects in images is the primary prerequisite task in the computer vision domain. In target
detection, distinguishing each entity in images and dividing it into different categories
is the principal purpose. In current target detection tasks, this requires making specific
distinctions among different entities of the same category. The target detection task in this
study is distinguishing which pixel in each image belongs to external air conditioner units
and further distinguishing individual external air conditioner units by attaching masks
of different colors to selected pixels. In the field of target detection, the aim is to infer the
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required classification features from images and to classify target objects in images. Al-
though traditional computer vision and machine learning methods meet the majority of the
task requirements, the revolution of deep learning cognition algorithms represented by the
surging development of convolutional neural networks (CNNs) has induced a significant
method revolution in the field of target detection and semantic segmentation [12,13]. The
accuracy and efficiency of deep learning algorithms have significantly improved compared
with those of traditional methods.

The mainstream target detection algorithms in the deep learning field can be divided
into one-stage target detection algorithms (YOLO series) and two-stage target detection
algorithms (RCNN series) based on the number of stages in the algorithm structure. The
two-stage detection algorithm includes two target detection processes including generating
the candidate area and classification. For the two-stage detection algorithm, the candidate
region extraction detector is the first detector to distinguish foreground regions and back-
ground regions. The classification of candidate regions and coordinate correction modules
constitutes the second detector, which is used to compare the results of the first detector
to make additions and corrections. The design of two target detection processes in the
two-stage detection algorithm improves the accuracy of the algorithm, but also increase
the model complexity and time cost, which restricts calculation efficiency. The one-stage
detection algorithm directly applies algorithms to input images and generates candidate
regions and object categories simultaneously through joint decoding. The one-stage target
detection algorithm has an intelligible structure. It performs well in reducing time cost
and enhancing computational efficiency. However, it is slightly inferior to the two-stage
algorithm in the recognition efficiency of complex samples.

Based on the advantages and disadvantages of the two above-mentioned different
stage target detection algorithms, this study uses the latest Mask-RCNN model in two-stage
R-CNN series algorithms and the YOLOv5 algorithm in one-stage YOLO series algorithms
for the analysis.

The most successful Mask-RCNN model in two-stage target detection algorithms is
developed from the classic two-stage target detection algorithm R-CNN. Girshick et al. [14]
proposed a target detection framework based on candidate regions and a CNN network
in 2014, which is called RCNN network architecture. To extract the frame of the object
containing the labeled object in the input images, RCNN first adopts the selection search
strategy and uses the pre-trained DCNN network to extract features. Then, the RCNN
uses linear classifiers such as SVM to segment objects from the background [14]. The
network structure dramatically improves the detection performance of the target detection
tasks. However, the time-consuming process remains expensive when the CNN network
performs feature extraction tasks. To reduce the high time cost, several studies have
improved the original SPP network-based RCNN using an end-to-end training method.
Additionally, the RPN candidate regional network structure was introduced to form a new
Faster-RCNN [15] network structure that further reduces the time cost required in the
network training process. In 2017, Lin et al. built an FPN pyramid network model with
better small entity recognition performance by utilizing the pyramid structure feature in
a convolutional neural network to improve the detection performance of small entities
in images [16]. Based on the previously proposed Faster-RCNN network, He et al. [17]
optimized the basic network structure and proposed an updated convolutional network
structure (Mask-RCNN) to complete both target detection tasks and semantic segmentation
tasks in one theory. The most advanced innovation of the Mask-RCNN network is the
effective semantic segmentation of entities and the simultaneous target detection task of
entities in high-quality images. The theory of convolutional neural networks is generally
successful in target segmentation and has gradually become the preferred theory.

As the most successful model in two-stage target detection algorithms, Mask-RCNN
has been applied to many image segmentation tasks and has acquired superior reputation.
In 2019, Facebook research published the fast, modular reference implementation of Mask-
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RCNN algorithms in the PyTorch module, which made Mask-RCNN become flexible and
easy to deploy.

Mask-RCNN adopts a two-stage target detection structure. In the first stage, the RPN
network is used to extract candidate boundary boxes. In the second stage, RolAlign is used
to extract features, carry out category classification, and complete boundary box regression
and binary mask generation from candidate regions generated in previous RPN networks.
The previously proposed Faster-RCNN is not designed for instance segmentation tasks at
the pixel level. Especially in the process of ROI pooling in Faster-RCNN, rough expressions
are made for the entities feature. In order to correct the possible “misalignment” problems
between pixels, Mask-RCNN is designed with a new RolAlign structure to replace the
ROI pooling structure. The RolAlign structure solves pixel alignment between the original
image and feature map and pixel alignment between the feature map and ROI to improve
the detection accuracy. The design of the RolAlign structure makes Mask-RCNN suitable
for instance segmentation tasks and also improves the training accuracy. Meanwhile,
Mask-RCNN innovatively proposes a multi-task network structure, which significantly
improves the algorithm’s performance without increasing complexity. The network design
of Mask-RCNN also achieves the decoupling of mask prediction and category prediction.
Mask-RCNN predicts k kinds of binary masks for each ROI. Compared with FCN (full
convolutional network), Mask-RCNN has significantly superior performance. The classical
FCN network mainly predicts k kinds of categories for each pixel, which aggravates the
algorithm complexity.

As classic algorithms in one-stage target detection algorithms, YOLO algorithms are
the first one-stage target detection algorithms that have achieved satisfying results in detec-
tion accuracy and speed. YOLO algorithms are added with a classifier and designed with a
brand new loss function to ensure multiple types of targets can be detected completely. In
addition, YOLO algorithms contain an advanced designed feature extraction network to
achieve the goal of efficient detection and lightweight overhead. As the first target detection
algorithm with the function of deep learning that also supports real-time operation, YOLO
algorithms have drawn widespread attention.

