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Abstract. Shadow detection is a fundamental challenge in the field of computer vision. It requires the
network to understand the global semantics and local details of the image. All existing methods depend
on the aggregation of the features of a multi-stage pre-trained convolution neural network, but in
comparison to high-level capabilities, low-level capabilities provide less detection performance. Using
low-level features not only increases the complexity of the network but also reduces its time efficiency.
In this article, we propose a new shadow detector that only uses high-level features and explores the
complementary information between adjacent feature layers. Experiments show that the technique in
this paper can accurately detect shadows and perform well compared with the most advanced methods.
The detailed experiments performed on three public shadow detection datasets, SUB, UCF, and ISTD,
we demonstrate that the suggested method is efficient for detecting any sort of shadow image, which
provides the maximum percentage of accuracy and stability.
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INTRODUCTION

A shadow is an unseen entity that blocks light from a point of light. Behind a light

source, it fills the entire 3-dimensional space. Hand-crafted and deep convolution neural
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networks (CNNSs) have recently been used to achieve considerably better results than the prior
state-of-the-art for additional durable characteristics than shadow detection [1]. The image with
prior and crafted features does not make high-level semanticity successful. Initial shadow
detection approaches are mainly models focused predominantly on invariant hypotheses
regarding color chromatics or illumination and use artisanship features such as illumination
points [2] and others. The assumption model only works well with high-quality as well as well-
restrained images. For that reason, shadow regions are identified in consumer photos when
consumer photos perform so poorly on complex photos, for that reason, shadow regions are
identified in consumer photos. Later, data-driven strategies design certain manual features on
annotated data and transmit them into various classifications [3]. Although these strategies
achieve improvements in accuracy, they are usually degraded in complex cases in which
handcrafted features do not discriminate sufficiently for shadow regions to be found. Various
hand-crafted features were used to generate user image suggestions. The initial reviews focused
on edge and pixel specifics. For example, Guo et al. [4] measured illuminating features for
segmented areas and then assembled a graphic classifier using details from each area and
relationships in pairs. And classify them based on indications of texture, gradient, and intensity.
Instead of looking at individual pixel-level signals, the researchers looked at region-level
signals. Vicente et al. [5] Highly qualified shadow and shadow field classificatory and Markov
Random Field (MRF) were used to improve. performance in a parallel context. Many of the
methods mentioned above are hand-crafted, making them ineffective in complex scenes.
However, picture priors and hand-built features for the removal of high-level semantics are not
successful.

More recently, approaches based on deep convolutional neural networks have shown
promising results in a variety of visual regions, yielding an accurate map with a high
computational cost. For shadow images, CNN can pick up on global spatial settings [6]. Learn
more about spatial context and how to increase the efficiency of shadow detection, the analysis
and integration of different contexts on multiple scales into the global context on objects and
conditions of illumination in the image, and local contexts on data in the shadow type. This
leads us to explore shadowy contexts across multiple layers of CNNs, which require shallow
sections to reveal local contexts and deep layers. Due to the clear potential for the generalization
of deep CNN models, not only image-level grading tasks, but pixel-level grading tasks have
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been developed and used [7]. In terms of function, the encoder-decoder models are based on
fully convolution networks (FCNs) like semantic images, and edge detection SOD (Salient
Object Detection) have greatly improved their performance on pixels [8]. The trend towards
mainstream SOD methods, particularly in the past few years, indicates that most work is done
inside the decoder scheme. The encoder is a multilevel, deeply-trained image classification
model (i.e., ResNeXt-101) [9] Semantic information is used in low-resolution high-level
characteristics, while low-level encoding represents spatial precise awareness. Using the
combined detection of shadows, we evaluated shadow edge data and built a multi-task CNN
for shadow detection, shadow edges of a single image, and other unlabeled datasets. These
functions are built into the decoder to create an accurate performance chart. Various decoders
[10] have been developed by researchers to combine low and high-level characteristics.

In a deep aggregation approach connected with high-level functioning, low-level
attributes play a lesser role in success. When aggregating characteristics from high to low levels,
performance appears to be readily saturated. Low-level resolution features that integrate these
features with high-level device output improvements. When CNN becomes deep, the
functionalities turn from low to high-level. Deep mapping models can only recover details on
the spatial map by combining the deeper layer's features [11]. The effect of this mechanism,
however, is dependent on map accuracy. Because deeper layer fusion characteristics create a
fairly right shadow chart, this map may be used for the direct refinement of characteristics.

