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ABSTRACT

Blurred regions in images can hinder visual analysis and have a notable impact on applications such as navigation
systems and virtual tours. Many existing approaches in the literature assume the presence of blurred regions in an image
and process the entire image, even when no blurred regions are actually present. This approach leads to unnecessary
computational overhead, resulting in inefficiency and resource consumption. In this paper, we introduce a Street-view
images Blur Detection Network (SBDNet), consisting of two interconnected subnetworks: the Classifier network and the
Identifier network. The Classifier network is responsible for categorizing street-view images as either blurred or not
blurred. Once the Classifier network determines that an image is blurred, the Identifier network is then activated to
estimate the specific areas that are blurred within the image. High-level semantic features from the Classifier network are
used to construct the blur map estimation in the Identifier network, when necessary. The algorithm was trained and
evaluated using the Street-View Blur Images dataset (SVBI) and three publicly available blur detection datasets: CUHK,
DUT, SZU-BD. Our quantitative and qualitative results demonstrate that SBDNet competes with state of the arts in blur
map estimation.
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unnecessary computational burden when processing images without

any actual blurring. This inefficiency restricts the real-time deployment
of blur detection algorithms and poses challenges in integrating them
into resource-constrained systems. Additionally, the performance of
these methods may fall short when faced with complex image content
or varying degrees of blur. Therefore, it is imperative to explore novel
approaches that can effectively address these challenges and
significantly improve the accuracy and reliability of blur detection.

Many studies have been conducted on image blur detection and
segmentation of blurred regions based on gradient and frequency
methods (handcrafted feature extraction methods)*™. In some
particular cases, hand-crafted methods are unable to properly segment
blurred regions in images, while using deep Convolutional Neural
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Networks (CNNs) could assist in solving the issue of using hand-crafted approachest®. The main challenges
of the deep learning based blur detection methods are: coarse object boundaries for non-blurred regions,
background clutter, and misclassification of low contrast regions!®l. The study of Zhang et al.'! is particularly
similar to our research. The authors of this study present a model that predicts a blur map and assesses the
image quality as good, medium, or bad. However, the model incorporates the predicted blur map to assign the
image to a desirability class, which results in computational intensity for images without blur.

This paper introduces a deep learning approach to address the challenges of blur detection and
classification for Google street-view images. Our main idea is to develop a single deep learning algorithm that
efficiently performs both tasks: blur classification, and blur map estimation. The proposed Street-view images
Blur Detection Network (SBDNet) consists of two interconnected sub-networks: the Classifier network and
the Identifier network. The Classifier network, utilizing ResNet50 or GoogLeNet as its backbone, performs
blur classification. The Identifier network, comprising a hierarchical architecture with three subnetworks, aims
to detect and identify the blurred regions by generating a blur map estimation. To train and evaluate SBDNet,
we created a new dataset called Street-View Blur Images (SVBI), consisting of high-resolution street view
images with blurred regions and corresponding ground truths. In addtion, we evaluated the proposed method
on CUHK, DUT, SZU-BD datasets. The SBDNet architecture demonstrates competetive performance with a
potential reduced complexity. Our main contributions are as follows:

1) We introduce a deep learning approach, SBDNet, for blur detection and classification in street-view
images. SBDNet consists of two interconnected sub-networks: the Classifier network and the Identifier
network.

2) We create a dataset called Street-View Blur Images (SVBI), consisting of high-resolution street-view
images with blurred regions and corresponding ground truths. The SVBI dataset is used for training and
evaluating SBDNet.

3) We evaluate the performance of SBDNet using three publicly available blur detection datasets:
CUHKM, DUT® and SZU-BD. The quantitative and qualitative results demonstrate that SBDNet achieves
competitive performance compared to state-of-the-art methods for blur map estimation.

4) We provide the code implementation of SBDNet, making it accessible for further research and
development*4],

Street-View Sharp Images
Class: ' No Blur '

Street-View Blurred Images
Class: ' Blur'

Figure 1. Google street-view images blur detection and classification problem.



2. Related work

Distinguishing between in-focus and blurred regions is known as blur detection. Images may contain
blurry regions for a variety of reasons; the most common types of blurry images are defocused blur and motion
blur. Defocused blur images are statically taken to highlight targeted objects or infocus regions of the images.
While motion blurred images are captured during motion and the captured scene is moving.

Recent advancements in deep learning methods!® 2?2 have significantly contributed to the domain of blur
detection. The challenge in blur detection arises from the fact that blurred regions are not necessarily
distinguished by sharp edges. In fact, the image pixels in blurred regions do not provide enough information
for effective blur detection. In short, accurately distinguishing between in-focus and blurred regions can be
challenging due to the complex nature of blur and the presence of various types of blurring, such as motion
blur, defocus blur, and lens aberrations. This challenge has led to the development of various approaches.

For instance, Zhao et al.”! represented Hierarchical Edge-aware Network (HEANet) method using
ResNet50?%! as a backbone (pre-trained on ImageNet) to extract accurate boundary information for infocus
regions and refining extracted features in a hierarchical progressive process. Zhao et al.™ designed a hybrid
CNN transformer architecture to address the problem of detecting low contrast regions and providing distinct
infocus object boundaries.