YOLOv1 [18] initially proposes a detection approach, which is different from the
R-CNN series, and considers target detection as a regression task. YOLOv1 directly takes
the entire image as an input and outputs the position information of bounding boxes
and the object category in the output layer. The YOLOv1 algorithm has high real-time
performance but has relatively weak performance in its detection of small targets as the
algorithm prediction is achieved through roughly divided 7 × 7 grids of an entire image.
In addition, it can only predict one category of each grid and is unable to predict multiple
categories falling on the same grid simultaneously. Regarding problems in the YOLOv1
algorithm, YOLOv2 [19] applies the principle in the Faster-RCNN algorithm to divide each
original image into 13 × 13 grids and introduces anchors in the algorithm. Through a
cluster analysis, YOLOv2 sets up five anchors in each grid, with each anchor predicting one
category. Through a regression analysis of the target position information by predicting
the offset between the anchor and the grid, the performance of the YOLOv2 algorithm
is effectively improved. In order to enhance the accuracy of the YOLO algorithms for
small target detection, YOLOv3 [20] adopts the extraction network Darknet-53 for more
in-depth features on the basis of the previous two generations of algorithms. YOLOv3 also
uses three scales of features for target detection while increasing the number of anchors.
Due to complex design in the model’s structure, the training speed of YOLOv3 is reduced
compared with YOLOv2. However, the detection accuracy in YOLOv3 is significantly
improved because of its effective detection design of small targets. While improving the
non-linearity degree of YOLOv3, the generalization performance and network accuracy
are also enhanced. Based on the original YOLOv3 architecture, YOLOv4 [21] introduces
the best optimization strategies in the CNN field in recent years, such as the design of
CSPDarknet53, SPP, and the PAN framework. These improvements effectively optimize
YOLOv4 in many aspects, including data processing, backbone network, network training,
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activation function, and loss function. All these improvements enable YOLOv4 to achieve
extraordinary training performance. The latest YOLOv5 algorithm [22] released in June
2020 is proposed on the basis of the PyTorch framework. The previous four versions of
YOLO algorithms were developed on the basis of the DarkNet framework. Implementation
in the PyTorch framework enables the YOLOv5 model to achieve more concise understand-
ing, training, and deployment. YOLOv5 adopts a lighter network structure and adopts the
enhanced feature extraction network to take the place of the PAN framework, making the
model simpler and faster in training speed. Although no papers related to YOLOv5 have
been published, YOLOv5 has splendid accuracy performance compared with YOLOv4.
YOLOv5 has a lighter model structure and faster model training speed compared with
YOLOv4 based on the YOLOv5 code structures that have been released in June 2020 and
the high-frequency optimization code. Additionally, YOLOv5 has been favored by a large
group of authoritative researchers and is increasingly adopted in various competitions.

In recent decades, the use of Google Street View (GSV) or other Opensource Street View
platform images for evaluating street-level urban factors has become a popular research
topic. Maniat et al. [23] used a CNN to classify pavements into different defined crack
categories from GSV images. Kang et al. [24] used a random forest classifier to establish
an automated street-level sidewalk detection method with GSV image data to efficiently
evaluate public sidewalk GIS data. Lumnitz [25] et al. used the famous mask regional
convolutional neural network (Mask R-CNN) to detect and locate separate tree entities
among street-level images to achieve excellent urban forest management. Zou et al. [26] also
used a deep learning algorithm to automatically and efficiently detect abandoned houses
(AH) using the open-source GSV dataset. Dick et al. [27] used the YOLO algorithm to
automatically extract advertised gas prices from GSV imagery and successfully established
the Gas Prices of America (GPA) dataset using the United States of America GSV imagery.

Compared with the original and mature computer vision and machine learning meth-
ods, the theory of CNN remains in development. However, several CNN methods have
accomplished essential success in the field of target segmentation, and have gradually
become the preferred theory.

Owing to mature target detection algorithms and platforms that provide a diversity of
urban street view image datasets, the tasks of this study establish a monographic dataset
to detect external air conditioner unit features and propose a methodological approach to
automatically detect external air conditioner units.

In this study, Mask-RCNN and YOLOv5 deep learning algorithms were used to
identify external air conditioner units on both sides of the roads in the Beijing 2nd ring
from street view images, respectively. The quantity of air conditioners in street view
images in several blocks was indirectly obtained by identifying the external air conditioner
units in the images. This study proposes a convenient and low-cost detection method
to extract external air conditioner unit features by applying Mask-RCNN and YOLOv5
theories in target detection tasks. Additionally, this study provides inspiration for the
subsequent realization of the spatialization of air conditioner external units and completes
the lower-cost and essential extraction goal of air conditioner information extraction.

After this introduction, Section 2 discusses the dataset and method used in this study,
and Section 3 presents the experimental results and analysis. Section 4 includes prospects
for further research and discussions. Finally, Section 5 presents concluding remarks.

2. Materials and Methods
2.1. Street View Image Selection

Several existing public databases do not include external air conditioner unit fea-
tures. Therefore, this study proposes the use of a manual annotation method for available
and high-quality street view images to construct a monographic training dataset for air
conditioner external units for the first time. The dataset was selected from street view
images provided by the Baidu Street View online map platform and consists of several
street view images within the 2nd ring road area of Beijing. The Labelme image annotation
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tool was used to further annotate street view images for labeling the target entity (external
air conditioner units), and a trainable air conditioner external unit thematic dataset was
obtained.

