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Abstract
Video Shadow Detection (VSD) is an emerging research direction that holds signif-
icant importance in surveillance video analysis for multiple industrial applications.
Recently, several research efforts in the field of VSD have focused on improving
the performance and accuracy of shadow detection by utilizing state-of-the-art deep-
learning models, overlooking the challenges associated with practical deployment on
resource-constrained devices. To maintain this trade-off between accuracy and com-
putational complexity, we propose a novel edge-preserving lightweight Hierarchical
SeparableNetwork (HSNet) forVSD tasks,which hierarchically extracts the attention-
based multi-scale geometric spatiotemporal shadow features from videos to improve
shadow detection performance while keeping the number of network parameters and
floating point operations low. As far as we know, this is the first work that extracts
the attention-based multi-scale geometric spatial and temporal features hierarchically.
Additionally, a Geometric Attention Information Module (GAIM) is designed, which
extracts geometric spatial and temporal resolution information from video frames
and preserves the edge information. Next, a novel Edge-enhanced Detection Network
(EDNet) is proposed to extract geometric spatial and temporal features and enhance
edge information. To enhance the diversity of the existing datasets with visually com-
plex shadow scene variations, we collected new annotated examples. Lastly, Shadow
Region Intensity (SRI) loss is proposed to minimize the training loss and differentiate
the geometric variation of the background and foreground of the objects. Extensive
experimental results demonstrate that HSNet outperformed existing state-of-the-art
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models with 2.82% of increased accuracy while achieving 87.9 and 81.4% reduc-
tion in the number of parameters and FLOPS, respectively, on VSD. Our code and
data samples and the corresponding annotations are available at https://github.com/
shemraj/HSNet.

Keywords Geometric multi-scale encoder · Multi-level feature extraction ·
Hierarchical spatiotemporal features · Multi-scale feature · Video shadow detection ·
Deep learning

1 Introduction

The development of a sustainable edge computing (SEC) framework holds significant
importance in the Industrial Internet of Things (IoT) context. This framework can
potentially enhance the efficiency of data processing and transmission while enabling
seamless adaptation to data-intensive applications. Surveillance video analytics is a
prominent application in which extracting video semantics is crucial. Video semantics
offer valuable insights and information that can be leveraged to establish trust in the
data or trigger alerts for potential risks. Consequently, extracting video semantics is
pivotal in deploying IoT solutions for real-time surveillance applications, such as video
object tracking [1], video object segmentation [2], video object recognition [3, 4], and
video scene understanding [5] by identifying the visual regions within a video frame
that stands out the most in comparison to their surroundings across various spatial
scales. In this direction, Video Shadow Detection (VSD) has also emerged as a crucial
task that localizes shadow regions in videos and provides valuable insights, such as the
direction of illumination [6], inferring the shape of occluding objects [7], localization
[8], and scene geometry [9]. Looking at the applicability in multiple application areas
such as the coal industry [10], robotics industry [11], road transportation industry
[12], shopping mall [9], automobile industry [13], manufacturing [14], etc., VSD has
become an urgent task.

Shadow detection in images and videos provides additional visual semantics that
may impact the main task positively or negatively, as shown in Fig. 1. For instance,
shadows may provide additional information about an object (the second row of the
figure) [15–17], which may improve the detection performance. For example, the
objects are not directly visible (fully or partially), but with the help of shadows of
the object, they can be detected. In contrast, shadows may also create difficulties in
detecting or segmenting the object, downgrading the performance of computer vision
tasks [12, 18, 19] (the first row of the Fig. 1). In both cases, the effective detection of
shadows is crucial.

With the advanced development of multiple deep learning models and architec-
tures in the domain of computer vision over the past few years, the performance of
these models has also been successfully evaluated on shadow detection tasks to learn
the discriminative shadow features from images [20–22]. In videos, shadow infor-
mation extraction presents more intricate challenges due to interference caused by a
moving background, motion blur, and geometric changes in the foreground and back-
ground. Recent deep-learning approaches [2, 7, 23–25] model the relationships and

https://github.com/shemraj/HSNet
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Fig. 1 Illustration of negative (first row) and positive (second row) impacts of shadowon the object detection
task

correlations between extracted features from different video frames by leveraging the
temporal dependencies between frames by applying convolution transformations to
improve the performance. However, the bigger and computationally complex Convo-
lution Neural Network (CNN)-based models are challenging to deploy in the practical
setting for applications like smart homes [9], smart cities [26], smart traffic systems
[27], etc., where the devices are usually resource-constrained (IoT devices, mobile,
edge devices). In line with the current research trend, which focuses on develop-
ing lightweight models to balance computational complexity, energy consumption,
and detection performance, our objective is to apply this approach to the unexplored
domain of video shadow detection.

