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ABSTRACT Judging imaging quality is an important part of the maintenance of visual intelligent monitoring
systems for electrical power scenes. However, accurate and efficient identification of possible abnormal-
ities in imaging quality remains challenging. This paper proposes a novel multi-region two-stream deep
architecture to improve judging abnormalities. The proposed architecture incorporates two-stream scheme
and multi-region strategy to identify relevant information and explore hidden details. More specifically,
in addition to color and intensity in the original images, the two-stream scheme uses high-frequency structure
information from gradient images to enhance its performance. The multi-region strategy employs spatial
pyramid random cropping and region fusion to handle locally non-uniform changes among categories:
spatial pyramid random cropping characterizes images at different spatial pyramid levels, while region fusion
focuses attention on cropped regions relevant to quality perception by using adaptive learning weights in a
fully connected layer. In this way, the proposed strategy guides the framework to adequately and adaptively
explore the discriminative regions hidden in the input images, and provides an end-to-end learning procedure.
Experimental results demonstrate its strong performance for judging abnormalities, and the proposedmethod
can be easily extended to the entire surveillance system.

INDEX TERMS Abnormal judgement, power systems, deep learning, two-stream scheme, region fusion.

I. INTRODUCTION
Intelligent monitoring systems (IMSs) are playing increas-
ingly significant roles in the rapid development of smart
electrical grids and unmanned substations. They can aid the
efficiency of normal operation by providing visual technical
support and intelligent decisions for power production and
management. They also enhance safety by controlling the
dispatch of emergency services during an emergency [1].
However, any abnormality in imaging quality (e.g., distortion
or jittering of output images) will severely affect the relia-
bility, availability, and stability of an IMS. Therefore, under-
standing the operational status of the monitoring equipment
in real time and further judging any abnormality in its imaging
quality are essential parts of daily maintenance.

The associate editor coordinating the review of this manuscript and

approving it for publication was Andrea F. Abate .

Generally speaking, the quality of captured video images
is directly linked to the status of the monitoring equipment.
Old or failed cameras or lenses can lead to abnormal focus,
brightness, gain, or color cast, or even complete video signal
loss. Transmission failure, poor contact, or electromagnetic
interference can cause noise to overlay the image; e.g., streaks
and snowflakes. Fig. 1 shows a variety of typical imag-
ing abnormalities. Historically, judging any abnormality in
imaging quality has mostly been a manual task, making it
expensive, time-consuming, somewhat subjective, and also
decreasingly practicable as schemes for monitoring power
system increase in scale. Therefore, this paper focuses on
the automatic analysis of captured video images to develop a
system to accurately judge abnormalities in imaging quality,
thereby facilitating the timely and efficient maintenance of
the entire surveillance system.

Generally, abnormalities can be automatically identified
or located through various computer algorithms or machine
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FIGURE 1. Example of abnormal images captured by an intelligent
monitoring system (IMS). From left to right: abnormal focus, abnormal
brightness or gain, color cast, no video signal, and overlay noise.

learning models [2]–[8]. In computer vision, most of tech-
niques are built upon specific highly discriminative and local
invariant characteristics with the help of certain classifiers
(e.g., support vector machines). Once the classificationmodel
is trained from extracted features, the consequent judgment
task can be automatically performed. Therefore, extracting
discriminative and robust features from images is key to sat-
isfactory judgment performance. Existing feature-extraction
methods can be roughly categorized as hand-crafted [9]–[11]
or deep learnt [12]. Given the superiority of automatic
feature training over manual design, deep learning frame-
works have the potential to extract more relevant features
with higher efficiency. During the last decade, representative
works [13], [14] have revolutionized the development of deep
learning methods in the field of machine learning and pattern
recognition. For instance, AlexNet (8 layers) [15], VGG-Net
(16–19 layers) [16], GoogLeNet (22 layers) [17], and residual
net (152 layers) [18] have demonstrated great potential in
classifying natural images.

Designing deep neural network architecture for the opti-
mal trade-off between accuracy and efficiency has been an
active research area in recent years. Deep ConvNets are often
overparameterized. Model compression [19]–[21] is a com-
mon way to reduce model size by trading accuracy for effi-
ciency. SqueezeNets [22], [23], MobileNets [24], [25], and
ShuffleNets [26] et al. are another alternatives to handcraft
efficient mobile-size ConvNets. Recently, neural architec-
ture search (NAS) becomes increasingly popular in design-
ing efficient mobile-size ConvNets [27]–[30], and achieves
even better efficiency than hand-crafted mobile ConvNets
by extensively tuning the network width, depth, convolution
kernel types and sizes.