The methods above all rely on integrating multi-scale pre-trained neural network
functionality, although we find that the advanced characteristics are more important for the
effectiveness of shadow detection. To improve the performance and efficiency of shadow
identification, we propose a modern, lightweight end-to-end network for shadows that only
leverages profound and specialized features. Then, additional information is collected from
adjacent layer functions to enhance the efficiency of shadow detection. More specifically, the
following are the primary contributions to this paper:

e First, a new, lightweight end-to-end network for shadow detection has been developed,
which accepts shadow RGB images as input and produces shadow RGB images as
output. maps that detect shadows. It includes a cascaded partial decoder that only uses
deep advanced features to enhance time efficiency. It obtains complementary

information from adjacent layer features to boost shadow detection performance.
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e The results of the experiments on three public data sets suggest that the technique used

in this paper is more reliable and efficient.
RELATED WORK

Researchers have developed comprehensive shadow detection algorithms over the last
two decades. Early studies investigated a physical model using the variant of illumination as
well as invariant assumptions, texture, and strange derivative characteristics to differentiate
shadows from a single monochromatic image. For more specific shadow measurements in
monochromatic photos by using shadow variance and invariant indicators in a learning-based
way that is data-driven [12]. Other models of color information assumptions will only operate
well on high quality and accuracy when performing poorly on complex user images. In this
case, to meet the demands of multitask learning, we will create a new large-scale dataset that
includes picture shadow triplets such as shadow, shadow mask, and shadow-free images. ST-
CGAN outperforms various state-of-the-art techniques in terms of both detection and
extraction. The sScGAN [6] generator must be trained to incorporate the shadow mask into the
input scene image to generate an output image that is conditioned on an input image. For global
structure and context, the generator of ScCGAN features a full view of the whole image and
doesn't line an area region classifier. To learn more about the spatial environment and to
increase the efficiency of shadow detection [13]. Guo et al. measured illuminating features for
segmented sections, then build a graphic classifier using data from each region and relationships
between pairs of regions that are likely to be made of the same material, and decide whether or
not they have identical lighting circumstances. The existence of an encoding area and the
limited range of edge capabilities indicates whether the same or different luminescence in the
two regions Vicente et al. [14] region categorizer will be identical to each region's shadow
probability, which is supported by contextual indications between the neighboring regions.

The relational indications are inserted into the context as feature classifications of the
shadow and shadow region using the MRF model to improve performance by using the parallel
meaning of the region. Here we speak mostly about deep learning frameworks for detecting
shadows: Inspirational CNN approaches were created for shadow detection to obtain deep
shadow inference functions from tagged information sets, and they were motivated by the

remarkable development of deep learning in many computer vision problems. Deep learning's
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effectiveness in computer vision problems has recently increased the popularity of shadow
detection approaches [1]. Researchers first considered CNN's mainly as a strong feature
extractor and drastically improved its performance with strong, deep characteristics. Khan et
al. [15] developed a method to classify picture pixels as shadows or non-shadows through the
creation of a 7-layer CNN that extracts deep features from pixels in the image and feeds them
into the conditional random field (CRF) model to smooth shadow detection effects. Authors in
[16] Shen et al. Shadow edges were retrieved using structured CNNs, and so shadow restoration
was handled as an optimization debate. The occurrence of complete convolution networks
(FCN) later proposed end-to-end CNN models [17]. As an example, Vicente et al. [18] had
previously studied a shadow-level image and used a shadow mask-based patch to coach CNNs.
Then, using a conditional generator for the input picture, a shadow detector called scGAN
forecasts a shadow mapping. A quick, deep shadow detection grid uses the preceding map's
shadows to anticipate the shadow patch masks, then includes the results of non-linear and non-
patched dispatches for the overall shadow map prediction. Nowadays, researchers have shown
that combining multi-level features increases performance on dense time series forecasting
[19]. High-level aspects of CNN include contextual and low-level knowledge. Spatial
information is useful in improving object boundaries. This method is used in the course of
several works, specifically fragments of the relevant subjects. Integrate multi-level function
maps in numerous resolutions at identical times with semantic information and spatial data [20].
Then predict and fuse the shadow map at every resolution to make the ultimate shadow map.
[21] retrieves multi-level context-aware features and uses a two-fold gated framework to
transport messages between them.