Existingmethods of VSD [2–4] often suffer from losing low-level local information
during the encoding process, due to which they face difficulties in capturing the global
distribution and feature representation needed for complex and diverse shadows. This
loss also hampers the feature recovery during decoding. To overcome the above prob-
lems, the transformer-based models [12, 15, 28–30] have been proposed, which rely
on pixel-wise supervision to overlook the structural relationships between shadow
boundaries and adjacent shadow or non-shadow regions. These models demonstrate
strong performance in capturing global shadow semantics, such as partial shadow
and large-scale variations. However, these models struggle to accurately represent
local, global, and mixed shadow semantic regions, which causes difficulty in detecting
tiny shadow objects, multiple shadow objects, complex shadow scenes, and geomet-
ric variation shadow scenes, particularly around fine boundaries. Additionally, these
methods struggle to effectively merge low-level local features with high-level global
features during decoding. The inefficient fusion of contextual information can result
in poor restoration of images, making it challenging to distinguish between fore-
ground and background, such as black objects and shadow areas. To overcome these
problems, we propose a novel, efficient, lightweight Hierarchical Separable Network
(HSNet), including Geometric Multi-scale Encoder Module (GMEM), Multi-level
Feature Extraction Module (MFEM), Geometric Attention Fusion Module (GAFM),
and Saliency Generation Module (SGM), which extracts the attention-based multi-
scale geometric spatiotemporal features from video sequences with the help of several
newly designed modules. These modules help to extract better geometric high spa-
tial and temporal resolution information with fewer network parameters and floating
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point operation and increase the inference speed of the network. We further modified
the EfficientNet [31] with the help of the proposed Geometric Attention Information
Module (GAIM), including the Self-Attention Geometric Feature Module (SGFM),
which extracts and fuses the geometric attention information and makes the backbone
network light. As per our knowledge, this is the first work, where attention-based
multi-scale geometric spatial and temporal features are extracted for effective VSD.

Another limitation is associatedwith the evaluationmethods of VSDmodels. Previ-
ous methods [5–7, 32] based on cross-entropy loss functions mainly focus on shadow
pixels, neglecting non-shadow pixels, which can also provide more discriminative fea-
tures. Moreover, due to poor detail perception, the cross-entropy loss function tends
to have weak detection capabilities for tiny shadows. To exploit each pixel region
locally and globally and reduce the divergence inconsistency while discriminating the
foreground and background region intensity boundary, a Shadow Region Intensity
Loss (SRI) is proposed, mainly focusing on significant regions near adjacent pixels or
fine edges. Moreover, to enhance the existing datasets’ diversity with visually intri-
cate shadow scene variations, we introduce additional examples. To demonstrate the
enhanced performance of the proposed model, it is evaluated on both the existing
benchmark and the new samples. The proposed model demonstrates the capability to
achieve comparable performance to that of the state-of-the-art (SOTA) models with
7.2 million parameters, 4.24 gigabytes (G) of floating point operation, and 90 FPS
(frame per second) inference speed.

The primary contributions of this paper are summarized as follows:

1. A novel lightweight Hierarchical Separable Network (HSNet) is proposed, which
extracts the multi-scale geometric spatiotemporal features from video sequences
with the help of newly designed modules such as GMEM, MFEM, GAFM, and
SGM.

2. A novel lightweight Edge Detection Network (EDNet) is proposed to extract the
geometric variations of edges from the video frames. It utilizes a newly designed
Contrast Edge Distillation (CED) with the help of Fast Fourier Convolution (FFC)
[33] and Spatial Spectral Transformation (SST) [34], which adaptively learns the
spatial and spectral edge information from different video frames and generates
enhanced features.

3. New examples have been added to the benchmark datasets with visually intricate
shadow scene variations.

4. A new plugin named GAIM is designed to make the backbone EfficientNet [14]
lighter and extract the efficient geometric high spatial and temporal resolution
information.

5. The proposed model is tested on the benchmark datasets ViSha [7], VISAD [23],
and our new set of samples and compared with SOTA models in terms of model
computational complexity and performance. Further, a detailed ablation study is
provided to support the efficiency and effectiveness of the technical contributions.
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2 RelatedWorks

2.1 ShadowDetection in Image/Video

The current shadow detection models [35, 36] detect shadow pixels based on a sin-
gle input image and frame, which have at least one shadow. For detecting shadows,
the recent methods used the CNN-based shadow detection models [3, 6, 7, 16], which
extracts deep features from images and videos based on superpixels. In [7], a triple par-
allel network has been designed to learn the discriminative features at intra/inter-video
levels using a dual-gated co-attention module and derive features from its adjacent
frames in the video. In [36], contextual-based spatial features have been extracted in
a direction-aware manner. In contrast, Zhu et al. [22] suggested a Recurrent Attention
Residual (RAR) model for combining the contextual information at a stack of CNN
layers to detect the shadow. In [6], a distraction-aware information extraction technique
has been designed to predict false positives and false negatives for detecting shadows.
Ding et al. [8] introduced a shadow consistent correspondence (SC-Cor) method to
enhance pixel-wise similarity across shadow regions for VSD tasks, which follows
weakly-supervised learning of pixel-wise correspondence across frames, eliminating
the need for dense pixel-to-pixel labels. Chen et al. [12] designed PSTNet, a pio-
neering data-driven model for video shadow removal, leveraging physical properties,
spatio-temporal relationships, and temporal coherence. It utilized a dedicated physical
branch with mask-guided attention and a progressive aggregation module to address
dataset limitations. Barua et al. [4] proposed a novel privacy-preserving deep feature
engineering model and validated using a custom shadow video dataset. It extracted the
deep feature using AlexNet, producing a 9192-dimensional feature vector, the Chi2