Although these previous methods have achieved good
results, certain issues remain in the specified task. For exam-
ple, these classic deep networks take advantage of the orig-
inal image intensity information, but do not effectively use
other useful information from other sources or representa-
tions (e.g., gradient information). Two further points are noted
for the task of judging abnormalities, as follows.

• Generally, deep networks require extensive training data
to learn the parameters. However, the collection of suit-
ably labeled abnormal images for training a deep net-
work is laborious and expensive, and the use of only
a limited set of abnormal training data results in over-
fitting. Therefore, a shallow and small network would

be more suited to the task of judging abnormalities in
an IMS.

• Compared with natural images classification, the abnor-
mal images encountered by an IMS show much greater
variety in appearance; i.e., the captured abnormal images
are characterized by arbitrary noise or dynamic satu-
ration, although they have the same content as normal
images. Furthermore, the IMS should identify normal
images with non-uniform changes (such as local noise
and blur) as abnormal, resulting in small inter-class
variations. As the categories of abnormal images appear
confusing, their judgement becomes challenging, and a
more discriminative deep architecture should be care-
fully designed.

In fact, the topic of no-reference image quality assessment
(NR-IQA) [31], [32] can provide broad opportunities for the
task of judging abnormalities in imaging quality. NR-IQA
works through the use of observation statistics or learned
features to map input images to corresponding subjective
perception scores [33]–[35]. Recently, significant progresses
have been achieved by exploring deep neural networks for
better feature representation [36]–[38]. For instance, the most
recent approach is the two-stream convolutional network
(TSCN) [39], for which development was motivated by
action recognition work [40]. Despite great achievements in
NR-IQA, the relevant previous research is not well suited
to abnormality judgment in an IMS, as the specified task
involves large local changes among categories. Overall, a suc-
cessful deep architecture must deal with these aforemen-
tioned difficulties.

Accordingly, we propose a novel multi-region two-stream
deep architecture for judging abnormalities in an IMS.
Specifically, the proposed method adopts a two-stream
scheme containing the gradient stream and the RGB stream.
The underlying idea is that the two-stream techniques gener-
ally boost performance by combining information from mul-
tiple sources (e.g., action recognition [40]). The RGB stream
considers variations of the image intensities and colors, while
the gradient stream focuses on extracting structure features in
detail, as the gradient of the image plays an important role in
many vision tasks [41]. The two-stream scheme can capture
much of the higher-level meaning of the image, making it
more suited to judging abnormalities in an IMS. Actually,
the advantages are further demonstrated in NR-IQA [39].

However, note that the categories of abnormal and nor-
mal share certain similarities as well as some differences.
Hence, a multi-region strategy is proposed to adequately and
adaptively explore the discriminative regions hidden in the
images. More specifically, spatial pyramid random cropping
is adopted when characterizing images. This sampling, which
randomly crops regions at different spatial pyramid levels,
provides adequate performance while lowering computa-
tional cost. Furthermore, it is worth noting that a commonly
used method of aggregating these cropped regions is simply
a simple average in the literature. The independent consid-
eration of individual regions brings regression restrictions
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and limitations. In contrast, a simple and effective region
fusion strategy is proposed and reformulated as a region
fusion layer to adaptively identify discriminative regions and
provide end-to-end learning for the whole image. The exper-
imental results demonstrate the proposed method’s effec-
tiveness and superiority over previous methods for judging
abnormalities in an IMS.

Compared to the existing literatures, this paper makes three
main contributions as follows.
• The first is the proposed novel multi-region two-stream
deep architecture for the task of judging abnormalities
in the field of power systems and its improved perfor-
mance in that task. Although the proposed framework is
general, it is considered here in the specific context of a
complete surveillance system.

• Instead of patch based methods [37], [39], [42], spatial
pyramid random cropping is adopted to sample regions
at different spatial pyramid levels, and is demonstrated to
achieve good balance between accuracy and efficiency.

• These patch based methods roughly assign image’s label
to its sampling numerous of patches for training. As a
result, it leads to limited performance and gives rise
to other issues, e.g., how to reasonably assign labels
for these patches in training. Instead, the proposed
region fusion strategy defined as a fully connected layer
can guide the framework to adequately and adaptively
explore the discriminative regions hidden in images,
and provide end-to-end learning for the whole image
rather than individual patches; this end-to-end learning
framework enables our method to avoid confusion in
assigning labels and independent consideration for indi-
vidual patches, andmakes our architecture more suitable
for this specified task.

The remainder of this paper is organized as follows.
Section II reviews related works with emphasis on their
limitations. Section III describes the proposed method in
detail. The experimental setup and results are presented in
Section IV, and conclusions follow in Section V.