Owing to the complication of entity categories contained in the street view images, the
limitation of the camera shooting sites selected on different roads, and the immeasurable
distance between the buildings on both sides of the street and random selected shooting
points, several external air conditioner units only occupy a small proportion in several street
view images. External air conditioner unit objects occupy few pixels in a 1024 × 1024 street
view image and provide few features, whereas the background provides multiple features
(Figure 1a). Entity coverage disturbances and the phenomenon of shadow coverage are
caused by inappropriate shooting angles.
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Figure 1. Examples of deficient performance of several street view images, including: (a) occupying
a small proportion of several street view images; (b) excessive deviation of the camera angle value;
(c) urban street vegetation covering; (d) covering by other objects.

This study adopts the following three standards to conduct strict preliminary selection
in 18,607 street view images according to the conditions of external air conditioner unit
entities in the images before the next labeling step:

1 The number of building floors within the camera frame is defined with a limit of
10 to satisfy the requirement of the entity target size of less than 128 × 128, which is
standard among existing public datasets;
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2 This study selected street view images of air conditioner external unit entities with a
horizontal front shooting view and inconspicuous distortion and removed street view
images with excessive deviation of the camera angle value (Figure 1b);

3 Irregular or fragmentary shapes of air conditioner external units caused by urban
street vegetation covering (Figure 1c) and covering by other objects (Figure 1d) on
both sides of streets exist frequently in several street view pictures. The characteristic
of these severely covered air conditioner external units is far more complicated and
significantly different compared with other intact entities. Adding the fragmentary
entities into the training dataset will add a lot of noise features into the training pro-
cess because the fragmentary entities are of significant randomness with dissimilar
irregular shapes. However, unlabeled entities are added to the background cate-
gory. Adding the fragmentary entities that contain part of target features into the
background category will affect the accuracy of target feature extraction. To address
these problems, this study removed images containing external air conditioner units
severely covered by trees or other entities.

We selected 533 street view pictures that met the afore-mentioned requirements from
18,607 street view pictures downloaded within the 2nd ring road area of Beijing. The
training dataset included 1502 external air conditioner units.

2.2. Target Entity Annotation

The target detection task of an image corresponds to image classification at the pixel
level. The purpose of target detection tasks is to mark the same classification label for
the target entity belonging to the same category to classify all the entities in the image.
We manually informed the machine of the category of each entity before implementing
the deep learning method to automatically classify the entities in the images. Therefore,
marking the object categories of the sample data is essential. The labeling tool used in this
study is Labelme, an open-source image labeling software developed by the MIT Artificial
Intelligence Laboratory (MIT CSAIL).

This study used the Labelme image annotation tool to label the target entities in
selected street view images. Figure 2 shows some of the labeled images. The Labelme tool
generates the annotation files in JSON format. JSON-formatted source data files should be
promptly modified to the target format when imputing Mask-RCNN and YOLOv5.

To facilitate the Mask-RCNN input, this study converted each JSON file into a new
expanded dataset folder that included the original image JPG file, format files generated
by the extension process—Info.yaml, Label.png, Label_Viz.png—and Label_Names.txt text
files attached to annotated category names.

In this study, JSON-formatted source data files were converted to txt files, which
includes 5 indexes—object-class-id (category number), x (the abscissa of the target center
point/the width of the image), y (the ordinate of the target center point/the height of
the image), width (the width of the labeled target entity/the width of the image), height
(the height of the labeled target entity/the height of the image)—to facilitate the YOLOv5
input. Except for the category number index, the other 4 indexes mentioned above are
normalized to the width and height of images, respectively, and the four scale coefficients
in the 0–1 interval are obtained.

Combined with the selected result of labeling software Labelme, we visualized 1502 la-
beled external air conditioner units. The visualization results of four normalized indexes
are shown in Figure 3. The light color of the points in one dense area indicates a phe-
nomenon of a large number of points crowded in that area. On the contrary, the dark
color of the points in one area shows that few points fall in that area. From the regional
distribution of the drop points in Figure 3, a phenomenon of uneven distribution of the
target category points is especially obvious and indicates that the target features that need
to be classified are more complex. This phenomenon becomes a common situation in target
detection tasks. Figure 4 shows expectation result graphs in our recognition task.
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Figure 4. Example expectation result graphs in our recognition task. (a) indicates a combination example of several original
unclassified pictures; (b) indicates a combination example of several classified pictures that are predicted by training models.

Figure 3a shows the distribution of marking the center point of each air conditioning
unit in each street view image. An obvious phenomenon of randomness occurs in the
distribution of external air conditioner unit entities in street view images. Figure 3b shows
the normalized scale coefficient between the length and width of the labeled boxes to
the length and width of the real street view images. Figure 3b indicates that the size of
labeled air conditioning unit frames is random in the whole dataset, and large labeled
frames and small labeled frames coexist. Meanwhile, Figure 3b also shows that the red
area representing the concentrated distribution of labeled frames is densely distributed
in the area with smaller values. This phenomenon indicates that most of the labeled air
conditioning unit entities are of small size. Compared with the size of the whole street
view images, the size of the labeled air conditioning unit boxes is small. Therefore, the
features contained are also deficient, which affects the feature extraction.

2.3. Mask-RCNN Network Model

After completing the above-mentioned tasks of selecting the street view images and
adding classification labels, we used the Mask-RCNN network model to train model files
and output the final prediction result.