selector is refined into 1000 features and classified by support vector machine (SVM).
Wu et al. [37] introduced a moving target shadow detection method for VideoSAR
images, addressinghigh false alarmandmisseddetection rateswhile extracting shadow
and local contrast information for robust background reconstruction for super-pixel
segmentation. However, these models have generated false detection accuracy and
suppressed false alarms across multiple frames. Zhou et al. [38] designed the time-
line and boundary-guided diffusion (TBGDiff) network for video shadow detection,
integrating dual scale aggregation (DSA) for enhancing temporal context, shadow
boundary aware attention (SBAA) for edge-based shadow features, and space-time
encoded embedding (STEE) modules enable advanced temporal guidance, signif-
icantly improving shadow detection. Wei et al. [28] introduced a spatial-temporal
feature interaction strategy that refines global shadow semantics using local priors for
inter-frame shadow relations. Additionally, a structure-aware shadow prediction mod-
ule was designed, which modeled distance relations between local shadow edges and
regions. Jie et al. [39] introduced RMLANet, a random multi-level attention network
that utilizes shuffled feature aggregation and sparse attention to efficiently process
high-resolution inputs. By reducing unnecessary dense attention, it significantly low-
ered computational complexity while maintaining high accuracy in feature fusion.
Zhang et al. [40] designed a GNN-JFL, a novel graph neural network-based joint
motion-appearance feature extraction method that enhanced shadow tracking accu-
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racy by leveraging graph relationships. It integrated multi-object tracking with GNNs
for robust feature representation and improved association of shadows in complex
scenarios, which uses more upsampling and downsampling operations, causing infor-
mation loss and increasing the network complexity as its limitation. However, these
models have drawbacks in that they require more computational power and storage
space, decrease the inference speed, and are unable to detect the geometric variation
of the shadow at multiple scales.

2.2 Lightweight Video ShadowDetection

In real-world scenarios, visual recognition tasksmust be performed efficiently, consid-
ering factors such as speed, power consumption, and memory usage while operating
within computational resource limitations. So, designing a lightweight video shadow
detection method is important in various computer vision applications, including
object recognition, surveillance, and autonomous vehicles, etc. Liu et al. [15] pre-
sented a shadow deformation attention (SODA) module to detect the large shadow
deformation in videos. Further, the shadow contrastive learning module (SCOTCH) is
presented to extract the unified shadow information. Chen et al. [25] designed a semi-
supervised video shadow detection method leveraging existing labeled image datasets
to generate temporally consistent pseudo-labels using a spatio-temporally aligned net-
work (STANet). Further, it integrates an uncertainty-guided learning strategy and a
lightweightmemory-propagated long-term network (MPLNet) withmemory propaga-
tion for enhanced long-term consistency in shadow detection. Lin et al. [41] presented
a method for real-time video shadow detection using a fast and lightweight algorithm.
It focuses on exploiting the temporal consistency of shadows to reduce computa-
tion. Lu et al. [23] proposed a Spatio-Temporal Interpolation Consistency Training
(STICT) framework that integrates unlabeled video frames with labeled images for
enhanced shadow detection. It introduces spatial and temporal interpolation schemes
and scale-aware constraints to improve pixel-wise classification and temporal predic-
tion consistency.Wang et al. [30] proposed an effective and simplemethod to fine-tune
the Segment anything model (SAM) for detecting the shadows. Further, it uses long
short-term attentionmethods to detect the shadow in videos.Wu et al. [42] introduced a
new shadow annotation method using graph convolution networks, which extracts the
complete shadow mask information. In [43], a multi-input and multi-output (MIMO)
strategy was proposed to extract the spatiotemporal information and reduce the com-
putational complexity of a 3D separable convolution layer-based model. In this, Lin
et al. [29] proposed a novel CNN leveraging motion-guided multi-scale memory fea-
tures for enhanced video shadow detection, which integrates global, local, and motion
memories with a multi-scale motion-guided long-short transformer (MMLT) mod-
ule, dense-scale transformers, and memory-read pooling attention to accurately detect
shadows of varying sizes.
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2.3 Edge DetectionMethods

The recent methods [44–47] mostly focus on pixel-level edge information to increase
the performance of deep-learningmethods.Qin et al. [48] designed a hybrid loss,which
provides training supervision for correctly detecting salient objects at patch, map, and
pixel levels. Zhao et al. [49] designed an edge-based deep learning model (EGNet) to
preserve the salient object boundaries from across the salient object and edge informa-
tion. In [45], the Swin Transformer is designed to extract the multi-modality features
and optimize intra-level cross-modality features. Zhou et al. [46] designed an edge-
guided recurrent positioning network (ERPNet), which performs two operations: (1)
edge extraction and (2) feature fusion. These edge methods mostly face short connec-
tion problems and less correlation geometric variation between the previous and next
frames. Luo et al. [21] designed an edge-aware spatial pyramid fusion network, which
extractsmulti-task features in airborne remote sensing images. Jiao et al. [50] designed
a spectral feature-scalable framework Permutohedral Refined UNet with a conditional
random field (CRF) for precise cloud and shadow segmentation. This pipeline effi-
ciently refines edges using multi-spectral bilateral kernels, significantly improving
shadow retrieval. Dong et al. [51] proposed a novel Additive Contour Model (ACM)
based on Shadow Image and Reflection Edge (SIRE) for precise image segmentation
by leveraging mean-filtered shadow images and reflection edges derived from energy
function optimization. It combined with level set minimization, accurately captures
target boundaries and enhances robustness through optimized length and distance reg-
ularization terms. However, these models require more computational complexity and
fail to detect the geometrical change of its position dynamically at multiple scales.
To overcome the above problems, an Edge Detection Network (EDNet) is proposed,
which extracts the geometric multi-scale spatial and temporal features and produces
enhanced edge maps without increasing the network complexity.