II. RELATED WORK
In this section, we provide a brief review of the closely related
topic of no-reference image quality assessment (NR-IQA)
[31], [32]. For a more comprehensive treatment of general
NR-IQA, please refer to [43], [44].

Traditional NR-IQA methods generally follow a two-stage
processing framework including feature extraction and qual-
ity regression. Related works have shown that the per-
formance of these NR-IQA models heavily depends on
their carefully designed quality aware features based on
the domain knowledge of natural scene statistics (NSS)
[45], [46] and human visual properties [47], [48]. For
instance, BRISQUE [45] was proposed to capture the statis-
tics of locally normalized illumination coefficients to eval-
uate image quality. This type of similar methods rely on
various local invariant features related to presence changes
in domains; it performs well under previously known and

precisely modeled abnormalities. These approaches that
largely rely on the extracted global or local spatial patterns
of structures perform well on uniform images. However,
the NSS-based NR-IQA methods heavily depend on the
domain knowledge on NSS modeling which is too complex
to achieve a sufficient understanding.

Recently, convolutional neural networks (CNNs) have sig-
nificantly pushed the performance of vision tasks based
on their rich representation power. Thus, another type of
methods are based on deep learning, which has drawn
much attention in the field NR-IQA. Multi-layer-structural
neural networks have been extensively investigated for
NR-IQA, and have demonstrated strong representation
ability [49]–[51]. They utilize multi-task learning, rank learn-
ing or adversarial learning, and the following fully connected
layers map the features to a quality score that is consistent
with human perception. Kang et al. [36] firstly implemented
a shallow CNN model to extract features on small image
patches for NR-IQA. The final quality score of an input image
was computed by averaging the predictions of all patches
cropped from it. Further, multi-task CNN was applied to
extend to estimate image quality and distortion type simulta-
neously [38]. A novel multi-task end-to-end optimized deep
neural network (MEON) [38] for NR-IQA was proposed,
which consists of two sub-networks a distortion identification
network and a quality prediction network sharing layers.
DB-CNN (deep bilinear CNN) [52] models synthetic and
authentic distortions as two-factor variations, and bilinearly
pooled the two pre-trained feature sets into a unified rep-
resentation. Instead, SGDNet (Saliency-guided deep neural
network) [53] additionally considers a sub-task of visual
saliency prediction with a shared feature extractor. How-
ever, it is worth noting that these training requires ground
truths of additional sub-task and subjective quality to be
both available, which largely limits the total number of valid
training samples. Also, remind again that dataset captured in
the electrical power scenes is limited and characterizes local
non-uniform degradation. Therefore, multi-region scheme is
adopted in the work to adequately and adaptively explore the
discriminative regions hidden in images.

Closely related works to ours are sampling regions strategy
based convolutional networks [37], [39], [42]. These CNNs
methods first sample numerous of patches, and then fed these
patches into a convolutional network to get their correspond-
ing classification scores, and finally applies simply average
to get score of image. During the training, these methods
roughly assign image’s label to its sampling patches. As a
result, it leads to limited performance and gives rise to other
issues, e.g., how to reasonably assign labels for these patches
in training. Instead, the proposed method takes a step further
by taking not only two-stream scheme but also multi-region
strategy into account, resulting in an end-to-end framework.
Especially, the proposed multi-region strategy considers spa-
tial pyramid random cropping to sample regions at different
spatial pyramid levels; on the other hand, it also uses region
fusion strategy defined as a fully connected layer which can
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FIGURE 2. Overview of the proposed multi-region two-stream deep architecture. The inputs for the two-stream deep network are
the sampled RGB and gradient image regions obtained by spatial pyramid random cropping.

guide the framework to adequately and adaptively explore
the discriminative regions hidden in images, providing
end-to-end learning for the whole image. Consequently, our
method results in better judgement performance.

III. METHOD
This section describes the overall architecture of the pro-
posed framework. As shown in Fig. 2, the two-stream and
multi-region schemes are two key features. The two-stream
scheme extends general deep networks to the task of judging
abnormalities: the two streams for simultaneous analysis are
the RGB image and the gradient image information. The two
extracted feature maps are subsequently concatenated, and
then fed into a sequence of convolutional and fully connected
layers that finally branch into a softmax layer for which
a classification score is obtained. To handle non-uniform
changes among categories, the multi-region scheme adopts
spatial pyramid random cropping to randomly sample regions
at different spatial pyramid levels. Finally, the classification
scores of these regions are combined via region fusion strat-
egy, thus improving performance. Details of the proposed
framework are described in the following subsections.