Jonna et al.® represented a computationally efficient method for DBD using a synthetic generative
adversarial network consisting of two generator networks (teacher network and student network) to generate a
blur map from an input image and 3 discriminator networks to train adversarially generator networks. The
proposed teacher generator network comprises three sequential components, at the first step it employs SE-
ResNeXt-10124 as a encoder network to extract features from an input image, in the next step, the extracted
features from SE-ResNeXt-10124 is refined by utilizing the DenseASPP®! and self-attention modules in
parallel and concatenating high-level features. The third component of the teacher generator network is a
decoder network and produces the final blur map from exploited high-level features of the previous component.
The generated blur map from the teacher generator is adversarially examined with ground-truth map by
applying the first discriminator network. The student generator network™® has encoder-decoder network
architecture, using EicientNetB3%®! as an encoder network and 5 convolutional transposed layers as a decoder
network to produce blur map.

Lin et al.™*® presented a residual attention learning approach to address DBD using feature information
from a combination of infocus and defocus regions. Zhao et al.** designed a DBD network using a generative
adversarial network that can be trained by eliminating manually pixel-level annotation. To address DBD
problem, Guo et al.l'") represented an encoder-decoder in a heterogeneous architecture using nested pyramid
pooling modules into encoders (5 encoder blocks) and nested u-shaped network in decoders (6 decoder blocks)
combined with nested attention blocks to extract and fuse features with different scales productively. Guo et
al.*"I method demonstrated noticeable evaluation results on CUHK™, DUT!®! datasets.

Tang et al.l*® represented DefusionNet using VGG" network as a backbone and extracting high-level
features from deeper-layers and low-level features form shallow layers by up-sampling and fusion technique.
Tang et al.®® method recurrently (in 3 steps) refines up-sampled and fused features to produce final out-of-
focus map from an input image. Following™® method, Tang et al.l** proposed a deep neural network approach
which recurrently refines up-sampled multi-scale residual features extracted from different layers of the basic
pre-trained ResNeXt?® network. Tang et al.'®) method achieved higher evaluation results on CUHK™ and
DUT®! datasets compared to DefusionNet!*®. Sun et al.”! presented deep pyramid network using a distinction
enhanced block to combine high-level semantic features information with low-level information to identify
concurrently blurred areas and clear regions. Sun et al.[*! created new blur detection dataset (SZU-BD) which
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is accessible for public alongside with other two famous blur detection datasets: CUHK™ and DUT! as
benchmarks for blur detection. Zhao et al.?” developed a cross-ensemble network. In this network instead of
a single defocus blur detector network Zhao et al.®? broke down the problem into a series of smaller parallel
DBD networks that refine each other’s errors and improve the estimated in-focus region. Zhao et al.!®! designed
an end-to-end multi-stream bottom-top-bottom fully convolutional network (BTBNet) for DBD. Zhao et al.®!
employed modified VGG16%" to extract and to combine multi-scales features from different levels.

Zhang et al.l*% represented ABC-FuseNet network for image blur understanding. The proposed ABC-
FuseNet!®! network can automatically classify an input image whether it includes blurred areas or not, and if
blurred regions exists, ABC-FuseNet can accurately estimate the blur map and specify the types of input
blurred image. For input blurred images, the proposed ABC-FuseNet™™ produces jointly blur map estimation
and categorization labels. Zhang et al.™® created the SmartBlur dataset consisting of 1000 blurred images with
corresponding ground-truth maps and annotated blur categories, for efficiently training and evaluating the
proposed ABC-FuesNet. Zhang et al.l*% exclusively evaluated ABC-FuesNet on CUHKM dataset for blur map
estimation.

Ma et al.?* trained deep neural networks using VGG16[2" as a backbone network for DBD. Ma et al.?!!
algorithm extracts high-level features from the last convolutional layer of adjusted VGG162"! network and
then the network produces the final blur map by up-sampling and fusing the extracted high-level semantic
information. Kim et al.’? presented a deep neural network with an encoder-decoder architecture to detect
blurred images. Kim et al.”? network uses residual skip-connections and multi-scale reconstruction loss
functions to obtain high-level information and low-level structural features.

In conclusion, recent works have made significant progress in deep learning-based blur detection methods
by employing various network architectures and techniques. However, challenges such as accurately
distinguishing between in-focus and blurred regions, handling noisy images and artifacts, addressing complex
image content and diverse scene conditions, ensuring computational efficiency, and creating comprehensive
datasets remain areas of active research and exploration.

Among the above-mentioned challenges in blur detection, this work focuses on addressing the
computational efficiency aspect. To achieve this, we propose a framework that incorporates a two-step process.
Firstly, we classify the input image into either a blur or no blur class. This initial classification step allows us
to quickly determine if further processing is required for estimating the blur map. By efficiently identifying
non-blurred images, we can avoid unnecessary computations, thereby improving the overall efficiency of the
algorithm. Once an image is classified as blur, we proceed to the second step, where we perform more detailed
processing to estimate the blur map. In the next sections, we provide a detailed explanation of the proposed
method and our collected dataset.