3 Proposed Hierarchical Separable Network

3.1 Model Architecture

The proposed Hierarchical Separable Network (HSNet) architecture is shown in Fig.
2. At first, the appearance frames are sent to the Geometric Attention Information
Module (GAIM) (discussed in Sect. 3.2), which extracts the compressed geometrical
spatiotemporal representations. This information aids in extracting the geometrically
rich spatiotemporal backbone features Xk and edge information Yk via the baseline
EfficientNet architecture [31]. The three Receptive Field Blocks (RFBs) [52] control
the eccentricities of the receptive field at different scales and generate more discrim-
inative geometric spatiotemporal features. These RFBs are connected to the stack
of Geometric Multi-scale Encoder Module (GMEM), which are designed to extract
multi-scale spatial attention.Next, theMulti-level FeatureExtractionModule (MFEM)
(details are in Sect. 3.4.1) extracts multi-level features at different dilation rates with
the help of skip-connections to preserve the quality of low- and high-level features
through multiple layers. The respective features are extracted by the stack of RFBs,
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Fig. 2 The pipeline architecture of HSNet

GMEMs, and MEFMs at different scales and are then fused via the Geometric Atten-
tion Fusion Module (GAFM) (details are in Sect. 3.5). The fused outputs are passed
to the three saliency generation modules (SGM), which generate the three saliency
shadow maps. Further, we take the average (AVG) of the generated saliency maps
and enhance the representation. The edge maps are extracted by our proposed EDNet
(details are in Sect. 3.7), which refine the final saliency map based on edge-preserving
contextual information. The details of eachmodule in the proposedmodel are provided
in the subsequent subsections.

3.2 Geometric Attention InformationModule (GAIM)

The Geometric Attention Information Module (GAIM) is proposed to extract the
geometric variation of low-level spatial and temporal resolution information, as shown
in Fig. 3a. It configures with a deformable separable convolution (DSConv) layer with
3 × 3 filter and four depth-wise convolution (DWConv) layers with different filter
sizes (1 × 1, 3 × 3, 3 × 3, 3 × 3) and different dilation rates (1, 4, 6, 8) in parallel
fashion followed by basic 2d-convolution (BConv2d) layers with 1 × 1 filters. First,
Fast Fourier Transformation (FFT) followed by FFTShift operation is performed to
extract the geometric variations of the input appearance At

k frames. Further, the self-
attention geometric feature module (SGFM) extracts high-level spatial and temporal
information, and the output is passed to the DSConv layer, which extracts the depth-
wise high-level geometric spatial and temporal information. Then fourDWConv layers
followed by BConv2d layers extract the multi-scale geometric high-level spatial and
temporal information in a parallel fashion. Next, these features are fused together using
element-wise addition operations to enhance the feature quality. At last, the point-wise
1×1 convolution layer (Conv) followed by the non-linear activation function (ReLU)
is used to normalize and generate the multi-scale geometric high-level spatial and
temporal information Xk and edge maps Yk .

The geometric high-level spatial and temporal information Xk and low-level edge
maps Yk provided by GAIM are first passed to EfficientNet to extract the backbone
high-level spatial and temporal information Xk . The extraction of the geometric high-
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Fig. 3 Architecture of GAIM and SGFMModules. GAP is the global average pooling, BN is batch normal-
ization, SA is a self-attention layer, FC is a fully connected layer, Conv is the convolution layer, DSConv is
deformable separable convolution, DWConv is the depth-wise convolution, BConv2d is basic convolution,
⊕ is element-wise addition operation,⊗ is element-wise multiplication operation, and r is the dilation rates

level spatial and temporal information procedure is given in Eq. 1.

Xk,Yk = GAIM(Ak
k)

Xen
k = EfficientNet(Xk)

(1)

3.2.1 Self-Attention Geometric Feature Module (SGFM)

The existing hierarchical attention-based feature extraction methods [2, 12, 13] have
limitations towards the performance due to multiple down-sampling operations and
are unable to detect geometric structural variation of shadow in multi-view. To over-
come this problem, the self-attention geometric feature module (SGFM) is designed
as shown in Fig. 3b, which captures the crucial local region context and global context
information dynamically. The input appearance frames are passed to the SGFM,which
extracts attention-based features using the Global Average Pooling (GAP) operation.
Then, BatchNormalization (BN) is used to normalize the feature quality. Further, Self-
Attention (SA) [53] extracts the attention-based global spatial and temporal features
and enhances the information of spatial and temporal content. SA is used to han-
dle long-range dependency between the present frame and the previous frame during
information extraction. Next, the fully connected layer is applied densely to generate
the feature maps. To normalize the feature map, the Sigmoid operation is used, and
element-wise multiplication and skip connection are applied to enhance and preserve
the feature quality. At last, element-wise addition operation balances the input and out-
put feature maps to preserve the original feature quality and generate the high spatial
and temporal resolution information output.
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Fig. 4 Architecture of GMEM,
which extracts the geometric
multi-scale spatial and temporal
information. The DWConv is the
depth-wise convolution, ⊕ is the
element-wise addition operation,
σ is the Sigmoid operation, and
r is the dilation rates

3.3 Multi-Scale High-level Spatiotemporal Feature Extraction

The output of the modified EfficientNet Xen
k is passed to the three Receptive Field

Blocks (RFB) [52], each with three branches for the three dilation rates (r= 3, 5, 7).
Each branch is designed with one basic 2-D convolution layer with 1 × 1 filter and
the other two blocks with 3× 3 filters, followed by DWConv layers with 3× 3 filters.
RFBs extract the geometric high-level spatiotemporal information (Xr

k1
, Xr

k2
, Xr

k3
)

with different contexts and generate the outputs at three scales k1 =32, k2 =64, and
k3 =128, respectively. The procedure is given as follows,

Xr
k1 = RFB(Xen

k )

Xr
k2 = RFB(Xen

k )

Xr
k3 = RFB(Xen

k )

(2)