A. TWO-STREAM SCHEME
Intuitively, sufficient and diversity of image representation is
beneficial for the abnormal judgement task; i.e., maximize
the use of color image to a certain extent is to be encouraged.
The colors and intensities of pixels are the original and pri-
mary information, and reflect the image quality. In addition,
structure patterns among the pixels yield useful information
to be explored. As image gradients explicitly reflect the
high-frequency information of an image, considering them
in image analysis can significantly enhance performance.
To this end, the streams of the proposed scheme analyze RGB
and gradient information simultaneously, similar to other
two-stream works [39], [40].

As shown in Fig. 2, both streams employ the same
two-dimensional (2D) CNN structure. The RGB stream

captures color or saturation abnormalities, while the gra-
dient stream highlights high-frequency changes. In theory,
the basic 2DCNNused here can be designed using any classic
deep architecture such as ResNet18 or VGG-16. Note that the
basic 2D CNNs formed here by employing these classic deep
architectures retain all of the layers before the last average
pooling layer. In the study, we experimented with different
2D CNN models and reported comparison results.

The input for the 2D CNN has a shape ofC×H×W , while
the last layer outputs a feature map of shape C ′ × H ′ ×W ′,
where C = 3, H and W are the channel, height and width
of the input images, C ′ is the number of output channels,
H ′ = H/32, and W ′ = W/32. The network structure for
the gradient stream is similar to that for the RGB stream.
Subsequently, a concat layer simply concatenates the two
feature maps to obtain a shape 2C ′×H ′×W ′, and a following
1×1 conv layer adjusts the channel number to 512 for the con-
catenated feature map. Two fully connected layers with the
the nodes size of 1024 and categories number, respectively,
come after global average pooling. Finally, a softmax layer
outputs a classification score.

Two-stream scheme includes two subcomponents for an
image and a gradient image to capture input information at
different levels and facilitate the extraction of features from
the individual steams. Instead of considering RGB intensities,
the two-stream scheme considers high-frequency information
in the gradient images. It can improve discrimination between
normal and abnormal categories, and the following experi-
ments demonstrate its good performances. Another important
characteristic of the scheme is that the 2D CNNs can be
replaced by any arbitrary classic deep architecture, making it
highly flexible. Overall, the two-stream scheme is designed
to allow simple and easy model switching.

B. MULTI-REGION STRATEGY
The deep architecture is assumed to be able to encode locally
non-uniform characteristics among categories, as men-
tioned above. A simple approach is to generate numerous
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overlapping patches, and then aggregate them by simple aver-
aging, as employed by the TSCN. As a result, it is compu-
tationally expensive, and the independent consideration of
sampling patches limits performance and gives rise to other
issues, e.g., how to reasonably assign labels for these patches
in training. A multi-region strategy is proposed here to avoid
these obstacles, further endowing the whole architecture with
self-adaptive learning for discriminating regions hidden in
images.

Instead of overlapping sampling or other strategies, we pro-
pose a new spatial sampling strategy named as spatial pyra-
mid random cropping. An input image is first partitioned into
increasingly fine spatial subregions. Typically, 2l × 2l subre-
gions (l = 0, 1, 2) are used here, as shown in Fig. 2. We then
apply random cropping within each subregion to produce
R = 21 randomly cropped regions. Deep architectures based
on these cropped regions are not only robust to variations but
also more discriminating in identifying categories for which
local changes are dominant.

All these randomly cropped regions should be considered
in the final judgement. However, it is noted that these cropped
regions should not contribute to perception equally. That is to
say, the regions, appearing the local changes relevant to qual-
ity perception, deserve more attention. Therefore, a region
fusion layer is defined and added:

P =
R∑
r=1

Pr � wr , (1)

where Pr ∈ RC denotes the probability vectors of the r th
region obtained from the two-stream scheme, wr ∈ RC

denotes the corresponding fusion weight, C is the num-
ber of categories, and � represents the element-wise prod-
uct. Rather than use the traditional uniform weight fusion,
we attempt to learn the fusion weights of the different
regions adaptively when training the whole framework. Fur-
ther, we can express equation (1) in matrix form:

P = Pw

= [PT1 , · · · ,P
T
R ]

 diag(w1)
...

diag(wR)

 , (2)

where P ∈ R1×(C∗R) denotes the stacked probability vectors
of all regions, and w ∈ R(C∗R)×C denotes the corresponding
fusion weight matrix. The aim of region fusion is to learn
the optimal region fusion weight values, which is equivalent
to the formula for learning the weights of a fully connected
layer. Hence, a fully connected layer is applied here to build
the region fusion architecture. A softmax layer is subse-
quently added. In this way, the region fusion weights, w,
can be learnt and adjusted to adaptively find more relevant
regions by minimizing the loss function of the softmax layer.
Instead of random weights of the fully connected layer in the
initialization, the fusion weights are initialized with only the
corresponding diagonal elements, while other elements are

simultaneously set to zero. This initial constraint is loosened
during training, which means that correlations among differ-
ent regions can also be considered during fusion. To reduce
the risk of overfitting in terms of the region fusion weights,
a `2 regularizer is integrated into the loss function, which can
be expressed as

L = loss(P,Y;w)+ λ‖w‖2, (3)

where loss(∗) is the cross entropy loss function of the softmax
layer, Y represents the ground-truth labels, ‖ ∗ ‖2 is the
`2 norm, and the regularization parameter λ enforces smooth
of weights.