3. The street view blur images dataset

In this paper, we focus on the task of blur detection in street-view images, with applications in navigation
systems and virtual tours. While publicly available datasets offer diverse images with various blur scenarios,
they do not adequately cover the specific context of Google street-view images. Therefore, our first step is to
create the Street-View Blur Images (SVBI) dataset. By curating high-resolution street-view images with
deliberately blurred regions and providing corresponding ground truths, SVBI allows to supervisly train and
evaluate our proposed Street-view images Blur Detection Network (SBDNet) comprehensively.

The blur level of images in the proposed SVBI dataset is artificially generated using two different methods,
A and B. The dataset is composed of two classes, blur and no blur, each containing 5000 high-quality images
from the UCF Google street-view dataset!®. The blur level of images in the Blur class is created by applying
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the GaussianBlur filter to selected regions in the street-view images.

Method A involves using the Haar-cascade object detection algorithm®®* to detect objects within the
street-view images. The developed a code-agent to identify cars (as the main available object on the street) and
place bounding boxes around them. The GaussianBlur filter is then applied to the selected regions within the
bounding boxes to produce blurred images. The radius of the GaussianBlur filter determines the noise level
(blurriness) added to the image. The code-agent generates corresponding ground-truth annotations associated
with the blurred images. All the resulting images, including the original street-view image, the produced
blurred image, and the ground-truth, are resized to 224 <224 %<3,

In cases where the code-agent fails to find deterministic objects inside a street-view image, Method B is
automatically utilized. Method B randomly chooses rectangular-shaped regions within the street-view images
and applies the GaussianBlur filter to these regions to produce blurred images. Similar to Method A, the code-
agent generates corresponding ground-truth annotations for the blurred images. All images generated using
Method B are also resized to 224 %224 <3,

We selected an blurriens intensity of 15 for Method A and 20 for Method B. These intensities were chosen
intuitively and based on experimentation, but can vary depending on the specific dataset and application. We
resized the generated images as the resizing of all blurred and non-blurred images to the same dimensions
ensures consistency and compatibility for further processing and training of machine learning models.

4. The proposed approach

4.1. SBDNet architecture

The proposed SBDNet aims to classify a given Google street-view image as either clear or blurred.
Additionally, if the input image contains blurred regions, SBDNet efficiently detects the blur map for the image
at the same resolution.

Figure 2 illustrates the overall architecture of SBDNet, which comprises two main networks: the
Classifier network and the Identifier network. The Classifier network utilizes high-level features to classify
input images, while the Identifier network estimates the blur map for input blurry images.
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Figure 2. The proposed Street-view images Blur Detection Network (SBDNet) architecture. The SBDNet concurrently predicts a
binary classification value (0 or 1) and 224 x224-pixel gray-scale Final Blur Map Estimation (FBME) for input RGB images with
size of 224 %224 x3. The FBME is generated by combining the blur map estimations from the Decoder network (DecBM), with up-
sampled high-level semantic features (HLBM) and up-sampled low-level features (LLBM). The resulting FBME is a grayscale image
with a resolution of 224 %224 pixels.
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In this architecture, the proposed Classifier network employs ResNet50%!as its backbone. On the other
hand, the Identifier network consists of a basic decoder network architecture and two streams of up-sampled
blocks extracted from high-level feature maps (deeper layers) and low-level feature maps (shallow layers).
These up-sampled blocks maintain the same size as the input image but differ in the number of channels.

The Identifier network initially produces a blur map estimation for input images (DecBM) using the
decoder network. Subsequently, it concatenates and fuses the up-sampled blocks from the deeper layers
(HLBM) and shallow layers (LLBM). Finally, the network combines all the estimated blur maps from different
streams using a convolutional operator to produce the Final Blur Map Estimation (FBME).

4.2 Classifier and blur map estimator

The Classifier network in SBDNet is responsible for classifying input images as either in-focus or blurred.
In our study, we demonstrate the overview of SBDNet using ResNet50 (Figure 2) and GoogleNet (Figure 3)
Classifiers. However, it is worth noting that other deep learning models can also be employed. The input
images are passed through the convolutional layers, and the feature maps from the final convolutional layer
are extracted, capturing the high-level semantic features of the input images. Subsequently, these extracted
features are fed into fully connected layers to accomplish the classification task. These layers are trained to
learn the mapping of the high-level features to a binary classification value, indicating whether the input image
is clear or blurred. The experimental results we present in the following sections demonstrate that utilizing
ResNet50 or GoogleNet as the backbone for the Classifier network effectively enables the proposed framework
to classify street view images as in-focus or blurred.

Inspired by Jonna et al.™®, our proposed Identifier network uses a decoder network to produce initial blur
map estimation. The proposed decoder network fetches high-level semantic features from the last
convolutional layer of the classifer network and employs sequences of eight transposed convolutional layers
to generate initial blur map estimation. To simplify the explanation, decoder network layers are labeled as
Dec;, i € {1, ..., 8}, where Dec;, represents the last convolutional layer of ResNet50 encoder!?® with size of 7
x 7 x2048. The layers Dec, to Decg in the decoder network are transposed convolutional layers with 3 %3
kernel size, resulting in Decoder network Blur Map (DecBM) estimation with size of 224 %224 x1. Layers
Dec; to Decs contain high-level semantic features and Dec, to Decg include low-level features information.