3.3.1 Geometric Multi-scale Encoder Module (GMEM)

The existing approaches [15, 16, 25, 54] used pretrained network, or convolutional
neural network, orUNet-like architecture to extract spatiotemporal information, which
needs more computational complexity and fail to extract the geometric variation of
spatiotemporal information at multiple scales due to their use of fixed kernel structure.
To overcome these problems, a Geometric Multi-scale Encoder Module (GMEM) is
proposed, which dynamically extracts the multi-scale geometric high-level spatial and
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Fig. 5 Illustration of MFEM,
which extracts the multi-level
spatial and temporal information

temporal information without increasing the computational complexity. Additionally,
it exploits the high-level spatiotemporal correlation information between center and
side regions to efficiently locate and segment the salient shadow at three scales: k1, k2,
and k3. It is the combination of three DWConv layers with 3×3 filters at three different
dilation rates (r = 1, 3, 5), three ReLU, and three Sigmoid operations (σ ), fusion using
element-wise addition ⊕, and DSConv as shown in Fig. 4. The outputs of the RFBs
are passed to the three GMEMmodules at the scale of 32, 64, and 128, respectively, to
improve the representation of the information and generate the multi-scale high-level
spatial and temporal information Xg

k1
, Xg

k2
, Xg

k3
. The procedure is given in Eq. 3.

Xg
k1

= GMEM(Xr
k1)

Xg
k2

= GMEM(Xr
k2)

Xg
k3

= GMEM(Xr
k3)

(3)

3.4 Multi-Scale Multi-level Spatiotemporal Feature Extraction

3.4.1 Multi-level Features Extraction Module (MFEM)

The MFEM is shown in Fig. 5, which extracts the information from three branches
at different scales (32, 64, 128) in a hierarchical fashion. It extracts the geometric
variation of low-level spatiotemporal features using DWConv and AL layers with
skip connections, while high-level spatiotemporal features are extracted using Conv,
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Fig. 6 Illustration of GAFM,
which extracts and fuses the
attention-based spatial and
temporal information

followed byBNandReLU activation layerswith skip connections to preserve the qual-
ity of the features. Generally, the multi-level (low-level to high-level) spatiotemporal
information contains effective semantic global information and characterizes the most
important geometric variation features. The skip connection is used locally between
the input and output and passes the useful information directly to the extractor blocks.
The procedure is given as follows,

Xm
k1 = MFEM(Xg

k1
)

Xm
k2 = MFEM(Xg

k2
)

Xm
k3 = MFEM(Xg

k3
).

(4)

3.5 Geometric Attention FusionModule (GAFM)

In contrast to fusing themulti-modality features using concatenation, graph learning, or
attention-basedmethods [2, 27, 55], we use a hierarchical strategy for fusing themulti-
scale geometric and multi-level spatiotemporal features. The architecture of GAFM is
shown in Fig. 6, which dynamically adapts the characteristics of DSConv and connects
in a hierarchical way to strengthen the geometric transformation modeling and fusion
capability of the proposed model. Next, an SGFM is used to extract geometric spatial
and temporal information hierarchically and fuse it. The outputs of RFBs, GMEMs,
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Fig. 7 Illustration of SGM,
which converts the high-level
semantic of spatial and temporal
features into low-level detailed
information to generate the
saliency maps

and MEFMs are fused as follows,

Xr
k = GAFM(Xr

k1, X
r
k2 , X

r
k3),

Xg
k = GAFM(Xg

k1
, Xg

k2
, Xg

k3
),

Xm
k = GAFM(Xm

k1, X
m
k2 , X

m
k3).

(5)

3.6 Saliency GenerationModule (SGM)

The boundary contour of an object or region within an image can be considered the
demarcation or separation line between the salient (important or foreground) regions
and the non-salient (unimportant or background) regions. Boundary information helps
to detect and segment the salient objects efficiently. Existing VSD methods [15, 16,
30, 38, 42] use the multiple decoders, stacked of the convolution neural network,
graph convolution network, and diffusion module to generate saliency maps, which
require more computational complexity and perform poorly on coarse boundaries,
deform objects, and tiny objects at multiple scales. To overcome these problems, the
Saliency Generation Module (SGM) is proposed as shown in Fig. 7. In SGM, first,
the shadow masking is performed using Mask Attention (MA), which uses Spatial
Attention (SA) to differentiate the background and foreground shadowboundarieswith
the help of Sigmoid operation, multiplied with (−1) and addition of (+1) to preserve
the foreground regions, and Channel Attention (CA), which performs the Sigmoid
operation to get the channel information of the shadow foreground regions and expand
the channel of the feature to get the original feature attention. The output of MA is
passed to a stack of DSConv, four branches of DWConv with different dilation rates
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and filters followed by BasicConv2d, and at last, BasicConv2d, followed by the ReLU
activation operation, to improve the region boundary and semantic spatial regions to
generate the shadow maps SMk . The outputs of three different GAFM modules are
passed to three SGM modules to generate the three saliency maps. Finally, averaging
the outputs of the three SGM modules and generating the final shadow maps SMk as
follows,

SMk = AVG(SGM(Xr
k), SGM(Xg

k ), SGM(Xm
k )). (6)

3.7 Edge Detection Network (EDNet)

A newly designed EDNet (shown in Fig. 8a) is used to extract the essential high-level
edge information with multiple filter sizes, which was mostly ignored in the exist-
ing edge detection models [21, 44, 45, 49, 56]. Moreover, in contrast to the existing
models, we are able to use re-parameterizable branches without compromising the
cost of increased training time. In EDNet, the appearance frames Ak are passed to
three branches with different filter sizes, 3 × 3, 5 × 5, and 7 × 7. Each branch is
designed with a stack of convolution, BN, and max-pooling layers. The main idea
behind extracting enhanced edges is to adaptively learn the geometric and spectral
correction of spatiotemporal edge features at different dilation rates. This is achieved
by combining a Spatial-Spectral Transform (SST) with the Fast Fourier Convolution
(FFC) [33] operation in a newly designed Contrast Edge Distillation (CED) compo-
nent. SST enlarges the receptive field of convolution to the full resolution of the input
feature map in an efficient way. FFC performs three operations: (1) a local feature is
extracted using small-kernel convolution, (2) semi-global features are extracted using
convolution operation, and (3) global features are extracted using convolution kernel
and converted image-level spectrum. The impact of applying the SST with FFC is
shown in Fig. 8c. The detailed architecture of Contrast Edge Distillation (CED) is
shown in Fig. 8b.