Introduced their shadow-aware distraction module (DS) in each shadow sheet and fuse
distraction functions. As the shadow bar grows, the creation of their detection networks requires
a tremendous amount of information, and annotations at the pixel level almost have a downside
to existing methodologies. Deep models of state-of-the-art shadow detection have primarily
emphasized the degree to which global contexts are extracted. But here we introduce the utility
of shadow detection’s deeply advanced functionality. We propose a replacement, lightweight,
end-to-end shade network that uses only proven and advanced functionality to boost shadow
detection performance and effectiveness. Then additional information will come from the

adjacent functions for shadow detection.
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PROPOSED METHOD

We suggest in this paper, an additional exploration of deep aggregation for a unique

partial decoder framework.

Overview of the proposed framework’s architecture

Our proposed method consists of two parts: the Adjacent Layers Shadow Feature
Extraction Module (ALSFEM) and the Shadow Feature Redress Module (SFRM). Figure 1(a)
shows the overall architecture: The feature extraction model discards the first three low-level
features and then divides them into the attention branch and detection branch, which contain
the fourth and fifth layers with the same structure, and are connected to the partial decoder
module at the end. Figure 1(b) The current process of the shadow detection system leverages
adjacent layer shadow characteristics to fully utilize both the two levels of the global and local
contexts. Our network accepts one picture as an input and produces shadow detection as an
output. First, it employs CNN to extract features of varying resolutions. The input picture is
supplied into the backhaul at various sizes to encourage backbone capabilities. The layer of
final convolution of output for each field is used for backbone features in the network. Each
field takes an image, which is then passed to the E3, E4, and E5 features by the Partial Decoder
Module (PDM) [16], which only integrates features from a deeper layer. After initializing the
shadow map, we'll go through the proposed holistic attention map(HAM) and then an improved
HAM to refine the feature E3. The attention map efficiently eliminates the distractor in the
feature and multiplies each feature to come up with an attention map. The shallow layer feature
module identifies the deep aggregation layer feature module and accumulates shadow
contextual information for the entire image, rather than just one shadow-specific detail inside
the local area. Then, utilizing two neighboring feature modules as input for a concentrating
module and an SFEM for context feature modification, we construct SFEM to gradually
improve the features of each CNN layer. We incorporate SFEM with SFRM, which is then up-
sampled using bilinear interpolation, thick relations with dense connectivity were concatenated
from top to bottom and routed to a convolutional 1x 1 layer to fusion. Finally, we forecast the
scoring module based on the features and combine those two scores in a sustained attention
layer as well as a sigmoid activation function to obtain the final shadow detection result using

the soft binary shadow map.
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Figure 1. (a) lllustrates the network model architecture proposed in this paper, RGB
image as the new input, and output shadow detection results. (b) is the structure of the PDM

module, which aggregates deep features.
Partial Decoder Module (PDM)

Figure 1(b) shows that the Partial decoder module uses an improved Receptive Field
Block (RFB) module, adds a branch to extend the receptive field, and uses 1x1 convolution to
cut back on the quantity of calculation. Create an efficient context unit motivated by RFB. We
have added three expanded receptive fields to the first RFB, and our context module has three
branches {b,,, m = 1,2,3}. For acceleration, we utilize a 1x1 convolutional layer to reduce the
channel number to 32 in each branch. For {b,,, m > 1} we add two layers: (2m — 1) x (2m —
1) Convolutional layer (2m - 1) and 3x3 layers of conversion (2m-1) dilation. We configure
the outcomes of such divisions and use an extra 1x1 fully connected layer to minimize the
channel to 32. The original RFB was then given a brief connection. In fact, given the split
backbone network characteristics {f,°,i € [1,...,L],c € [a,d]} we derive discriminatory
features from the context module. Then, to close the gap between multi-level features, employ

multiplication operations.

0318



CoBpemeHHble MHHOBaL MU, CUCTEMbI U TexHoaoruu // 2022; 2(3)
Modern Innovations, Systems and Technologies £ https://www.oajmist.com

ConvBlock @— ConvBlock

®
©

FRM (sh f I
ALSFEM (adjacent layers shadow feature > (shadow feature redress modue)

extraction module)

a) b)
Figure 2. The structure diagram of ALSFEM and SFRM.