Conventional region fusion via simple averaging is always
independent of the learning process. In contrast, the pro-
posed region fusion strategy is integrated as a layer into the
whole learning pipeline. Therefore, the fusion weights can
be learned adaptively by referring to some discriminative
regions, and the discriminative regions can also be tuned
by referring to the fusion weights. In this way, the joint
training of the overall architecture can improve its perfor-
mance. Moreover, it is worth mentioning that the region
fusion involves category-specific fusion, which adaptively
considers correlations among different categories.

C. IMPLEMENTATION DETAILS
Take VGG-16 based architecture for example, the training
parameters configurations are illustrated in Fig. 3. We train
our deep architecture using mini-batch stochastic gradient
descent with Nesterov momentum, and utilize dropout in
each fully connected layer. In addition, we apply data aug-
mentation techniques (e.g., scale jittering with horizontal
flipping [54]) and each random crop sampling to the same
location of both the RGB and gradient images. We train the
network with a momentum of 0.9, a weight decay of 0.0005,
and mini-batches of size 16. To avoid overfitting the CNN
models in our experiments, we initialize the 2D CNNs
with pre-trained weights obtained from a large-scale dataset
(i.e., ImageNet [55]). Due to the small dataset size,

FIGURE 3. Illustration of training parameters configurations for the
proposed architecture based on VGG-16. We denote the parameterization
of the convolutional layer as ‘‘height × width × input channel × output
channel’’.
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we initialize the learning rate as 0.0001 and run the stochastic
gradient descent algorithm for 10,000 iterations, but reduce
the learning rate by a factor of 0.1 at 4,000 iterations and
again at 8,000 iterations. Note that abnormal judgement is
essentially a two-category classification problem such that
each softmax layer in Fig. 2 outputs a 2 dimensional vec-
tor. The complete architecture is implemented and trained
end-to-end in PyTorch.

Although our two-stream architecture consists of two
2D CNN branches, the parameters are able to be updated
jointly. For training the two-stream networks, we fine-tune
the two-stream networks separately for each stream due to
the small number of training samples. In particular, we freeze
two 2D CNN networks parameters, and tune the conv layer,
the two fully connected layers and the softmax layer, ensuring
that the convergence is fast so as to reduce the risk of over-
fitting. After training the two-stream architecture, we freeze it
by further training the toped region fusion layer and softmax
layer. Note that spatial pyramid random cropping splits each
image into the equivalent of R = 21 cropped regions of equal
size. These cropped regions share the same weight parame-
ters, as shown in Fig. 2, and thus can be stacked together and
fed into the two-stream architecture. This kind of processing
makes the architecture straightforward and ensures it is effi-
ciently trained and tested.

IV. EXPERIMENTAL RESULTS AND ANALYSIS
This section details the experimental setup in our experi-
ments, and reports the performance of the proposed method.

A. EXPERIMENTAL SETUP
The performance of our method is tested using the IMS
outlined in Fig. 4. The overall architecture of the system
can be divided into three parts: video server, transmission
channel, and functional server. The functional server includes
a decoding terminal and a data analysis terminal. The video
server stores the video data and device information of each
monitoring device, and responds to requests from various
clients. The data source can be either real-time streams from
cameras or monitoring data stored in a database. Gener-
ally, these video data are in YUV format before processing.
Therefore, an intermediate video decoder receives the video
data and device information through the transmission chan-
nel, converts the YUV format into the required format, and
then sends the preprocessed video data to the data analy-
sis server for further work. Note that this study focuses on
diagnosing the quality of video images in the data analysis
server.

The proposedmethod is based on the constructed IMS. The
extensive evaluation uses a dataset containing 4137 images
compiled in our experiments. These captured images (all
720 × 480 pixels) are from different cameras and vari-
ous environments relevant to power systems. The images
are labeled manually via crowdsourcing as either abnor-
mal (1034 images) or normal (3103 images). The training
set comprises a random selection of 80% of the images

FIGURE 4. Flow diagram of the IMS.

of each category; the remainder forms the testing set to
measure performance in the following experiments. All
experiments are repeated five times under the fixed ratio
of training set to testing set, and the average classifica-
tion performances are reported. The regularization param-
eter (λ) of the region fusion layer is determined by five-
fold cross-validation. Grid searching using the arrangement
of [10−4, 10−3.8, · · · , 1, · · · , 101] for λ is used in the fol-
lowing experiments. The proposed architecture is imple-
mented and trained end-to-end in PyTorch on a computer
with 40 processors of 2.2 GHz Intel Xeon CPU Silver 4114,
64 GB of random access memory and a single NVIDIA
Titan Xp GPU. Using ResNet18 as the 2D CNNs, our
method takes approximately average of 58.39 ms to judge an
input image (720 × 480 pixels) on a single NVIDIA Titan
Xp GPU.