The edge features at multiple scales are then fused and passed to the saliency edge
(SE) module, which combines the Convolution layer followed by Sigmoid operation
and sequential layer with 3×3 filter to generate the edge region-based spatio-temporal
information. At last, a Multi-Layer Perceptron (MLP) is used, which performs a
sequential, fully connected convolution operation to classify and generate the edge
maps. For calculating the edge loss, binary cross-entropy is used as follows,

lk = − 1

N

N∑

i=1

Xi log(p(Xi )) + (1 − Xi ) log(1 − p(Xi )), (7)

where Xi = input frame, p(Xi ) = predicted frame, lk = loss at kth sample and, N
= the total number of frames at kth sample. Finally, EDNet generates the refined
representation of the edge map.
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Fig. 8 Illustration of (a) EDNet, (b) CED. Here, Conv2d is the convolution 2D layer, MaxPool2d is the
max pooling 2D layer, BN is the batch normalization layer, CED is the contrast edge distillation, DWConv
is the depth-wise convolution layer, SE is the saliency edge, MLP is the Multi-Layer Perceptron and ⊕ is
the element-wise addition operation. In (c), the impact of Spatial Spectral Transformation (SST) with the
Fast Fourier Convolution layer (FFC) is shown

3.8 Shadow Region Intensity Loss (LSRI)

To exploit each pixel region locally and globally and reduce the divergence inconsis-
tency while discriminating the foreground and background region intensity boundary,
motivated by [57], a ShadowRegion IntensityLoss (SRI) is proposed,which is a hybrid
of weighted versions of the Binary Cross Entropy (BCE) [5], Intersection Over Union
(IoU) [3], and L1 Loss [44]. A pixel intensity weight, wi, j is calculated, which helps
to overcome the difficulty of differentiating the coarse background and foreground
regions. The larger the weight, the more complex it is to differentiate the pixels. In
other words, the wi, j shows the important region pixel, calculated between the center
pixel region intensity and its neighbors. Shadow region intensity is calculated in two
steps:

1. The non-linear log transformation is performedon the predicted shadowmap (SMk )
to effectively indicate the important local pixel-level region intensity information
and differentiate the foreground and background region intensity. The procedure is
as follows,

TSMk = (
∑

k∈K

log(SMk + 1)

log(1 + max(SMk))
× 255) (8)

2. The transformed output TSMk is divided after applying the Sigmoid operation on
annotation maps GTk and multiplied with override weight (1 − η) to generate the
shadow intensity weight wi, j , as follows,

wi, j = (1 − η)
∑

k∈K

TSMk

Sigmoid(GTk)
(9)
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Here (1−η) is calculated with the help of average pooling operation on annotation
maps (GTk using K number of the filter sizes = 1, 10, 20), and wi, j lies between
[0, 1]. The shadow region intensity weight wi, j is assigned to each region pixel,
and for difficult (noisy, coarse, and cluttered, etc.) region pixels, the wi, j is a high
and simple region low.

For local region intensity structure information, weighted BCE (LwBCE ) loss is
calculated as follows,

LwBCE
(
SMk,GTa

k

) = −
H∑

i=1

W∑

j=1

(1 − wi, j )(SMklog(GTa
k )

+(1 − SMk)log(1 − GTa
k )) (10)

where SMk is the saliency map, GTa
k denotes the annotation maps of kth sample, and

wi, j denotes pixel region intensity which is calculated using Eq.9. For global region
intensity structure information, weighed IoU (Lw I oU ) loss is used, which gives the
proper guidance to the network about the clear salient shadow details. The weighted
IoU loss is calculated as follows,

Lw I oU
(
SMk,GTa

k

) = 1 − wi, j

∑H
i

∑W
j SMkGT a

k∑H
i

∑W
i

(
SMk + GTa

k − SMkGT a
k

) (11)

The weighed L1 (LwL1) is used to remove the inconsistency between foreground
and background regions and calculated as follows,

LwL1
(
SMk,GTa

k

) =
H∑

i

W∑

j

|SMk − GT k |
(
1 − wi, j

)
(12)

In the LwBCE , Lw I oU , and LwL1 , each pixel of shadow regions is assigned a weight
wi, j to calculate the pixel intensity, as follows

LSRI (SMk ,GTa
k ) = LwBCE (SMk ,GTa

k ) + Lw I oU (SMk ,GTa
k ) + LwL1(SMk ,GTa

k ) (13)

Finally, the total loss is calculated with the SRI loss of multi-level multi-scale
geometric saliency map LSRIak

(
SMk,GTa

k

)
and edge enhance maps LSRI ek

(
Yk, Ee

k

)
.

Here, T is the total number of iterations, Yk is the edge enhance feature maps, and Ee
k

is the corresponding annotations.