As shown in Figure 2, the decoder network generates a blur detection map named DecBM. Inspired by
DefusionNet!*®!, we construct concurrently two subnetworks, shown as green (De-fusionNet1) and orange (De-
fusionNet2) in Figure 2. The green subnetwork is built by up-sampling of layers Dec; to Decs, to the
dimensions of 224 %224 =< 128. The proposed up-sampling technique uses transposed convolutional operator
with 3 %3 kernel and relu activation function. After up-sampling deeper layers, the up-sampled blocks will be
concatenated and fused. The fusion technique is implemented by utilizing convolutional operator with 1 <1
kernel, stride of 1 pixel and relu activation function. The green subnetwork (De-fusionNet1) produces High-
Level Blur Map (HLBM) estimation with size of 224 %224 =1, based on high-level semantic features data.
Similarly, The orange subnetwork (De-fusionNet2) is made by concatenating the up-sampled Dec, to Decs
layers with the Dec, layer. By applying fusion operator to the concatenated layers, the orange subnetwork
produces Low-Level Blur Map (LLBM) estimation with size of 224 x 224 x 1 based on shallow layers
information. The generation of HLBM and LLBM can be mathematically formulated as follows:

HLBM = ReLU(W, * Cat(UpDecy,UpDec,, UpDec3) + b,), (1)
LLBM = ReLU(W,, * Cat(UpDec4,UpDecs, Decg) + by,), 2

where UpDec;, i €{1, 2, 3, 4, 5} denotes up-sampled features from i-th layer of decoder network. W; , W,
and b4, b, respectively, represent weights and bias for convolutional operation. Cat denotes concatenation
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operation. Symbol * represents the convolutional operator.

The Final Blur Map Estimation (FBME) is then generated by fusing DecBM, HLBM, and LLBM at the
end of the process:

FBME = Sigmoid(W,, x Cat(DecBM,HLBM, LLBM) + b,,). (3)
The aforementioned convolutional operator constructs FBME with dimensions of 224 %224 <1 using a

1 x1 kernel, stride of 1 pixel, and sigmoid activation function. FBME will be supervised in the training phase
against the corresponding ground-truth.
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Figure 3. The proposed SBDNet using GooglLeNetP? as a backbone network for classification and features extraction. Twofully-
connected layers called Auxiliary Classifier blocks (AuxiliaryClassifierBlock) in stage 4 collaborate with the main fully-connected
layers (stage 6) to predict classification labels for an input image. Two adjusted Identifier networks called Auxiliary Identifier blocks
(AuxiliaryldentBlock) in stage 4, alongside the main Identifier network (IdentBlock) in stage 5, produce FBMEs respectively for an
input blurred image. The Classification loss (C-loss) and the Identifier loss (FBME loss) compute classification and blur map
estimation errors. The proposed network entirely is tuned by backpropagation of the gradients from the corresponding errors.

4.3. Model training and testing

The proposed SBDNet is trained end-to-end. Throughout the training process, the network learns to
predict both the blur map estimation and the classification label for an input image. By the end of training, the
network is capable of jointly predicting these two outputs. The SBDNet network employs two loss functions
during training: Binary Cross Entropy loss for the classification task (Equation (4)) and pixel-wise Mean

Squared Error (MSE) loss for blur map estimation (Equation (5)):
Classifieryoss = — (v * log(p) + (1 —y) * log (1 —p)), (4)
Identifier,oss = (1/(h*w)) * Ny —9)* (5)
where in Equation (4), y is the true label (blur or no blur), and p is the predicted probability of the positive

class (between 0 and 1). In Equation (5), h and w are the height and width of the maps, y is the true binary map,
and y is the predicted binary map.

We employed the Adam optimizer with a learning rate of 0.001 for training the model. The training was
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conducted over 100 epochs, with a batch size of 20 samples.

We also implemented the proposed SBDNetusing GoogLeNet®?! Classifier network (see Figure 3). The
proposed architecture is similar to what we did for the ResNet50 encoder. As shown in Figure 3, the SBDNet
includes 6 stages using 2 Auxiliary Classifier blocks (AuxiliaryClassifierBlock) and 2 Auxiliary Identifier
blocks (AuxiliaryldentBlock), connected to intermediate layers. The proposed auxiliary Classifiers increase
the network’s performance by efficiently backpropagate gradients of Classification loss to lower stages as well
as the proposed auxiliary Identifiers expedite the network’s training for blur map estimation. The
aforementioned auxiliary Classifiers are two additional small, fully-connected layers that are connected to the
network’s middle layers and propagate the corresponding gradients related to classification errors back to the
middle layers, allowing the network to effectively start training from earlier stages. The proposed 2 auxiliary
Identifiers blocks, carry out Identifier network architecture without Dec; and Dec, layers and produce blur
map estimations based on extracted features from the middle layers. At Stage 5, comparable with Classifier
network architecture using ResNet501%%], the proposed architecture in Figure 3 uses the main Identifier network
for FBME. In the end, at Stage 6, network uses main fully-connected layers for classification.

As shown in Figure 3, all the predicted results from Auxiliary Classifier blocks, Auxiliary Identifier
blocks, main Identifier block (Stage 5) and main fully-connected layer (Stage 6), in supervised manner will be
optimized against the ground-truths and true class labels during the training process. The proposed SBDNet
model displayed in Figure 3, contains approximately 19 million trainable parameters. Similar to the training
of the SBDNet model using ResNet50%), to train the SBDNet model using GoogLeNet®?, the related
hyperparameters, loss functions, and optimizer algorithm were not changed, and only the learning rate
coefficient was set to 0.001. During the training process, for both SBDNet models, 80% of the input images
(800) were used for training, and 20% of the input images randomly were selected for validation.