Mask-RCNN is an improved convolutional neural network model with excellent
performance based on the previous Faster-RCNN network structure proposed by He [17].
Mask-RCNN uses an efficient network design for three image recognition tasks: target
detection (giving the category and location of the object by pointing to the location in
the form of an external rectangle box), instance division (providing the location of the
attached segmentation objects with more detailed information in the form of the mask
of the area), and key point detection (predicting the semantic key point and position of
multiple objects). Mask-RCNN achieves superior recognition results compared with the
Faster-RCNN network structure proposed by the same author. Mask-RCNN is improved
to become an instance segmentation network on the network basis of Faster-RCNN.

Mask-RCNN adopts the same two-state basic structure as the previous generation of
Faster-RCNN. First, a region proposal network is obtained through a one-stage network.



Remote Sens. 2021, 13, 3691 10 of 21

Then, the ROIs found by the region proposal network are classified and located. Finally,
the network determines the binary masks. Mask-RCNN differs from other networks in the
processing sequence by searching for masks before classifying their categories.

The region proposal network (RPN) (the regional recommendation network) is used to
recommend regions of interest (ROIs). RPN was first proposed in the Faster-RCNN network
structure and was used to extract candidate boxes [17]. In the Faster-RCNN framework, the
author proposes RPN to solve the problem of expensive time cost in traditional selective
search methods for candidate box extraction. RPN can be combined with the convolutional
neural network and integrated into other network algorithms.

In the Mask-RCNN network design, the author optimizes the original ROI pooling
structure, which is implemented in the Faster-RCNN network with a regional feature
aggregation to obtain an excellent network structure (RoIAlign). RolAlign solves the
misalignment problem in ROI pooling, which is easily caused by the original two quan-
tized steps.

In common two-stage detection frameworks (e.g., Fast R-CNN, Faster-RCNN, and
RFCN), the processing notion of ROI pooling is to pool the corresponding area into a
fixed-size feature map based on the previously obtained coordinate information of the
pre-selection box position for the purpose of facilitating the subsequent classification and
regression of the surrounding boxes. The position of the pre-selection boxes is usually
obtained by model regression, and the position information of the pre-selection box is
generally generated in floating-point type form. Therefore, the network structure requires
the pooling feature maps to generate a definite fixed image size. ROI pooling is designed
for the network and performs two quantization processes. However, the resulting position
of the candidate boxes has a certain coordinate deviation compared with the position
generated from the initial regression. This coordinate deviation affects the accuracy of
the subsequent detection and segmentation processes, and He et al. named this problem
“misalignment” [17].

To solve the above-mentioned misalignment, RoIAlign eliminates the quantization
operation of ROI pooling and using bilinear interpolation instead of obtaining the coor-
dinate value of pixel points. Thus, the original ROI pooling feature gathering process is
transformed into a continuous operation process.

The backbones of previous generation Faster-RCNN are Resnet50 and Resnet101.
Mask-RCNN uses a new ResNet network as a backbone, which adds an efficient backbone
element (FPN) to the Faster-RCNN backbone.

FPN was proposed to efficiently merge the generated feature maps. Traditional
networks use the feature map generated directly in the last layer. However, the position
information and resolution of the feature map are of poor quality, which is hard to satisfy
the data accuracy requirements for the recognition tasks of small target entities. The FPN
structure was introduced into the Mask-RCNN network to solve the above-mentioned
problems and integrate all feature maps from the bottom to top levels to take maximum
advantage of features extracted from the ResNet backbone (i.e., the C2–C5 layers in the
ResNet network).

2.4. YOLOv5 Network Model

After implementing the Mask-RCNN network model to train model files and output
the final result, we also used the advanced one-stage YOLOv5 network model to complete
our task as a comparative experiment.

YOLOv5 is an improved convolutional neural network model with excellent improve-
ment based on the previous YOLOv4 network structure in one-stage target detection
algorithms [22]. The YOLOv4 network combines the latest theories on the basis of the
YOLOv3 network. Regarding the latest data enhancement technology applied in the
YOLOv4 network [21], YOLOv4 not only uses classic geometric distortion and illumination
distortion processing in one image, but also innovatively uses image occlusion (Random
Erase, Cutout, Hide and Seek, Grid Mask, MixUp) technology. YOLOv4 mixes CutMix
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and Mosaic technologies in multi-image combination. YOLOv4 also uses Self-Adversarial
Training (SAT) to assist data enhancement. YOLOv4 uses CSPDarknet53, mish activation
function, and Dropblock on the network backbone, which simplifies the model calcula-
tion and ensures model accuracy. In the publicly available YOLOv5 model architecture,
YOLOv5 uses a network architecture on the basis of YOLOv4, which acquires splendid
training accuracy. However, YOLOv5 has been greatly improved in flexibility, model
deployment, and operating speed compared with YOLOv4.

YOLOv5 transmits each batch of training data through the data loaders and enhances
the training data. The data loaders of YOLOv5 mainly implement three data enhancement
methods including scaling, color space adjustment, and mosaic augmentation. The mosaic
augmentation method can effectively solve problems in extracting small target entity
features in this study.

YOLOv5 anchors belong to a kind of auto learning bounding box anchor, and anchors
are automatically selected in different training data based on algorithms. Regarding the fact
that the target recognition framework is required to scale the original image size and sizes
of target entities in images are different, YOLOv5 proposes a new idea of automatically
learning the size of anchor boxes. Compared with the YOLOv4 network, the adaptive
anchor boxes design in YOLOv5 facilitates parameter tuning in the training model.