We specifically set (f;£2 = f£1) for the best feature (i = L). For features {f*,i < L}

with all deeper layer characteristics {f;°*}:

Sf% = £ O [Mheis Conv (Up(FED) )i € [L, ., L1] (1)

where Up (+) is a factor 2~/ upsampling feature while Conv can be a 3x3 convolutional layer.
Finally, we use an up-sampling approach for integrating multi-level functions. We built

a provisional converter and used the convolutional layer 3x3 due to the optimized layer (1=3,
L=5) to get a feature map of [g%] size and 64 channels. Get the extracted feature map and

scale it to [H, W] using 3x3 layers and 1x1 classification algorithms. In addition, when the
aggregation of those works are want to integrate the functions of every branch the proposed
framework may want to improve the prevailing deep aggregation model. Whether or not the
mathematical formulation of the core network is increased and a decoder is introduced, the
computational complexity of the backbone network is still greatly decreased due to the
discarding of low-level operations inside the decoder. Furthermore, the proposed framework's
cascading optimization technique enhances performance, and studies demonstrate that these
two branches outperform the original model.
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Adjacent layer shadow feature extraction module

First, we will explain how the ALSFEM works in the following parts. Figure 2(a)
Refines the feature module in the adjacent layer. An adjacent layer is used as an input because
the global information of the deep layer is richer than that of the shallow layer. So, the deep
layer is used to refine the shallow layer. For instance, in Figure 1(b), E5 has richer global
information than E4. We use E5 to refine E4 and supplement E4 as global information. The
partial decoder module of the attention branch is multiplied by the corresponding elements of
the third layer and then input to the detection branch, which is understood by individuals as a
similar attention mechanism. For the sake of simplicity, the two branches of the model use the
same partial decoder module structure. The difference is that the deeper receptive field is larger,
so its global information should be more abundant. Taking them as input, we can obtain the
redundant information caused by the dereferencing of the receptive field and use the redundant
information to correct the features of the shallow layer. Such collar layer aggregation can better
refine the shallow layer features. The two branches are jointly trained, the loss function adopts
cross-entropy loss, and the total loss is the sum of the loss function output by the two branches
of the partial decoder module. A unified architecture of the full decoder can be represented by:
We built our architecture based on ResNeXt-101. It is highly renowned for producing almost
state-of-the-art results in picture classification and strong generalization characteristics, as well
as being the most often used backbone network in deep shadow detection models. We can

abstract characteristics at three levels from the input image of size HxW, which is indicated as,

H w
2i=17 9i-1

{E; i = 1,...,5} with output features map size: [ ] The decoder suggested above work

as named complete decoders, incorporating all the functionality of the shadow map in Collar
layer. Since the features of the shallow layers make a less effective contribution D; =
9g(E1, Ey, E5, Ey, E5), where g(+) refers to an aggregation of a multi-level feature. We create a
partial decoder that incorporates only the deeper layers. We designed a split communication
infrastructure to increase features by utilizing the produced shadow map. As an optimization
layer, we set Conv 3%3 and created two branches on the last two convolutional blocks.

For the additional branches, we created a Partial Digital Converter Module to
incorporate three-level characteristics specified at Ef = E;, i = 3,4,5. As a result, the partial

decoder is denoted by D, = g,(E$, EZ, ES) and creates a preliminary shadow map S;.
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Following completion of the planned Holistic Focus Module (HAM). Since the characteristics
of the top three layers incorporate a reasonably reliable shadow diagram. Attention maps to
features S, of distraction maps, which Es essentially removes. Then we have a E¢ refined
detection function for the branch by multiplying the elemental characteristics and the concerned
map: E$ = E; X S),. Therefore, the two-tier detection branch characteristics are defined as
E4,EZ. By constructing another partial decoder Dy = gq4(E$, E{, EZ) The suggested model
generates the ultimate shadow detection chart, Sq for the detection division. To make it clear,
we set g, = gq4. We train the two divisions along with the simple facts. There are no general
qualifications for both divisions. Due to S;, Sq and the associated mark i, complete total Liotal.