In an imbalanced binary classification problem, alterna-
tive ways to think about predictions are Precision, Recall
and F1-measure, which are widely used in pattern recog-
nition and information retrieval communities [56]. Preci-
sion (Pre), Recall (Rec) and F1-measure (F1) are defined
in equation (4):

Pre = TP/(TP+ FP),

Rec = TP/(TP+ FN ),

F1 = 2 ∗ Pre ∗ Rec/(Pre+ Rec), (4)

where TP denotes the number of correctly classified abnor-
mal samples,FP is the number of samples falsely classified as
abnormal, and FN is the number of samples falsely classified
as normal. There is an inverse relationship between precision
and recall. That is, it is possible to increase one at the cost
of reducing the other. Hence, the F1-measure is introduced
to simply combine them, with a higher F1 value indicating
better predictions.
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B. ABLATION STUDY
The operation status of themonitoring equipment has a gener-
ally constant effect on the IMS, and any failure would compli-
cate and hinder the subsequent intelligent decision modules.
The performance of the whole system therefore relies heav-
ily on the algorithm for judging imaging quality. Complete
evaluation of the proposed method is undertaken as follows
by assessing its performance from different perspectives.

As mentioned above, our deep architecture is designed
to be flexible and allow any arbitrary CNN architecture
to replace the 2D CNNs. The following experiments eval-
uate different 2D CNNs (VGG-16, ResNet18, MobileNet
V3-small [29], and EfficientNet-B0 [30]), and assess perfor-
mance with respect to experimental setup.

1) ANALYSIS OF THE TWO-STREAM SCHEME
To verify the effectiveness of our two-stream scheme,
we compare it with a one-stream scheme (RGB only). Specif-
ically, the input for the 2D CNNs in our deep architecture is
only RGB information rather than RGB and gradient infor-
mation simultaneously. Fig. 5 presents comparative experi-
mental results based on the four 2D CNNs mentioned above.
The F1-measure of the two-stream scheme is higher than that
of the one-stream scheme in all cases, demonstrating its effec-
tiveness. Interestingly, VGG-16 and ResNet18 show much
greater improvement when using the two-stream scheme than
either MobileNet V3-small or EfficientNet-B0. It can be con-
cluded that the additional gradient information capturing the
images’ high-frequency structural information brings greater
benefit to a simpler 2D CNN’s ability to handle classification
problem.

FIGURE 5. Comparison of our architecture equipped with different 2D
CNNs (VGG-16, ResNet18, MobileNet V3-small, and EfficientNet-B0) using
either an RGB-only scheme or our two-stream scheme.

2) ANALYSIS OF THE MULTI-REGION STRATEGY
We now consider the multi-region strategy. In this study,
an input image is treated as a collection of sampling regions
to encode locally non-uniform characteristics among cate-
gories, as suggested elsewhere [39]. In general, while increas-
ing the sampling region size leads to better information,
it increases the computational burden; therefore, we set the
sampling region size to 64× 64 experimentally, considering

the trade-off between accuracy and efficiency. To further
demonstrate the advantage of our spatial pyramid random
crop strategy, we compare it with other commonly used
sampling strategies (random cropping, non-overlapping sam-
pling, and overlapping sampling).We adopt random cropping
to sample both R = 1 and R = 21 regions. Overlapping
sampling uses a stride set to 1 in the experiments. Note
that all the sampling region sizes in the experiment are set
to 64 × 64. Fig. 6 compares the performances of these
strategies as implemented using the four different 2D
CNNs of VGG-16, ResNet18, MobileNet V3-small and
EfficientNet-B0. The proposed spatial pyramid random crop-
ping strategy is superior to random cropping (with R also set
to 21), indicating that our strategy can capture complete infor-
mation and avoid missing important details. Our proposed
strategy can achieve competitive results as compared with
overlapping sampling, which (when using a stride of 1) is
more computational expensive due to its numerous sampling
regions.

FIGURE 6. Comparison of spatial pyramid random cropping with other
commonly used sampling strategies as implemented using
different 2D CNNs.