In order to compare the proposed SBDNet with other state-of-the-art blur detection methods, the proposed
SBDNet models were trained exclusively for blur map estimation task using images from Shi et al.™! dataset
(CUHK) without any classification components. To re-construct SBDNet models for blur map estimation, in
the proposed SBDNet model using ResNet50?! as a Classifier network, fully-connected layers were removed
and the proposed Identifier network was kept in connection to the last convolutional layer of ResNet50%,
Accordingly, in the proposed SBDNet model using GoogLeNet? as backbone, the Auxiliary Classifier blocks
and fully connected layers (Stage 6) were disabled.

5. Experiments

5.1. Datasets

We carry out evaluational experiments on four datasets, including SVBI, CUHK™, DUTE! and SZU-
DB!*? datasets, to assess the accuracy and performance of our proposed SBDNet models using ResNet502%!
and GoogLeNet? as a Classifier network.

The SVBI dataset is a self-generated dataset, that was artificially created in this paper (See Sec. 3) for the
purpose of street-view images blur detection. The dataset consists of 10,000 images with corresponding
ground-truths. Out of these 10,000 images, 5000 are fully clear images, and the rest 5000 are blurred images.
The generated blurred images do not belong to the motion blur category, since they are partially blurred for
the purpose of hiding some specific regions. They can be considered as defocused blurred images. The
proposed SBDNet models were trained with 2000 images and evaluated with 1000 images from the SVBI
dataset.

The CUHKM! dataset is a famous dataset and publicly available for benchmarking and evaluation of blur
detection approaches. This dataset includes 704 defocus blur images and 296 motion blur images with
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corresponding manually annotated ground-truths. In the first experiment, a number of 800 images,
encompassing both out-of-focus blur and motion blur categories, were used to train the proposed SBDNet
models. The proposed SBDNet models were evaluated using the remaining 200 images. In the second
experiment, SBDNet was trained with 604 defucos images out of 704 total defucos images and evaluated with
the remaining 100 images.

The DUT dataset is relatively new and was created by Zhao et al.®!. It contains 500 out-of-focus blurred
images with related manually crafted ground-truths. The proposed SBDNet models were evaluated with 500
images.

The SZU-BD™ dataset contains 784 blurred images with corresponding ground-truths. Defocus blur
makes up 709 of the total 784 blurry images, while motion blur makes up the remaining 75. The proposed
SBDNet models were tested on a total of 784 images, including defocused and motion-blurred images.

5.2. Evaluation metrics

To quantitatively assess our proposed SBDNet’s performance and accuracy in relation to two key tasks:
1-Street-view images blur detection and classification, 2-Comparison with the most recent state-of-the-art blur
detection approaches; two sets of evaluation metrics were implemented. Almost all well-known algorithms for
blur detection, semantic segmentation, and classification employ these evaluation metrics. To assess the
proposed SBDNet with relation to the task 1: accuracy and F1-score metrics were utilized to evaluate the
reliability of SBDNet’s prediction results for the classification task. Average Intersection over Union (IoU)
score, Average F-measure score, and Mean Absolute Error (MAE), metrics were applied to measure the
accuracy of the proposed SBDNet predictions outcomes for blur map estimation. Regarding Task 2, Mean
Absolute Error (MAE) and Average F-measure score were used to evaluate SBDNet performance and
robustness.

Average loU: intersection over Union (loU) is a quantitative metric to assess how much the predicted
blur map and the actual ground truth overlap. loU score measures the common pixels percentage among
ground-truth and FBME. The average loU shown in Equation (6), represents the mean value of calculated loUs
for all image from the evaluation-set.

1 n I_Groun Truth n [FBME
_ = i i
Average IoU = n Z(I_Groun Truth IFBME)’ (6)
i=1 U L

where, taking into account the corresponding index of the images from the evaluation-set as i € {1, .., n},
jerounTruth gand [FMBE rgpresent ground-truth and FBME for i-th image of evaluation set.

F-measure: another popular metric to determine how accurate a predicted blur map is in relation to the
associated ground-truth is the F-measure score. When compared to a ground-truth, the accuracy of each pixel
from the predicted blur map is represented at the pixel-level by the F-measure score (Equation (7)). To produce
the best F-measure score in the proposed experiments, the coefficient g was given a value from {0.2, 0.3}.
Equation (7) demonstrates how to compute F-measure scores at the pixel-level for each individual pixel of the
estimated blur maps that correspond to the input images. For each input image, the mean F-measure score is
computed for all of the pixels in the estimated blur map. Considering the entire images of the evaluation set,
Average F-measure score equals to the average value for all FBME Fmeasure scores.