YOLOv5 and YOLOv4 take CSPDarknet as a backbone to extract rich information
features from the input images. CSPDarknet integrates CSPNet (Cross Stage Partial Net-
works) with the traditional Darknet network principle. The implementation of CSPNet
solves the problem of repeating gradient information in network optimization of the frame-
work backbone in other large-scale convolutional neural networks. CSPNet integrates
the gradient changes into a feature map and reduces the types of model parameters and
FLOPS values. CSPNet guarantees the model’s superior processing speed and accuracy,
and reduces the size of the generated model files. YOLOv5 also adds a focus mechanism
on the basis of the original CSPDarknet as the backbone in the model. YOLOv5 inputs
the original images into the focus structure and uses slicing operations to generate huge
numbers of feature maps. Then, a convolution operation of multiple convolution kernels is
carried out to achieve the effective extraction of entity features.

The next network structure following the backbone is the neck, which is used to
generate feature pyramids. Feature pyramids enhance the model’s detection of objects at
diverse scales to facilitate its recognition of the same category entities in different scales.
The FPN network [16] has been the state of the art at the feature aggregation layer in
the object detection framework until the PANET network was proposed. On the basis of
Mask-RCNN and FPN frameworks, several exquisite improvements have been made in
PANET [28] to strengthen the information dissemination capability. The feature extractor
of the PANET network adopts the design of the new FPN structure, which enhances the
bottom-up path and improves the propagation of low-level features. Through horizontal
connections, the output of the PANET network is added to the top-down path in the
same stage feature maps, and provides the information for the mask prediction in the
next stage. The PANET network also uses an adaptive feature pooling strategy to restore
information paths among candidate areas or different feature levels that may be destroyed
and aggregate candidate areas. In the adaptive feature pooling strategy, each proposal uses
the features of all layers in the feature pyramid to avoid the random allocation of proposals.
In the YOLOv4 [21] network, YOLOv4 maintains the SPP module in the previous YOLOv3
network and uses FPN + PANET as a neck design, which achieved excellent algorithm
performance to aggregate features for the first time. PANET is therefore considered to
be the most suitable feature fusion network for YOLO networks. YOLOv5 draws on
the advantages of the previous YOLOv4 network and also uses FPN + PANET as a neck
network to aggregate features. Compared with the YOLOv4 network, the YOLOv5 network
also adds the CSPNet structure to its backbone network. However, a new CSPNet structure
is implemented in the neck structure in YOLOv5 design. Taking the YOLOv5s network
applied in this study as an example, the first CSPNet structure CSP1_X is used in the
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backbone network, while the second CSPNet structure CSP2_X is used in neck. The neck
structure of YOLOv4 adopts the ordinary convolution operations. In the YOLOv5 neck
structure, the CSP2 structure designed by CSPnet is adopted to strengthen the ability of
network feature integration.

The final general detection layer is mainly used for the final detection process, which
applies anchor boxes on the feature maps and generates the final output vectors with
class probabilities, object scores, and bounding boxes. In the YOLOv5 network, the design
of the general detection layer is similar to that of the previous YOLOv3 designs and
YOLOv4 design.

In the official code of YOLOv5, 4 versions of the target detection network are given,
namely YOLOv5s, YOLOv5m, YOLOv5l, and YOLOv5x. The network structure of the
four models is similar. Since we only detected one target category, we used the YOLOv5s
model with the performance of the fastest training and the fewest parameter tunings.
The YOLOv5s network has the smallest feature map depth and feature map width in the
YOLOv5 series. The other three networks have deepened and widened on the basis of the
YOLOv5s network. YOLOv5s can be quickly deployed, acquires the least model overheads,
and performs splendidly.

3. Results

The experimental environment selected in this study was Python 3+ TensorFlow+
Pytorch. The graphics card type was Tesla V100. Two graphics cards were used in this
study. The graphic memory of each card was 16G.

In this study, the widely used and publicly available pre-trained coco weight file was
used as the initial weight based on the idea of parameter migration and taken as the initial
retraining weight of the pretraining model in the Mask-RCNN training process. The object
characteristics of the street view images are dramatically complicated, and the number of
negative samples obtained in the background is larger than the number of air conditioner
external units; therefore, the minimum probability value controlling the rule of accepting
the detected instance was set as 0.6. This value indicates that samples with an intersection
ratio between the candidate region and the marked frame greater than 0.6 are considered
positive samples. The non-maximum detection suppression threshold was set to 0.2, which
indicates that a target area with an intersection ratio between the candidate region and
the marked frame of less than 0.2 does not participate in the training process. Thus, target
areas with intersection ratios from 0.2–0.6 are background entities.

In the training of Mask-RCNN, the initial learning rate was set to 0.01. After training
for 50 epochs, the learning rate dropped to 0.0024 for training the next 100 epochs. Owing
to GPU computing power limitations, the entire training process was divided into three
sessions, each of which ran for 50 epochs. At the beginning of each new session, the loss
value experienced an initial oscillatory surge before reverting to the change trend of the
epoch in the previous sequence. Because the image size was 700 × 1024, each graphics
card was prescribed to process three pictures in each turn. In the training of Mask-RCNN,
the batch size was set to six; each epoch trained 890 steps.