The formulation is as follows:
Liota1 = Lee(Siy116;) + Lo (Sq, 116;) 2
Shadow feature redress module (SFRM)

SFRM uses the output of SFEM Figure.2(b) and CNN's take features (E3, E4, E5) as
input. Because the global semantic information of features refined by SFEM is richer than E3,
E4, and E5 they're aggregated to get redundant information (area for detecting errors). To
correct redundant information, use E3, E4, and E5. SFRM takes the adjacent features as input
and outputs the corrected shadow features. First, it adds the collar layer feature and fed into a
Conv-block and so gets the mask through the attention module. The mask image presentation
is obtained by subtraction as an input layer to urge the context information and add this
redundant information from the input layer to get the corrected shadow feature. SFRM is useful
in discriminating between SFEM output and real shadows. This can be thanks to making the

network less prone to getting accurate and fast shadows from any shadow images.
ANALYSIS AND EXPERIMENTAL RESULTS

In this section, we first present data sets and assessment parameters for shadow detection
before comparing the proposed technique to existing shadow detectors and related works such

as shadow deletion, detection, and classification techniques.
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The dataset contains metrics for evaluation
Training conditions

We generate constants of a basic deep neural network by ResNeXt-101, It's quite good
for ImageNet's photo categorization task, to speed up the training process and reduce the risk
of overfitting, as some other function is given to discrete values. The entire network is
optimized for 10000 iterations and an 8-batch size using the Stochastic gradient descent (SGD)
optimizer with a momentum of 0.9 and weight decay of 5x10™*. We start with a learning rate of
5x10° and lower it using a 0.9-strength polynomial approach. To train our network on a
separate GTX 1080Ti, we scaled all labeled and unlabeled pictures to 320%320 and enrich the
base classifier with random diagonal flips.

Datasets

To assess our technique, we utilize three available datasets: ISTD [22], SBU [23], and
UCF [11]. The ISTD dataset includes 70 triples of shadow pictures, shadow-free pictures, and
shadow maps of which 540 are tested. We have their shadow maps and photographs to estimate
shadow detection for all of the evaluation metrics including pixel-by-pixel comments. SBU
dataset including 4089 training and 638 assessing photos. The UCF dataset comprises 245
pictures, 110 of which were evaluated. ISTD only has pictures with shadows, but SBU and UCF
have both self-shadowed and pictures with shadows in different situations. To demonstrate our
model's generalization potential, we trained on the SBU and UCF datasets and tested both. We
reorient the algorithm on the training sample for ISTD and then analyze the implementation of

this testing data.
Metrics for evaluation

To quantify the performance of shadow detection, we use a balanced error rate (BER):
BER=100*<1—3*(M+M>> @3)

2 Ny Np
where Np, N, Nip, and N, represent the recognition accuracy, and shadow, non-shadow, and

true negative pixels in the shadow picture, separately. A better shadow accuracy rate is indicated
by a lower BER rating.
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Method of evaluation for shadow detection

We evaluate our technique with ideal shadow detection methods such as DSDNet [25],
DC-DSPF, BDRAR [24], AD-Net [20], DSC [25], ST-CGAN, patched CNN [26], scGAN, and
stack-CNN, that use deep learning, and Unary-Pairwise that use hand-crafted features. For a

reasonable assessment, we used the author's published outcomes from the publication.
Visual contrast

As shown in the Figure, we use the shadow detection map created by our approach and
the most recent method for offering to individuals (Figure).

The figure illustrates this. (3) that our approach can be successful, we give some visual
data to qualitatively compare our methods to available methods, as shown in Figure 3. We can
see from the top three rows that our technique is more capable of discriminating between actual
shadows and non-shadows in terms of shadow appearance than alternative ways. In the last
row, for example, our method can accurately detect the shadow areas, while other dominant
methods (i.e. DSDNet, for example) appear to mist rack the shadows from barrel-shape
cylinders inside the top of the corner. Dark work-like shadows were detected inappropriately
in the second row, current ways (e.g. BDRAR). The last two rows display several challenging
cases of shadow-detection, anywhere real shadows test like a background visually (potential
false negatives). We'll be able to see that our strategy will clear the cases with continued
progress, while alternate approaches neglect actual shadow areas. For instance, in the fourth
row, all current ways except our methods, the black part at the bottom of the stairs sections as
non-shadow (false negative) under the shadow regions, whereas DSDNet, BDRAR, and DSC
will struggle to see the non-shadow region between two legs. Our method predicts them
accurately in terms of distinction. Finally, as seen in Figure. (3), we would like to discuss the
predictions of FP and FN made in our PD module. These findings will shed light on the
integration of distraction linguistics, into certain challenging situations and will enable the
identification of shadows. For example, our FP predictor estimates that the black part at the
bottom of the stairs is a false positive in the prime row, which helps to ensure that the shadow

area is correctly discriminated against by our model. In the second section, our FN predictor
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works with a high visual resemblance to the adjacent building in the shadow zone. It will make
our model simpler to fix possible ambiguities in the shadow area at intervals.