LSRI =
T∑

k=1

LSRIak

(
SMk,GTa

k

) + LSRI ek

(
Yk, E

e
k

)
(14)
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Table 2 Comparison of our collected Samples with other datasets

Statistics ViSha VISAD Our Additional Examples

Training Videos 50 (total 4786 frames) 81 (total 12566 frames) 25 videos (total 1870 frames)

Testing Videos 70 (total 6897 frames) 26 (total 3063 frames) 35 videos (total 2335 frames)

Challenging Scenarios ViSha VISAD Our Additional Examples

Small-Object 24 03 40

Geometric Variation 28 10 28

Motion Blur 19 12 24

Defocus 17 10 22

4 Datasets, Experiments and Result Analysis

4.1 Datasets

For the task of Shadow Detection in videos, there are two existing benchmark datasets
available in the literature, namely ViSha Dataset [7] and VISAD [23]. The statistics of
the datasets are given in Table 2. Note that in VISAD, only 33 videos with 4188 frames
are annotated with a pixel-level shadowmask, and the remaining videos are unlabeled,
whereas, in ViSha, each frame is annotated with a pixel-level shadow mask. The main
challenge is that both datasets provide limited examples for complex scenarios, such as
partial occlusion with motion blur, deformation of scenes and objects, and geometric
variations.

To make the benchmark more comprehensive, we added new videos reflecting
challenging scenarios. This additional dataset is prepared from VOS dataset [68],
DAVIS [64], DAVSOD [16], MOT [25], and ISTD [3] and annotated according to
complex scenarios of the shadow visualization. It has a total of 60 videos with 4205
frames; the minimum duration of the video is 1 s, and the maximum duration is 5 s.
The training and testing data statistics are provided in Table 2. The dataset is manually
annotated using the Labelbox tool.1

4.2 Experimental Setup and PerformanceMeasure

All the experiments are performed on a 64-bit Ubuntu 18.04 operating system. The
GPU system has 32GB of RAM, a 16GB NVIDIA P5000/PCIe/SSE2 GPU, and a 1
TB hard diskwith 200GBSSD. TheGPUmachine is equippedwithAnaconda 3.7 and
PyTorch version 1.10.0, which utilizes CUDA 10.2 and NVIDIADriver 470. All input
frames are uniformly resized to dimensions of 352× 352. The model has been trained
using theAdamoptimizerwith aweight decay of 5e−4 and a learning rate of 3e−4.Data
augmentation techniques such as flipping and rotation are applied during training. The
performance of the proposedmodel has been assessed using variousmetrics, including
S-measure (Sα), F-measure (Fβ ), Mean Absolute Error (MAE), Balance Error Rate

1 https://labelbox.com/
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Fig. 9 Performance comparison between proposed HSNet model and SOTA models in terms of IoU and
BER on ViSha dataset

(BER), and IoU, as described in [15, 25, 54, 69]. The computational complexities of
variousmodels are estimated using the number of network parameters inMillions (M),
floating point operations in Gigabits (GFLOPS), training minutes per epoch (MPE),
and latency speed in frames per second (FPS).

4.3 Training and Testing Performance

At first, the edgemaps are generated using appearance and ground-truth frames via the
proposed EDNet model. Next, the proposed HSNet model extracts attention-based,
multi-scale, multi-level geometric spatiotemporal features from appearance frames
and preserves the edgemaps. The training dataset comprised 6656 frames (1870 frames
from our new set of samples [25 videos] and 4786 frames from ViSha [50 videos]),
with the remaining videos constituting the testing dataset. This training dataset is
used to train the proposed model using the Adam optimizer to minimize the total
LSRI loss, which requires approximately 8h to complete 100 epochs with a batch
size of 8. Further, data augmentation and preprocessing techniques, including image
cropping, resizing, rotation, normalization, and geometric transformation, are used.
For evaluating the performance of the proposed HSNet, the three datasets: ViSha [7],
VISAD [23], and our collected (new set of samples includes 35 videos) are used.
Performance is evaluated in terms of Sα , Fβ , and MAE, as well as computational
metrics, including network parameters in millions (M), floating-point operations in
gigaflops (GFLOPS), minutes per epoch (MPE), and latency speed in frames per
second (FPS). The testing results are shown in Tables 1 and 3.
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Fig. 10 Performance Comparison of HSNet with SOTA models. IF is the Input Frame, and GT is the
corresponding annotation map followed by column-wise results from the BDRAR [58], MTMT [16],
DSDNet [6], FEELVOS [64], TVSD [7], STICT [23], TCRN [54], STANet [25], and the proposed HSNet

4.4 Comparative Analysis

The test performance of the proposed model is compared with twenty SOTA models
as shown in Table 1. From the table, it is evident that our proposed HSNet model
outperforms all the twenty SOTA models in terms of the accuracy-specific metrics,
i.e., Sα , Fβ , and MAE. In terms of training speed, it also shows the best performance
in comparison to the other models. Regarding GFLOPS and inference speed, it has
achieved the second and third rank, respectively. Although, the LAB-Net [43] has
the least #params, GFLOPS followed by GCN-based [42] and LDRA [24], the %
increase in Sα , Fβ and MAE is significantly higher (Table 2). Thus, it can be claimed
that the proposedmodel (HSNet) canmaintain the trade-off betweenmodel complexity
and accuracy for the VSD task. In a similar line, in Table 3, demonstrate that the
proposed model outperforms with eleven edge-based models without increasing the
complexity. Further, as the results are shown in Fig. 9, demonstrate that our proposed
model outperforms almost all the measures (including Balance Error Rate (BER) and
IoU) and generates the shadow saliency map accurately in much less time.

Additionally, the proposed model is visually compared with six exemplary SOTA
methods in Fig. 10 under various difficult shadow situations. The first case is the
challenge with motion blur on the top two rows of Fig. 10. Only our strategy in this
scenario can effectively and prominently detect the shadow. The third and fourth row
demonstrates the difficulty in detection due to deformed backgrounds. The case of
partial occlusion, which is shown in the sixth and seventh rows, wrongly includes
background or missing objects in their detection. Another challenging case, where
objects move very far in the frames, is shown in the eight rows of Fig. 10. Besides our
proposed HSNet model, almost every models fail to detect the shadow in these cases.
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4.5 Ablation Study

To study the contribution of each component of the proposed model towards the
improvement of VSD performance and reduction of model complexity, we conducted
the ablation study on all the datasets.