In the training of YOLOv5, the initial learning rate was set to 0.01. The training
model was trained from scratch. YOLOv5 applied the SGD (stochastic gradient descent)
training strategy combining momentum theory for training 300 epochs. The SGD strategy
dynamically takes a random sample from the dataset and calculates the relevant error
gradient. Therefore, SGD can dynamically adjust the current learning strategy to make the
model converge to a more accurate minimum quickly. However, the disadvantage of the
SGD strategy is obvious because its dynamic update direction completely depends on the
current epoch, which leads to an extremely unstable update direction. In order to solve this
problem, YOLOv5 introduces Nesterov momentum theory. Basic momentum theory is used
to make the model converge quickly when the training gradient direction is unchanged.
Once the training gradient direction changes, the design of basic momentum theory will
help to reduce the fluctuation of the gradient value. Nesterov momentum theory (the
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accelerated gradient descent theory) is an improvement on the traditional momentum
theory. The gradient update method in Nesterov momentum is based on prediction and
dramatically improves the responsiveness of the algorithm. In this study, we set Nesterov
momentum to 0.937. Owing to the lightweight network structure of YOLOv5, we changed
the batch size to 25 in the YOLOv5 training process.

Because the accuracy is based on four simple object classification criteria (true positive,
false positive, true negative, and false negative), the accuracy index is universal and conve-
nient for calculating classification algorithms. However, accuracy is not frequently used in
the evaluation of advanced network framework tasks, such as detection or segmentation
tasks. Accuracy is generally used to evaluate the global accuracy of the model and is
unsuitable for evaluating the performance of models containing abundant entities and
comprehensive features. Therefore, the accuracy is not the best evaluation index for model
evaluation in this study. Thus, the following evaluation indexes were chosen: precision,
recall, F1 score, and mAP.

In target detection papers, mAP is used to evaluate model performance. The majority
of studies regard mAP as the most significant performance evaluation index for target
detection model evaluation. In the model evaluation task in this study, the precision, recall,
F1 score, and mAP of the models trained by the Mask-RCNN and YOLOv5 networks were
calculated to numerically measure the recognition performance of the model.

The concept of mAP is derived from precision and average precision (AP), which
numerically describes the model performance. According to the conceptual definition of
the target entity binary classification problem, the real category of the target entities and
the category predicted by the classification algorithm can be set as evaluation guidelines.
The existing target entities can then be classified into four categories according to the two
evaluation conditions: true positive, false positive, true negative, and false negative. The
true positive entities primarily refer to the object recognized as true in both prediction and
actual data annotation processes. Precision is defined as the proportion of true positive
entities to the number of objects identified as true in the algorithm recognition process.
Recall refers to the proportion of true positive entities to the number of the whole objects
labeled as true. Therefore, precision and recall are set as the ordinate and abscissa of the
function, respectively; the forming function curve is called the precision–recall function
curve, and the AP value is the value of the area between the curve and the coordinate axis.

The mean average precision (mAP) is the AP value of multiple entity categories. The
value of mAP in the experiment is between 0 and 1. The model recognition performance is
superior with high mAP scores. The index is essential for evaluating the performance of
target detection algorithms. Because only one category of target entities was selected, mAP
and AP had the same value for calculating the evaluation index.

The F1 score is the harmonic mean of the precision and the recall and is used to
measure the accuracy of the binary classification model and of the precision and recall
in the classification model. The F1 score is defined as the harmonic average value of
precision and recall, which considers the accuracy ratio of model recognition reflected by
the precision value and the simultaneous recall ratio reflected by the recall value when the
two indexes conflict.

In summary, precision measures whether the model has been misjudged and recall
measures whether the model has missed the target entity. The mAP and F1 scores consider
precision and recall rates and reflect the comprehensive performance of the training model.

The precision rate, recall rate, and F1 score formulas are defined as follows:

Precision = TP/(TP + FP) = TP/(all detections) (1)

Recall = TP/(TP + FN) = TP/(all ground truths) (2)

F1 Score = 2 × (Precision × Recall)/(Precision + Recall) (3)

Regarding the training process of Mask-RCNN, Figure 5 shows the loss value curve
of the entire process during the Mask-RCNN training process. Loss value is essential to
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evaluate the training quality of the result. The model that presents a flat, low-level loss
value presents superior accuracy. In the last training period of this study, the loss value
levelled off and reached 0.0171 in the 150th epoch model file, which was selected as the
final analysis model file.
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Figure 6 shows the numerical curves of the loss indexes. YOLOv5 uses GIOU loss as
the loss of the bounding box. We visualize GIoU loss and target detection loss to analyze
training accuracy. Compared to the traditional return loss, GIoU loss for bounding box re-
gression [29] possesses excellent performance without the scale deformation phenomenon.
The GIoU loss value being lower indicates that the predicted bounding boxes in the model
are more accurate (Figure 6a). Figure 6b indicates the mean loss for the target entities.
The model file has a flat, low-level Objectness loss value (Figure 6b), indicating superior
accuracy in detecting target entities. Figure 6c,d show the GIoU loss and Objectness loss
indexes in the validation dataset, respectively. The last 300th epoch model file with four
flat, low-level loss values was selected as the final analysis model file in the YOLOv5
training process.

Table 1 shows the numerical results of the evaluation indexes (the values are rounded
to four decimal places). The mAP indexes of the two different models on the same verifica-
tion dataset both presented splendidly, reaching above 90%; however, the model generated
in YOLOv5 had better F1 score index performance with 0.8373 (Table 1). Therefore, in
this experiment, the YOLOv5 model had better comprehensive performance in training
and was used to predict the air conditioner external units in street view pictures. Figure 7
shows the predicted recognition diagrams of Mask-RCNN and YOLOv5 algorithms.

Table 1. Evaluation indexes of generated model files by Mask-RCNN and YOLOv5 algorithms.