__ (1+BHxprecisionxrecall
Fneasure =

()

(B%+precision)xrecall '

5.3. Evaluations on SVBI dataset
Experiment setting: in this experiment, our proposed SBDNet models using ResNet50% and
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GoogLeNet? as a Classifier network, were trained end-to-end with 2000 images from the SVBI dataset and
tested with 1000 images from the SVBI dataset. To assess the accuracy and robustness of SBDNet, evaluation
images were chosen randomly with corresponding annotated pixel-level ground-truths and classification labels.
Table 1 displays the details of the SVBI dataset images used in training and evaluation of the proposed SBDNet
model. The proposed model was initially trained and validated using 2000 input images including blur and no
blur types. The model was evaluated using 1000 images.

Table 1. The distribution of the SVBI dataset for training and testing of the SBDNet model.

Class Blur No blur Number of samples (images)
Training & validation 1014 986 2000
Evaluation 487 513 1000
Total 1501 1499 3000

Experiment results on Blur Classification: the evaluation results of the proposed SBDNet model using
images from the SVBI dataset with respect to the classification task displayed in Table 2. The obtained results
illustrated in terms of Precision 1, Recall 1, F1-score 1 and Accuracy 1 metrics. The arrow 1 stands for higher
value is better (The ideal value for Precision, Recall, F1-score and Accuracy is 1.0).

Table 2. The quantitative evaluation results of the SBDNet for classification using 1000 images from the SVBI dataset in terms of
Precision 1, Recall 1, Fl-score 1 and Accuracy 1 metrics.

Class Precision Recall F1-score Number of samples (images)
Blur 0.97 0.95 0.96 487

No blur 0.96 0.97 0.97 513

Accuracy 0.96 1000

Experiment results on blur map estimation: three metrics of average loU, average F-measure, and average
MAE were employed to assess the performance and accuracy of the proposed SBDNet model, for blur map
estimation.

Table 3 displays the quantitative evaluation of SBDNet for blur map estimation, using 1000 test images
from SVBI dataset in terms of average [oU 1, average F-measure 1 and average MAE | metrics. The arrow 1
depicts the higher value is better and the arrow | denotes the lower value is better. The ideal values for average
loU, average F-measure and average MAE metrics are 1.0, 1.0 and 0.0 respectively.

Table 3. The quantitative evaluation results of SBDNet for blur map estimation, using 1000 images from SVBI dataset in terms of
IoU 1, F-measure 1 and MAE | metrics.

Metric SBDNet
loU 0.933
F-measure 0.938
MAE 0.106

Figure 4 shows the SBDNet prediction results for 4 evaluation images from the SVBI dataset, including
predicted classification label, FBME and Keras Class Activation Map (CAM)!®! against the corresponding
true classification labels and ground-truth blur maps. The last row in Figure 4, represents the CAM
visualization for input images, and it shows which regions of the input images were targeted by SBDNet for
classification. The first, third and last columns in Figure 4 show examples with blurred regions, which model
correctly predicted classification labels (label O denoting class blur) and FBMEs for this input images. The
corresponding CAMs for this examples display the focal attention point of the network around the blurred
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regions with yellow mass. The second column in Figure 4 shows an example image with no blurred regions
and model correctly assigned label 1 (no blur) to this example. The predicted FBME for this image also
includes no white color areas which means there are no blurred regions. The related CAM for this input image
shows no specific attention region with intensive yellow mass that represents network looks at the whole
regions to assign label 1 (no blur) to this example.

N E

P0.0/GT 00 P10/GT10 P0.0/GT 0.0 P0.0/GT 0.0

P0.0/GT 0.0 P10/GT1.0 P0.0/GT 0.0 P0.0/GT 0.0

Figure 4. The SBDNet evaluation results for images from SVBI dataset. First Row: Selected input images from the SVBI dataset.
Second Row: The corresponding ground-truth of input images. Third Row: SBDNet prediction outputs, including classification label
and FBME of input images. Forth Row: Visualization of original images with a cyan colored mask over blurred regions based on the
corresponding predicted FBME. Last Row: visualization of Keras Class Activation Map (CAM)B for input images.

5.4. Evaluation on CUHK, DUT, SZU-BD datasets

Unlike other state-of-the-art deep learning methods for image blur detection®*?**3437 our proposed
SBDNet method was developed primarily for street-view images blur detection and classification. However,
in this section, we examines the SBDNet method for blur detection and blur map estimation in a wide variety
of blurred images from various categories, and not specifically street-view images. To test the validity of the
SBDNet algorithm for general blur detection problem, the classification challenge was disregarded because
the experiments in this section simply call for blur map estimation.

In order to compare the performance and efficiency of the SBDNet method with other cutting-edge blur
detection methods, two experiments were carried out (see Table 4). In Experiment 1 and Experiment 2, the
proposed SBDNet respectively is trained using images of the CUHK™ dataset and evaluated by images from
the CUHK™M DUT!® and SZU-BD™? datasets.
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Table 4. Train-test splits for training and evaluation of SBDNet on the CUHK [, DUTI8], SZU-BD!? datasets.

Experiments  Details

Experiment 1 Training: 800 images from CUHK! dataset
Evaluation: 200 images from CUHK], 500 images from DUT!, 784 images from SZU-BD!*? datasets
Experiment 2 Training: 604 defocus blur images from CUHK! dataset

Evaluation: 100 defocus blur images from CUHK™, 500 images from DUT!, 784 images from SZU-BD!*2
datasets

Experiment 1 setting: in Experiment 1, from the total of 1000 images in the CUHK™ dataset, 800 images
were selected for training and the remaining 200 images were utilized for evaluation. The evaluation phase
was extended using 500 images of DUT® dataset and 784 images of SZU-BD!"? dataset.