Another important concern is the effectiveness of the pro-
posed region fusion layer. This is assessed by comparing our
region fusion layer with the simple average of multi-regions
obtained by spatial pyramid random cropping. Fig. 7 com-
pares the results for the different 2D CNNs of VGG-16,

FIGURE 7. Comparative results from simple average of multi-regions and
our region fusion layer as implemented with different 2D CNNs.
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FIGURE 8. Confusion matrix results of our deep architecture based on different 2D CNN networks (VGG-16, ResNet18,
MobileNet V3-small, and EfficientNet-B0) and other methods.

ResNet18, MobileNet V3-small and EfficientNet-B0. The
F1-measures for our region fusion layer are consistently
around 1% higher than those achieved using simple averag-
ing, demonstrating that the proposed region fusion layer can
adaptively learn the most discriminative regions hidden in the
images. This result further verifies that the proposed region
fusion layer is an attractive strategy when compared with the
simple average adopted in TSCN.

C. COMPARISON AND ANALYSIS
1) COMPARISON WITH ESTABLISHED METHODS
To verify the performance of the proposed method, we com-
pare our deep architecture based on the four different 2D
CNNs with BRISQUE [45], accurate deep CNN (AD-CNN)
[42], SGDNet [53], DB-CNN [52] and TSCN [39] conducted
under the same experimental setup (i.e., repeated five times
under the fixed ratio of training to testing data). In DB-CNN,
two branches of pre-trainedCNNs are fine-tuned on our target
databases with a variant of the stochastic gradient descent
method. As for the auxiliary sub-task of saliency predic-
tion in SGDNet, saliency map is obtained also by a teacher
saliency model [57], which is also pre-trained on large-scale
saliency datasets; then we train the network on our target

databases from scratch. It is worth noting that these image
quality assessment networks output a 2-dimensional vector
to achieve comparison, since the specified judgement task is
essentially a classification problem. The hyper-parameters of
BRISQUE, AD-CNN, SGDNet, DB-CNN and TSCN are the
default values. Note a fixed threshold T should be needed
to yield the category label of abnormal or normal, since
BRISQUE outputs the quality score ranging from 0 to 100.
In the following experiments, we set T to 42, which results in
a good balance betweenPrecision andRecall. Table 1 lists the
comparative experimental results, and Fig. 8 gives the corre-
sponding confusion matrix results. As expected, BRISQUE
performs poorly in terms of F1-measure, as hand-crafted
features are less suitable for the classification task than
adaptively trained deep features. BRISQUE has low recall
because it mis-classifies most abnormal images as normal,
as shown in Fig. 8(a). Despite its good accuracy, the inferior
recall contributes to a lowF1-measure. TSCNperforms better
than AD-CNN, since it additionally considers a region-based
fully convolutional layer for using the information of input
image patches. As compared with our architecture, TSCN
has inferior performance in terms of Precision, Recall and
F1-measure, since the independent consideration of regions
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FIGURE 9. Comparison of our deep architecture based on different 2D CNNs (VGG-16, ResNet18, MobileNet V3-small, and
EfficientNet-B0) and other methods with respect to the ratio of training to testing data.

TABLE 1. Comparison of our deep architecture based on different 2D
CNNs with BRISQUE, TSCN, AD-CNN, DB-CNN, SGDNet.

brings a lot of confusion in assigning label for regions in
training procedure. This result further verifies that our region
fusion strategy is an attractive and promising strategy. It can
be seen that SGDNet performs better than TSCN, indicat-
ing that saliency strategy locating discriminative patches is
superior to uniform considering sampling patches in TSCN.
The F1-measure of the proposed deep architecture based on
MobileNet V3-small is around 7% and 9% higher than that of
SGDNet and TSCN, respectively, and is the best performance
among these baseline methods.

Fig. 10 visualizes some example images and classifica-
tion results using BRISQUE, TSCN, AD-CNN, SGDNet,
DB-CNN and our method based on MobileNet V3-small.
It can be seen that the images in first row characterise local
non-uniform changes. As a result, BRISQUE and DB-CNN,
which considering whole image patterns and structures,
performs inferior. Although SGDNet based on pre-trained
saliency model can be regarded as a region based method,
it captures saliency parts well but local changes. It indicates
that the learned saliency information on the limited dataset
is inferior to patch-based training strategy. As compared
with TSCN considering patches uniformly, our method can
achieve better classification results, since the region fusion
layer ensures the scheme’s adaptability in learning discrim-
inative regions hidden in the images. As compared with
first row, the second row has uniform characteristics. Con-
sequently, these comparative methods have good classifica-
tion results. DB-CNN, pre-trained form large scale datasets