Indexes Mask-RCNN YOLOv5

Precision 0.9935 0.7483
Recall 0.4986 0.9502

F1 Score 0.6640 0.8373
mAP 0.9879 0.9428
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4. Discussion

The majority of research on air conditioners primarily focuses on renewable energy,
electrical power, and energy systems (e.g., coordination of energy storage systems, energy
storage modules for air conditioners, and solar photovoltaic direct-drive air conditioning
systems). However, the development of the spatial distribution of air conditioner data
remains scarce. Existing methods for investigating air conditioner coverage are primarily
based on the traditional expensive census method. However, traditional census methods
are complicated and consume excessive manpower and time in the census process.

This study proposes a new method using a new notion for the application of street
view images and the extraction of air conditioners. It uses two advanced convolutional
neural network algorithms to efficiently identify external air conditioner unit entities from
street view images. The algorithm applied in this study obtains air conditioners using
data from urban areas more quickly and conveniently than traditional high-cost manual
census methods.

The experimental dataset was selected from street view images provided by the Baidu
Street View online map platform within the 2nd ring road area of Beijing. Limitations due
to inadequate camera shooting sites, the immeasurable distances between buildings on
both sides of the street, urban vegetation and shadow covering problems, and street view
image quality partly affected database capacity.

The following analysis is given based on the definition of the recall and precision
indices and evaluation scores in the previous section from the application of the Mask-
RCNN and YOLOv5 algorithms. The precision indexes describe the proportion of true
positive examples in the positive examples predicted by the model classifier (i.e., the
number of entities accurately identified as positive by the model classifier). The recall
indexes focus on the real entity ratio after labeling and describe how many real positive
examples in the training dataset are selected by the trained model classifier.

We used the Mask-RCNN and YOLOv5 algorithms, which are widely recognized
as effective for target detection. Regarding the performance of Mask-RCNN, although
the precision score reaches approximately 0.99, the recall score remains at approximately
0.50 and indicates that the trained model has excellent accuracy for predicting the entities
selected by the recognition box as target entities but fails to identify all the required entities.
The YOLOv5 algorithm is superior, with precision and recall scores reaching 0.7483 and
0.9502, respectively, but the YOLOv5 model also remains defective in predicting the correct
entities regarding imperfect precision score in this study.

Regarding the four evaluation indexes’ performance shown in the previous section,
the YOLOv5 network presents better comprehensive performance compared with the
Mask-RCNN network. In this study, YOLOv5 is superior as YOLOv5 seems to be better at
detecting smaller target entities with applying mosaic augmentation, which can effectively
solve the training problem in training small sample targets. Comparing Mask-RCNN and
YOLOv5, YOLOv5 has obvious advantages in its superior training speed and the small file
size of the generated models, with the YOLOv5 model and Mask-RCNN model occupying
26.4 MB and 244 MB, respectively. In the application of the external air conditioner unit
dataset, YOLOv5 trained faster. Regarding four indicators’ performance, as shown in
the previous section, YOLOv5 generally has more splendid performance when detecting
small targets.

Figure 8 shows several sample images of misidentified entities during the prediction
process. The above-mentioned phenomena are due to the complex air conditioner external
unit features contained in the street view images, occupying too few pixel values to extract
enough features, and to the interference of different brightness areas, shooting angles,
urban vegetation and shadow coverings, and the different square or circular character-
istics of the fan blade shapes of external air conditioner units. All the factors affect the
performance of algorithms in feature recognition and function discrimination. Thus, the
discriminant feature function obtained by the classifier is lopsided in the process of the
discriminant feature function induction, and the recall or precision performance of external
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air conditioner unit feature extraction remains defective, as shown by the indicators in the
previous section. Therefore, the extraction and induction of the features of the external air
conditioner unit entities remain complex in street view images. We will continue working
on this topic in future studies.
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Figure 8. (a–d) all present several sample images of misidentified entities during the predicting
process; (a,b) present several small unidentified external air conditioner units and phenomenon of
lacking labeling; (c,d) present a phenomenon of excessive and incorrect labeling.

Several accuracy differences are apparently reflected by the evaluation indicators
between this study and other similar target street view entity detection studies [23–26].
Several studies applying deep learning networks or traditional machine learning methods
to detect target entities from street view images present superior evaluating performance.
The performance of binary classification using a deep learning network in crack detection
on GSV pavement images is impressive, with precision, recall, and F1 scores of approx-
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imately 0.98 [23]. Additionally, the F-score of abandoned house detection using a deep
learning network reaches 0.84 in a well-prepared GSV dataset collected from five differ-
ent Rust Belt cities [26]. Moreover, traditional machine learning methods also acquire
superior performance in datasets containing uncomplicated features. The accuracy rate of
street-level sidewalk detection reaches 0.95 using a traditional random forest classifier in
2438 GSV images and 78,255 segmented image regions [24]. However, the precision and
mAP scores are deficient for complex target entities (e.g., trees). The mAP and AP scores
of the classification of separate trees were approximately 0.3 and 0.6, respectively [25].
In the detection task of separate trees, misidentified phenomena were also severe. Most
masking errors in instance segmentation with Mask R-CNN include the phenomena of
one tree split into multiple detections, hedges or shrubs detected as trees, misidentified
small trees, undetected trees in shadows of other entities, non-tree objects detected as trees,
and masking errors [25]. In this study, the classification results are superior compared
with other similar studies, with the mAP score of the Mask-RCNN and YOLOv5 training
models reaching 0.99 and 0.9428, respectively. Thus, external air conditioner units could be
extracted using the Mask-RCNN and YOLOv5 algorithms in the street view dataset.

