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1 Introduction

The task of background subtraction (BGS) serves as
a fundamental binary classification process that plays
an essential role in extracting foregrounds from back-
grounds by detecting changes within a given scene
[1, 2]. In computer vision, background subtraction is
a crucial operation frequently employed as a prelimi-

Background subtraction is a crucial task in computer vision that involves
segmenting video frames into foreground and background regions. While deep
learning techniques have shown promise in this field, existing approaches
typically rely on supervised learning and have limited generalization capabilities
for unseen video data. Moreover, many of these methods are not suitable for
real-time applications due to their offline or partially online nature. This paper
introduces ORGRU, an unsupervised, online, and robust deep learning-based
framework for background subtraction. ORGRU uses robust Gated Recurrent
Units (GRUs) to simultaneously estimate the background model (low-rank
component) and detect foreground objects (sparse component) in a fully
online processing framework. The model is iteratively updated in real time
with an unsupervised learning algorithm utilizing only the current frame. To
evaluate the effectiveness of the proposed approach, we conduct experiments
on the LASIESTA dataset, which is a comprehensive, fully-labeled dataset
for change detection covering various background subtraction challenges. The
experimental results provide both qualitative and quantitative assessments,
demonstrating the robustness and superiority of the proposed approach
compared to the state-of-the-art methods.

nary step for numerous advanced tasks [3]. This task
holds significant importance in various domains, in-
cluding anomaly detection [1], human activity analysis
[5], people re-identification [6], visual object detec-
tion and tracking [7], video content analysis [3], traffic
monitoring [9], action recognition [10], the interac-
tion between humans and machines [11], security and
surveillance missions [12-141] and angiography [15].
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Background subtraction algorithms encounter nu-
merous challenges in real-world scenarios, such as illu-
mination changes, shadows, background fluctuations,
weather variations, camera jitter, occlusions, and boot-
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strapping [16, 17]. To overcome these challenges, it
is vital to design a model that can accurately main-
tain a correct representation of the background while
adapting to changes, as well as efficiently separate the
foreground from the background [18].

Subspace learning methods have gained significant
attention due to their robust theoretical foundation
and favorable practical performance in unsupervised
scenarios [11, 14, 19-21]. However, these methods
often face limitations when dealing with complex high-
dimensional data, as they may not efficiently capture
the nonlinearities present in data [22, 23].

Recently, deep neural network-based approaches
have gained increasing popularity in the field of back-
ground subtraction [24] due to their ability to effec-
tively analyze large amounts of data and capture non-
linear relationships in the data [14]. These approaches
can be categorized into unsupervised learning and su-
pervised learning [13]. Additionally, there has been
a growing interest in self-supervised learning meth-
ods [25], weakly supervised learning methods [26]
and methods that combine different types of learning
strategies to reduce the training costs. For instance,
recent work proposes BgSubNet, which leverages a vir-
tually limitless freeform dataset generation strategy
and introduces the first self-supervised pre-training
strategy for deep background subtraction (BgS). This
framework extends to a semi-supervised approach,
enabling inference on unseen scenarios through self-
supervision [27].

However, it is worth noting that the majority of the
existing approaches in the literature are supervised
[, 14]. The supervised methods heavily rely on a
significant amount of labeled ground truth data, which

is manually created by human experts [14]. Despite
their effectiveness, these approaches face challenges
such as high training costs [2], overfitting [28, 29] and

limited generalization capability when dealing with
completely unseen videos [13].

From the second perspective, it is important to
highlight that most of the presented background sub-
traction methods operate offline, processing data in
multiple epochs [28-34], which hinders their suitabil-
ity for real-time applications [2]. Contrarily, in online
background subtraction algorithms, processing input
data, and extracting the sparse component incremen-
tally would be more practical rather than in batches.
Additionally, on-the-fly processing without a priori
knowledge of future data is more efficient. This at-
tribute makes online learning highly suitable for real-
time applications, as it enables immediate adaptation
to background changes and effectively handles chal-
lenging videos [18]. By continuously processing frame
as it arrives, online learning algorithms offer efficient

9€sS

and dynamic background subtraction capabilities [35].

In the context of online object detection, some tra-
ditional methods[36, 37] initially use batches of data
for setting up and later transition to online training
mode[36]. However, it is important to note that most
deep learning-based methods typically require access
to either the entire or a partial set of training data
for the learning process[38, 39]. For example, an on-
line framework for illumination invariant moving ob-
ject detection, as described in[40], incorporates batch
initialization. Similarly, online anomaly detection in
time series is addressed in[41], where the input data
is processed within a specific time window. Addition-
ally, motion detection methods that utilize a pair of
auto-encoder networks[42] and dynamic background
learning approaches[43] have been proposed, all of
which employ a partially online approach and do not
process frames individually in real-time.