4.5.1 Comparison with Lightweight Backbone Networks

For a comprehensive qualitative comparison, we adopted various types of lightweight
backbone networks, includingMobileNet-V1 [9], MobileNet-V2 [72], ShuffleNet-V1
[73], ShuffleNet-V2 [10], EfficientNet-V1 [14], EfficientNet-V2 [31], ViT [76], VGG-
16 [74], and ResNet-50 [75], in addition to the Modified EfficientNet-V2 B4 for the
proposed HSNet model. The experiments are performed in the same training environ-
ments and performance results are shown in Table 4. From the Table 4 results, it is
observed thatModified EfficientNet-V2 B4 on the proposed HSNet model gives better
results than SOTA lightweight models for VSD tasks due to extraction of multi-scale,
multi-level, attention-based geometric spatiotemporal information hierarchically.

4.5.2 Effectiveness of the Proposed Components

To illustrate the effectiveness of each module, experiments are carried out on various
combinations and their combination results are shown in Table 5. From the table
results, it is observed that the default setting means the baseline performance of the
proposedmodel is very far from the individual performance of GAFM,GAIM, SGFM,
GMEM, MFEM, and SGM components. The individual component does not increase
the performance of video shadow detection. But, as the components are added to
the proposed model the performance is increased slowly, which is shown in Table
7. The combination of component settings is shown in Table 5, which demonstrates
the effectiveness of each component in the proposed model. Further, the effectiveness
of the multi-scale blocks RFB, geometric multi-scale encoder modules GMEM, and
multi-level feature extraction modules MFEM are shown in Table 5, and demonstrate
that as each module increases in the proposed models the computational complexity,
as well as the performance, are increased. When modules are more than three the
performance has deteriorated, which shows the proposed model is the less constrained
of the modules.

4.5.3 Effectiveness of EDNet with HSNet

By observing the shadow frames, we see that the boundaries of soft shadows may not
be visible compared to the nearby non-shadow regions. Therefore, the edge informa-
tion is used to improve the performance of shadowdetection. FromTable 7, we observe
that the proposed EDNet can successfully maintain the long-term dependencies dur-
ing the geometric low-level spatial and temporal information fusion and it helps to
increase the quality of edge detection without increasing the network complexity. The
Table 7 shows the effectiveness of the proposed EDNet model to enhance the model
performance.
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Table 7 Impact of EDNet Module on Performance of HSNet

Edge-based Model Our Samples ViSha VISAD

SNo. With EDNet Without EDNet Sα MAE Sα MAE Sα MAE

1 � 0.895 0.035 0.906 0.032 0.692 0.092

2 � 0.921 0.026 0.915 0.028 0.723 0.056

Bold values indicate the best values

Table 8 Ablation study on the different loss functions

Our Samples ViSha VISAD

Loss functions Sα MAE Sα MAE Sα MAE

BCE+IoU 0.861 0.039 0.854 0.042 0.678 0.089

wBCE+wIoU 0.872 0.036 0.862 0.039 0.682 0.072

BCE+IoU+L1 0.883 0.034 0.871 0.035 0.709 0.065

SRI (η = 0.4) 0.890 0.032 0.888 0.034 0.719 0.058

SRI (η = 0.5) 0.921 0.026 0.915 0.028 0.723 0.056

SRI (η = 0.6) 0.895 0.027 0.897 0.032 0.732 0.060

SRI (η = 0.7) 0.889 0.030 0.878 0.039 0.720 0.057

Bold values indicate the best values

4.5.4 Effectiveness of SRI Loss Function on HSNet

The proposed HSNet model has experimented with various combinations of loss func-
tions and results are furnished in Table 8. The table shows that SRI loss gives more
effective results than other loss functions due to the use of region intensity in the BCE,
IoU, and L1 Loss functions. Moreover, when L1 loss is added to BCE and IoU, MAE
decreases and preserves Sα . However, the SRI loss function decreasedMAE compared
to the others, and its performance is penalized with a higher η value. The higher η

value assigns a high w value to pixels adjacent to straight or fine edges. Hence, we
have fine-tuned η = 0.5 for better video shadow detection.

5 Conclusion

In this paper, the key contribution is a sustainable video shadow detection solution for
dynamic scenes. Firstly, we proposed a Hierarchical Separable Network (HSNet), a
novel lightweight model equipped with novel plug-ins like GAFM, GMEM, MFEM,
SGFM, and SGM. These collectively extract multi-scale geometric high-level spatial
and temporal information and generate saliency maps. Furthermore, we introduced
EDNet, a novel solution for capturing geometric variations in edge information, a
crucial aspect of sustainable video surveillance solutions for IoT devices. To reduce
the dataset scarcity challenge in this domain, another contribution of this work is
to further enrich the video shadow detection datasets containing various challenging
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scenarios.With the help of extensive experimentation and a detailed ablation study, we
demonstrate that our proposed HSNet model significantly reduces model complexity
while enhancing video shadow detection performance compared to the SOTAmodels,
making it the most suitable choice for sustainable video shadow detection in IoT
devices. In the future, our work will continue to advance the field by addressing real-
time shadow detection challenges deployed on IoT devices such asNvidia JetsonNano
and Raspberry Pi, further contributing to a sustainable solution for AI-enabled video
surveillance.
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