Experiment 2 setting: following the completion of Experiment 1, for the purpose of an equivalent
comparison between SBDNet and the state-of-the-art Defocus Blur Detection (DBD) methods, Experiment 2,
was organized as follows: 604 images, out of 704 defocus blur images from CUHK!! dataset were chosen for
training of SBDNet, and the remaining 100 images were used for evaluation. The evaluation step was extended
by using 500 images from the DUT® dataset and 784 images from the SZU-BD!? dataset.

Table 5. The evaluation results of our proposed SBDNet model for blur map estimation, using CUHK M, DUTE!, SzU-BDI2
datasets in terms of F-measure 1 and MAE | metrics. See Table 4 for details of Experiment 1 and 2 (train and test splits).

Experiment Dataset & metric

CUHK DUT SZU-BD

F-measure MAE F-measure MAE F-measure MAE
Experiment 1 0.878 0.157 0.899 0.148 0.949 0.101
Experiment 2 0.916 0.146 0.910 0.139 0.948 0.112

Experiment results on blur map estimation: Table 5 shows the best accomplished results from our
SBDNet model. The results in Table 5 were obtained from Experiment 1 and Experiment 2 using images from
the CUHK™, DUT®! and SZU-BD!? datasets in terms of the average F-measure 1 and average MAE | metrics.
The arrow 1 depicts the higher value is better and the arrow | denotes the lower value is better. The ideal
values for average F-measure and average MAE metrics are 1.0 and 0.0 respectively. It is important to highlight
that the proposed SBDNet model trained and evaluated in Experiment 1 using both out-of-focus and motion-
blurred images. Experiment 1 was conducted primarily to assess the performance and reliability of the SBDNet
models in the face of motion blur and defocus blur images. The collected measurements from Experiment 1
involve all categories of blurred images. The results from Experiment 1, somehow can be quantitatively
compared with the other DBD methods, noticing that Experiment 1 covers all blurred image categories.
Experiment 2 mainly was performed to compare quantitatively the performance of the SBDNet models with
other DBD methods. Since other deep learning algorithms employed the same Experimental setting for training,
evaluation, and benchmarking on the CUHK™, DUT®! SzU-BD!"? datasets.

5.5. Comparisons with the state-of-the-art methods

We utilized the evaluation results of our proposed SBDNet model according to Table 5 to compare our
SBDNet method with other state-of-the-art methods. Figure 5 shows the visual comparison of the SBDNet
evaluated candidate images with other cutting-edge methods including Blur Detection-Enhanced Feature
Pyramid Network (BD-EFPN) or Deep Pyramid Network (DPN)™?, deep blur mapping via Exploiting High-
Level Semantics (EHS)®?Y, High-frequency multiscale Fusion and Sort Transform of gradient magnitudes
(HIFST)B8, MV V! and Shil! for motion blur detection on CUHK!™ dataset. The illustrated comparison
images in Figure 5 has been collected from Sun et al.[*.
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Figure 5. Visual comparison of SBDNet for motion blur detection on CUHKM., The illustrated results (EHSPY, HIFSTE8, My v,
BD-EFPN2, Shif) were collected from Sun et al.[*2,

Table 6 demonstrates the quantitative comparison of the obtained SBDNet model best results using
ResNet501! as a Classifier network on the CUHK™, DUT® datasets and using GoogLeNet? as a Classifier
network on the SZU-BD! dataset in terms of average F-measure and average MAE metrics. In Tabel 6, we
compared the performance of our proposed method with 6 state-of-the-art blur detection methods consisting
of Distill-DBDGANM™I Encoder Feature Ensemble Network (EFENet)®®, self-generated defocus blur
detection via Dual Adversarial Discriminators network (DAD)™!, Defocus blur detection via depth distillation
(DD) HIiFSTE®, and LBP™. The results of the corresponding state-of-the-art methods have been collected
from the work of Jonna et al.*® which involves evaluations on three famous benchmarking datasets.

As shown in Table 6, our model achieves high F-measure scores across the CUHK, DUT, and SZU-BD
datasets, ranging from 0.916 to 0.948. These results indicate that our model is competitive with state-of-the-
art methods in identifying blurred and non-blurred regions in images under various scenarios.

Table 6. The quantitative comparisons of the proposed SBDNet model with cutting-edge blur detection methods on the CUHKM,
DUT®], SZU-BDM datasets in terms of F-measure 1 and MAE | metrics. The other methods results have been collected from Jonna
et al.[3],

Method Dataset & metric

CUHK DUT SZU-BD

F-measure MAE F-measure MAE F-measure MAE
LBP“ 0.681 0.183 0.687 0.191 0.912 0.160
HiFST 0.553 0.221 0.503 0.249 0.899 0.117
DDMI 0.879 0.057 0.828 0.107 0.972 0.055
DAD[ 0.916 0.172 0.884 0.079 0.794 0.153
EFENet(] 0.914 0.053 0.854 0.094 0.968 0.073
D-DBDGANI! 0.926 0.041 0.901 0.068 0.969 0.064
SBDNet (Ours) 0.916 0.146 0.910 0.139 0.948 0.112