FIGURE 10. Sample example images and classification results using
BRISQUE, TSCN, AD-CNN, SGDNet, DB-CNN and our method based on
MobileNet V3-small (from top to bottom). (Note: The probability ranges
from 0 to 1, and the marked green area denotes the probability of judging
abnormal.).

with synthetic distortions, conducts good performance in
terms of uniform overlay noise and abnormal focus. It is
worth mentioning that DB-CNN learned from the auxiliary
synthetic distortions cannot accurately identify the complex
and unknown abnormal for the specified characteristics in
dataset with limited training samples. As presented in Table 1,
DB-CNN has low recall over the dataset. By contrast, our
model is more universal. For the normal images classifica-
tion, our method still can achieve good performance. Two
factors must be credited for the proposed deep-learning archi-
tecture. The first is the two-stream scheme, which considers
high-frequency information in the gradient image to enhance
performance. The second originates from our multi-region
strategy behave. Specifically, spatial pyramid random crop-
ping encodes locally non-uniform characteristics among cat-
egories, and the region fusion layer ensures the scheme’s
adaptability in learning discriminative regions hidden in the
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TABLE 2. Inference speeds (seconds) of various methods: our deep architecture based on different 2D CNNs, BRISQUE and TSCN.

images and makes the learning procedure an end-to-end oper-
ation for a whole image.

To further demonstrate the advantages of the pro-
posed deep architecture, we evaluate precision, recall, and
F1-measure for the comparative methods described above in
terms of different ratios of training to testing data. As pre-
sented in Fig. 9, the precision, recall, and F1-measure gen-
erally improve as the number of training samples grows.
As expected, BRISQUE with a small training set also per-
forms poorly. It can be seen that our deep architecture based
on different 2D CNNs performs better in terms of preci-
sion, recall, and F1-measure than TSCN under different
ratios of training to test data. Note that even if the shal-
lower convolutional network in TSCN is replace with our
adopted 2D CNNs, our method is still better than TSCN as
shown in Figs. 6 and 7, because of advantages in our region
fusion strategy. Interestingly, MobileNet V3-small seems to
be slightly more suitable to the data distribution in the field
of power systems than EfficientNet-B0. In general, our deep
architecture coupled with these high-level 2D CNNs achieves
the best overall performance in terms of precision, recall,
and F1-measure, showing its great potential in application to
image quality judgement.

2) SPEED COMPARISON
We compare the runtimes of our deep architecture based on
the different 2D CNNs with those of other state-of-the-art
methods, and list the average execution times in Table 2.
In order to achieve fair comparison, all the methods were
implemented on a single core of a 2.2 GHz Intel Xeon
CPUSilver 4114. As expected, BRISQUE using hand-crafted
features has the fastest processing speed. It can be seen
that our deep architecture based on MobileNet V3-small
and EfficientNet-B0 can achieve competition level on
execution time, as compared with TSCN which has much
shallower network structure. However, the classification per-
formances puts TSCN at a disadvantage compared with
our well-established architectures. It is worth mentioning
that these deep architectures are much faster when imple-
mented on a GPU. For instance, our method based on
ResNet18 implemented on GPU is nearly 90 times faster
than CPU.

V. CONCLUSION
This paper presents a novel multi-region two-stream
deep architecture for judging abnormalities in IMSs. The
two-stream scheme explicitly considers the high-frequency
structure patterns of gradient images, which provides infor-
mation complementary to the color information from the
original images. In contrast to previous works on sampling
non-overlapping patches, here we consider spatial pyramid

random cropping to characterize images at different spatial
pyramid levels. The method is demonstrated to be complete,
robust, and with low computational cost. Instead of consider-
ing patches independently as in previous works, we propose
a simple and effective region fusion strategy. Specifically,
we reformulate the weighted term for regions and further
consider it as a fully connected layer attempting to learn
the fusion weight. Consequently, the proposed region fusion
architecture as a layer is integrated into the whole learning
pipeline. The region fusion strategy can adaptively find dis-
criminative regions hidden in the image and provide end-to-
end learning for the whole image. The experimental results
show promising judgment performance by ourmethod, which
is capable of handling the effects of locally non-uniform
changes, such as local noise and blur, to obtain high accuracy.
Although the developed method is designed for systems
monitoring electrical power scenes, it can be easily extended
to other surveillance systems in a timely and efficient manner.

Our future research will extend our work in the fol-
lowing aspects. Our two-stream scheme uses gradient
images, without considering other useful structure patterns
or high-frequency information in other domains. Therefore,
we will investigate and combine various other types of
information into the network architecture, which should fur-
ther improve the judgment accuracy. Furthermore, although
off-line analysis is possible in IMSs, more effective network
designs and other parallel computing techniques would be
worth developing to further increase the judgment speed.
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