Comparing the above-mentioned four different recognition performances with the
performance of this study, the huge differences in experimental performance are due to the
characteristic complexity of the different target entity categories. The features that trees
and external air conditioner units contain are far more complex than those of cracks and
abandoned houses in GSV pavement images. Additionally, the feature extraction and target
object recognition of trees and external air conditioner units are more easily affected by the
influence of brightness, shooting angle, other entities, and shadow covering compared with
abandoned houses and cracks. However, the disturbances of brightness, shooting angle,
other entities, and shadow covering are common in GSV images. Additionally, object size
in images dramatically affects the recognition performance. These phenomena confirm that
distinguishing between visually overlapping and small objects is a difficult task. Detecting
objects using multiple street-level perspectives potentially offsets this problem, as occluded
or overlapping objects can either be seen in the foreground or are distinguishable from
other perspectives and images. Regarding the limitation of inflexible and discontinuous
street view image shooting points, we will continue working on this topic in future studies.

Because of the complex types of objects contained in street view images and multiple
sources of street scenes, the number of street view images containing external air condi-
tioner units is limited; additionally, the number of external air conditioner units that meet
the size requirements of training samples is insufficient. The source of the training dataset
will continue to expand in future studies. The classification characteristics of external air
conditioner units are extremely complex and include circular or square fan blades and
several external air conditioner units equipped with metal external frames for hanging
and fixing. The additional characteristics of these disturbances will significantly impact
identification efficiency. We will continue to work on the removal of these noise features
and introduce other auxiliary information to achieve better recognition performance.

During the street view image shooting process, the influence of brightness, shooting
angle, urban vegetation cover, and shadow covering affected feature extraction and target
object recognition. In future experiments, we will continue to mitigate the interference
of these factors. Additionally, we will conduct further research on spatial air conditioner
extraction in a large area in Beijing and other cities to expand the robustness of our datasets.
Thus, our training model, which contains highly generalized external air conditioner unit
features, could accurately acquire the number of air conditioners in other cities all over
the world. Meanwhile, the street view platform has not clearly explained the update
time and update frequency of new street view datasets. The update frequency has great
randomness. Street view data published by the platform have the characteristic of time
lag, which leads to the extracted air conditioner data also presenting the characteristic
of time lag. Additionally, the update frequency of the street view dataset in different
regions also varies significantly. Street view data in some regions are vacant for a long
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period, leading to a phenomenon of severe information lag. Although the timeliness of the
dataset is deficient, the establishment of a monographic dataset is significative. Our study
demonstrated the feasibility of street view images in air conditioner detection and showed
great potential to detect air conditioners in the future. In future studies, we will continue
working on extracting air conditioner popularity data from street view datasets, which
can be used to assist urban disaster prevention and disaster mitigation, evaluate urban
infrastructure improvement, monitor urban electricity consumption, and help energy-
saving planning in consideration of other parameters such as locations, household numbers,
and population numbers.

Overall, extracting air conditioners from street view images to accurately assess the
ability of residents to mitigate the impacts of heat waves will improve the accuracy of heat
wave risk to human safety and of urban heat island impact assessment at an extremely
fine scale.

5. Conclusions

The frequent occurrence of heat waves has presented challenges to human safety,
economic activities, and transportation. Air conditioners are one of the most important
ways to mitigate heat waves. The existing technical schemes of external air conditioner
unit extraction are generally presented by the form of manual census methods to evaluate
the air conditioner coverage rate in diverse regions. The traditional registration method is
complicated and of expensive time-cost. Therefore, convenient and efficient registration
methods are in urgent demand in order to promptly and efficiently extract the spatial
distribution of air conditioner usage.

Meanwhile, the existing studies of air conditioners generally involve the perspectives
of controlling devices of air conditioners, air conditioner system configuration, and protect-
ing devices of air conditioner external units. There are few studies in the air conditioner
information extraction field. Monographic datasets and feature extraction algorithms for
air conditioner external unit feature extraction are also deficient.

This study firstly establishes a monographic dataset to detect air conditioner external
unit features. In addition, this study proposes two convenient low-cost methods for identi-
fying external air conditioner units that apply the Mask-RCNN and YOLOv5 algorithms to
the target detection field for successful low-cost and rapid feature extraction. The result
can efficiently assist local governors in formulating heat wave relief policies and heat wave
forecasts that are adapted to local conditions in a combination of household numbers and
population densities. We will continue working on the extraction of other parameters such
as household numbers and population density on this street view dataset in future studies.

The recognition and classification results of the training model were reasonable. The
mAP score of the Mask-RCNN and YOLOv5 training models reached 0.99 and 0.9428 in
the validation dataset, respectively. Thus, air conditioners could be extracted from street
view images using the Mask-RCNN and YOLOv5 algorithms.

In this study, the prediction performance of YOLOv5 being superior can be attributed
to the YOLOv5 model seeming to be better at detecting smaller target entities when
applying several advanced processing theories such as mosaic augmentation, which can
effectively solve the training problem in training small sample targets. YOLOv5 has obvious
advantages such as its splendid training speed and the file size of the generated models.

The annotated dataset of this study remains partially deficient due to complex image
features, deficient pixel sizes of the target entities, and multiple street view background en-
tities. In future experiments, we will continue to improve the feature extraction algorithms
and datasets to achieve better recognition performance.

This study provides a new method and inspiration for the subsequent extraction and
spatial distribution of external air conditioner units. This study starts with air conditioner
applications and links air conditioner distribution and heat wave disasters by regarding
air conditioner spatial distribution as an index to evaluate the ability of tolerance and
resilience to heat waves in certain regions. This study provides a great data source for the
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highly accurate assessment of heat wave risk and heat island impact, supporting scientific
endeavors by the community or government to address heat waves.
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