From the third perspective, addressing the chal-
lenges in background subtraction requires a robust
strategy for maintaining the background model that
can effectively handle background changes and out-
liers. In[11], a robust deep auto-encoder approach is
proposed, drawing inspiration from subspace learning-
based methods. In this method, the foreground is
treated as a sparse section or outlier, which is sepa-
rated from the low-rank or background component
constructed by the network. However, it is important
to note that this method is also offline and involves
multiple epochs of processing.

In summary, this paper addresses several key gaps
in the background subtraction literature. Unlike many
existing methods that rely on labeled data or offline
batch processing, the proposed ORGRU framework
operates fully online and in an unsupervised manner.
It effectively captures temporal dependencies in video
sequences while enabling adaptive background model-
ing. The proposed ORGRU framework updates the
background model frame-by-frame without relying
on future frames, making it highly suitable for real-
time applications. By explicitly separating low-rank
and sparse components during learning, ORGRU en-
hances robustness against outliers and sudden scene
changes. Despite its lightweight architecture, ORGRU
achieves significant performance improvements over
strong baselines while requiring minimal hyperparam-
eter tuning—making it a practical and efficient solu-
tion for real-world deployment. This online process-
ing capability ensures efficient memory and compu-
tation usage and enables more adaptation to back-
ground changes. Additionally, the algorithm continu-
ously tracks and updates the background model, lead-
ing to improved accuracy in foreground separation.

The structure of the paper is summarized as follows.
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First, Section 2 briefly reviews related works. In Sec-
tion 3, the proposed method is illustrated. In Section 4,
the database, evaluation metrics, and experimental
results are described and the proposed model is com-
pared with state-of-the-art methods. Finally, the main
conclusions are summarized, and future research is
recommended in Section 5.

2 Related Works

Existing approaches for background subtraction and
object detection can be categorized into traditional
and deep learning-based methods [24]. The focus of
the discussion is on deep learning-based algorithms,
including both supervised and unsupervised learning
techniques.

2.1 Traditional Approaches

To solve the background subtraction problem, several
traditional methods have been proposed, including
parametric and non-parametric methods and matrix
decomposition-based methods. A parametric method
based on the mixture of Gaussians models (MOG) is
presented in [15, 46] and [17] in which MOG is en-
hanced by selecting variable parameters, mixing Gaus-
sians spatially, and implementing fast initialization.
The non-parametric methods are primarily inspired
by kernel density estimation [48, 49] and consensus-
based estimation [50, 51]. In 2011, a universal back-
ground subtraction algorithm was presented [52] that
contains three significant background model mainte-
nance policies: a background sample replacement pol-
icy to represent short and long-term history, a mem-
oryless update policy, and spatial diffusion through
background sample propagation. Other well-known
methods are a variety of robust principal component
analysis (RPCA) based models presented to recon-
struct the background as a low-rank component and
foreground as a sparse matrix [21, 53, 54].

A sparse coding-based background modeling tech-
nique was introduced by Stagliano et al. in 2015 [55].
The method uses space-variant analysis, in which each
image patch is learned by a dictionary of atoms whose
size is determined by the background variability. Re-
cently, to process backgrounds containing moving tex-
tures, the RPCA framework is used [56]. These ap-
proaches generally work offline and deal with data in
batches, making them unsuitable for real-time applica-
tions. Online RPCA methods have also been proposed
to solve this problem [57]. However, the optimization
method and high computational complexity are still
challenging. Also, these methods cannot handle large
data sets and long videos due to the memory limita-
tions.

2.2 Deep Learning-Based Approaches

In the past years, deep learning-based methods have
been demonstrated to be capable of extracting high-
level abstractions from large datasets. Supervised and
unsupervised techniques are described in the deep
learning-based literature. Model parameters are tuned
through the use of labeled data in supervised ap-
proaches. Unsupervised techniques, however, do not
require ground truth to optimize the model.

2.2.1 Supervised Learning

Braham and Van Droogenbroeck [58] presented the
first background subtraction algorithm based on con-
volutional neural networks (ConvNets) that is built
specifically for a particular scene. For each frame in
a video sequence, image patches that are centered on
each pixel are extracted and then combined with the
corresponding patches from the background model.
Then, ConvNet performs a subtraction operation to
compute the foreground probability of the pixel.

In 2018, Babaee et al. [38] proposed a deep CNN-
based method for background subtraction, which con-
sists of three processing steps, including the back-
ground model generation, CNN for feature learning,
and a spatial median filter post-processing module.
In their study, authors generated background models
using handcrafted approaches, including SuBSENSE
[9] and flux tensors [60]. More precisely, Babaee et
al. proposed a combination of the segmentation mask
created by the SUBSENSE algorithm and the output
of the Flux Tensor algorithm, which dynamically ad-
justs the parameters used in the background model
in response to the motion changes.

Zeng et al. [31] proposed a multiscale fully convo-
lutional network (MFCN) architecture that takes ad-
vantage of different layer features for background sub-
traction and has no need to extract the background
images. The input of the neural network is the RGB
frame from different sequences and the output is a
probability map.

In 2019, Bian et al. [61] presented a moving object
detection method in complex scenes using ResNet-18
to achieve pixel-level classification. This method is
based on supervised training and networks with an
encoder-decoder structure.