5.6. Ablation study

As it was stated, our proposed SBDNet method uses the Identifier network to produce FBME for an input
image. We performed the ablation study to confirm the effectiveness of the De-fusionNetl (green) and De-
fusionNet1 (orange) subnetworks in the SBDNet model shown in Figure 2. In ablation analysis, SBDNet full-
model including decoder network, De-fusionNetl and DefusionNet2, is compared with three light-weight
models descended from SBDNet full model which are nominated by SBDNet01, SBDNet02 and SBDNet03
(Table 7). The corresponding SBDNet01 is a descended version of SBDNet by disabling De-fusionNetl and
De-fusionNet2 for blur map estimation. The proposed SBDNet01 model generates FBME by employing
decoder network. In the proposed SBDNet02 model, the De-fusionNetl network is disabled, and the
SBDNet02 model generates FBME using decoder network and De-fusionNet2 network. As shown in Table 7,
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the third light-weight model is SBDNet03. The proposed SBDNet03 model produces FBME using decoder
network and De-fusionNetl network. To perform the proposed ablation study all models stated in Table 7
were trained based on the experiment 1 setting (according to Table 4) by using 800 images of CUHK!! dataset.
All described models in Table 7 were evaluated using 200 images from CUHK™ and 500 images from DUT®!
datasets. All models used the same hyperparameters (e.g., learning rate coefficient, batch size). The training
process was set to early stop upon reaching the specific threshold of accuracy value. Table 8 shows the details
of the ablation study in terms of average F-measure 1, average MAE |, and Model Parameters | metrics on
CUHKM and DUT®! datasets. In Table 8, Model Parameters | indicates the total number of trainable
parameters for corresponding models. The arrow | denotes lower value is better. The proposed model with a
lower Model Parameters value is more efficient.

According to the illustrated results in Table 8, SBDNet full-model has better performance compared to
the smaller models in terms of the average F-measure metric on CUHK™ and DUT® datasets. In terms of the
average MAE metric, SBDNet full-model demonstrated better performance on the DUT® dataset. Considering,
SBDNet01 as a base model with the lowest Model Parameters number (the proposed Identifier network uses
only decoder network for blur map estimation), to produce FBME from an input image. The results
demonstrate that the De-fusionNet1 network boosts the performance of SBDNetO1 by increasing average F-
measure score and reducing the average MAE score. By adding De-fusionNet2 to SBDNet01 without using
Defusion-Net1, the performance of the SBDNetO1 in terms of average F-measure and average MAE scores is
reduced. The results shown in Table 8 indicate that by applying De-fusionNetl and De-fusionNet2 to
SBDNet01 model, average F-measure score is improved by 0.006 on the CUHK™ dataset and 0.007 on the
DUT®! dataset. Adding De-fusionNet1 and De-fusionNet2 to the SBDNet01 model causes better average MAE
performance, by reducing 0.001 on the CUHK!! dataset and 0.009 on the DUT®! dataset.

Table 7. Settings of the ablation studies of the proposed SBDNet model. The v symbol indicates that a component of the model has
been incorporated, while the x symbol indicates that a component has been ablated.

Ablated model Components of the SBDNet model (See Figure 2)

Full-model v ResNet50 Classifier
v Decoder network
v De-fusionNet1 (green)
v De-fusionNet2 (orange)

SBDNet01 v ResNet50 Classifier
x Decoder network
v De-fusionNet1 (green)
v De-fusionNet2 (orange)

SBDNet02 v ResNet50 Classifier
v Decoder network
x De-fusionNet1 (green)
v De-fusionNet2 (orange)

SBDNet03 v ResNet50 Classifier
v Decoder network
v De-fusionNet1 (green)
x De-fusionNet2 (orange)
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Table 8. Ablation analysis of the proposed SBDNet model on the CUHK™ and DUT®! datasets using F-measure 1, MAE | and
Model Parameters | metrics. Details of ablated models are presented at Table 7.

Dataset Metric Abtaled model
SBDNet01 SBDNet02 SBDNet03 Full-model
Model parameters 71,350,901 71,373,984 76,660,061 76,683,170
CUHK F-measure 0.854 0.853 0.856 0.860
MAE 0.198 0.191 0.186 0.197
DUT F-measure 0.892 0.889 0.895 0.899
MAE 0.157 0.164 0.152 0.148

6. Conclusion

This paper presents a novel deep learning algorithm for Google street-view images blur detection and
classification. Classifier and Identifier networks are the two main architectural networks that make up the
proposed SBDNet. Our proposed SBDNet collaboratively generates blur map estimation and the appropriate
classification category label for each input street-view image. The Classifier network extracts high-level
features and classifies input images. The Identifier network combines the obtained high-level semantic features
from the Classifier network with low-level features to produce accurate blur map estimation. This paper also
provided a new Street-View Blur Images (SVBI) dataset including 10,000 images for both types: blur and no
blur, with the corresponding pixel-level, annotated ground-truths. The proposed SBDNet achieved outstanding
experimental results over the SVBI dataset. Finally, SBDNet’s accuracy and robustness for blur map
estimation was evaluated and verified against the current existing baselines and datasets. The evaluation’s
results demonstrate that the SBDNet competes with the other cutting-edge methods.
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