Figure 3. Compares our methods to available methods.
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Table 1. Our strategy is realistic, especially in comparison to other methods.

Dataset ISTD UCF SBU

Method BER Shadow Non- BER Shadow Non- BER Shadow Non-
Shadow Shadow Shadow

PSPNet 4.26 451 4.02 11.75 0.00 0.00 8.57 0.00 0.00

AADEF 0.00 0.00 0.00 0.00 0.00 0.00 377 424 3.33

-Net

GateNet 0.00 0.00 0.00 0.00 0.00 0.00 3.73 3.37 4.10

EGNET 185 1.75 1.95 9.20 11.28 7.12 449 523 2.50

SRM 792 13.97 1.86 1251 21.41 3.60 6.51 10.52 2.50

Amulet 0.00 0.00 0.00 15.17 0.00 0.00 15.13 0.00 0.00

Deshado 0.00 0.00 0.00 8.92 0.00 0.00 6.92 0.00 0.00

wNet

Patched- 0.00 0.00 0.00 0.00 0.00 0.00 1156 15.60 7.52

CNN

SgGAN 470 3.22 6.18 1150 7.74 15.30 9.10 8.39 9.69

Stacked- 8.60 7.69 9.23 13.0 9.00 17.10 11.0 8.84 12.76

CNN 0 0

UnaryPa 0.00 0.00 0.00 0.00 0.00 0.00 25.03 36.26 13.80

irwise

ST- 3.85 214 5.55 11.23 4,94 17.52 8.14 3.75 12.53

CGAN

DSC 342 3.85 3.00 10.54 18.08 3.00 559 9.76 1.42

AD-Net 0.00 0.00 0.00 9.25 8.37 10.14 537 4.45 6.30

BDRAR 259 0.0 4.87 7.81 9.69 5.94 3.64 340 3.89

DC- 0.00 0.00 0.00 790 6.50 9.30 490 4.70 5.10

DSPF

DSDNet 2.17 1.36 2.98 759 9.74 5.00 345 3.33 3.58

Ours 1.96 1.40 2.52 752 9.80 5.24 326 3.14 3.38

Qualitative contrast

In three data sets, Table 1, our strategy is realistic, especially in comparison to others.

The lower the shadow and non-shadow error rates, the more comprehensive and redundant the
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shadow detection map is, and the BER is their approximate amount, which determines the
performance of the shadow detection map in a neutral way.

The red annotation represents the highest result, and the blue represents the second-
highest result. In most circumstances, our technique has the lowest BER score. On ISTD
datasets, where identity is more suited, EGNet works well. Furthermore, in the UCF and SBU
data sets, our technique has the lowest BER score, indicating that our method performs better
in dealing with varied settings and shadows, not only self- shadows.

Furthermore, the solution based on custom feature identification has a higher BER score
than deep learning-based techniques, demonstrating that supervised learning photos may be
used to build stronger shadow detection features using deep learning approaches. These models
may be re-trained, trained on shadow detection samples, and utilized to identify shadows.

To further compare, we re-train and evaluate a contemporary shadow classification
model, a semantic segmentation model, and a shadow removal model on shadow detection
datasets using the researchers' codes and change the variables for optimum results.

As demonstrated in Table 1, our technique beats current models in some instances,

despite their greater spectral efficiency over some current shadow detectors.
CONCLUSION

This research describes a unique link for detecting single-image shadows. To thoroughly
investigate the domestic and global relevant information decoded in various layers of a
convolutional neural network (CNN), three strategies are tried to be introduced: partial decoder
module (PDM), neighboring layer shadow function extractor unit ALSFEM, and shadow
feature repair module SFRM (CNN). By studying the attentiveness strengths to pick an end-to-
end approach, the PDM module delivers a unique feature improvement technique for the
scenario in the additional layer. The shadow context is aggregated in one direction at multiple
levels, thus improving the shadow limits and also removing the non-shadow areas. Experiment
results demonstrate that our model can tackle tough and unclear scenarios in the field of shadow
detection positively, offering new state-of-the-art SBU, UCF, and ISTD dataset capabilities.
But even if our techniques are designed to handle the most complicated concepts, poor shadow
images with such a dark background don't fail to indicate, as shown in Figure (3) in the last

row.
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Finally, we test our network on three datasets and compare it to a variety of state-of-the-
art approaches, as well as display our network's accuracy results and BER statistics.
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