Recently, a deep neural network employing an
encoder-decoder structure based on VGG-16 and
ResNet-50 was introduced to enhance hierarchical
feature extraction and use a transposed convolutional
network for foreground and background classification

[62].
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2.2.2 Unsupervised Learning

Although the previously mentioned deep learning-
based algorithms perform better than the traditional
ones, they are all supervised. For online video surveil-
lance, unsupervised background subtraction methods
are preferred [63].

In 2018, Bakkay et al. [(4] introduced a background
subtraction method based on a conditional Genera-
tive Adversarial Network (cGAN). For the foreground
mask, the generator learns the mapping from the back-
ground and the current image. The discriminator then
learns a loss function to train this mapping by com-
paring the ground truth and the predicted output by
considering the input image and the background. Deep
Context Prediction (DCP) was designed by Sultana
et al. [65] for estimating background and segmenting
foreground using a combination of GAN and image
inpainting. Based on context prediction, DCP is an
unsupervised hybrid GAN for visual feature learn-
ing. In a compact network architecture, Rahmon et
al. [32] developed Motion U-Net, a deep convolutional
neural network, into a multi-cue auto-encoder deep
architecture that integrates motion and changes cues
with appearance cues for robust moving object detec-
tion performance. The current frame, the frame with
change clues, and the frame with flux motion clues are
inputs to the network. By using unsupervised meth-
ods, motion and change clues can be learned. In 2019,
Rezaei et al. [33] presented an unsupervised Deep
Probabilistic Background Model (DeepPBM) based
on a framework of Variational Auto-Encoders (VAESs)
for moving object detection [66, 67]. In DeepPBM, a
generative low-dimensional model of the background
is estimated, and the task of background subtraction is
performed by thresholding the differences between the
output of the model and the original input frame. The
background is a low-dimensional subspace represented
by latent variables embedded in a non-linear mapping
of video frames that follows a Gaussian distribution.

3 Proposed Method

This section introduces the proposed deep GRU-based
background subtraction approach, which makes GRU
cells robust by utilizing a low-rank (L) and sparse
(S) framework. The low-rank matrix models the back-
ground, and the sparse matrix represents the fore-
ground. The proposed method is designed to be robust
against outlier data. Also, this is an online learning
method that updates the parameters of the model
incrementally and instantly. In order to capture the
low-rank data, the training can continue as long as
the task is continued and adapt to the changes. To
the best of our knowledge, the proposed model is the
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first unsupervised, online, robust, deep recurrent neu-
ral network that processes one frame per time step
and updates the weights of the GRU-based network
accordingly when a new frame arrives. The capabil-
ity of processing long-term videos and not relying on
the entire video sequence make the proposed model
desirable for real applications and long-term videos.
The following subsections provide details about the
network architecture.

3.1 Network Architecture

In video processing tasks, sequential data is processed,
and each frame has information similar to the previ-
ous one. The proposed online and robust GRU-based
method, which we hereafter we call ORGRU, consid-
ers this property of data and shows how to process new
data without removing the effect of the previous one,
by using gated recurrent units. The network contains
two GRU layers and one linear layer. ORGRU using
recurrent layers is able to learn sequential patterns,
reconstruct low-rank data, and separate a video frame
into two scenes. In this approach, the least complex
network architecture is used, and the advantages of
recurrent neural networks are utilized for sequential
data processing without the need for labeled data. In
real-time applications, each incoming frame has an
impact on the training and outputs of the network.

The overview of the proposed method is depicted
in Figure 1. As shown in Figure 1, at each time step,
a video frame with size W x H is entered into the
model as a WH x 1 one-dimensional signal and is
separated into a low-rank matrix I and a sparse matrix
S based on the current model of the background. A
fully connected layer with size W H comes last. Then,
the current background model is updated and trained
based on the newly received frame.

3.2 Online Robust GRU Method
Consider the video sequence
Xs =1{Xy,Xo,..., Xy,..., X7}, (1)

where X; is the incoming frame at time step ¢t and T
is the length of the video. The RGB video frames are
changed into the gray scale ones while maintaining
the original size W x H. X (to simplify the notation,
we omit the subscript ¢) can be expressed as shown in
Eq. (2), when referring to the reconstruction of low-
rank and sparse extraction identification in large data

matrices [14]:
X=L+S8, (2)

The robustness of the model against sparsity is
guaranteed by Eq. (2). The GRU net can estimate
the low-rank component, but the sparse component
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Figure 1. The Process of Entering Frames into the Network and Decomposing Them into the Background and Foreground

Components.

has outliers that cannot be represented by GRU. By
removing outliers from X, GRU net can estimate and
maintain the low-rank data more accurately. The main
goal of a robust model is to minimize the following
non-convex optimization problem [44]:

min ||L — L]z + A||S]1 3)
st. X—L-S=0
Where L is the current estimated low-rank compo-
nent, L is the reconstructed low-rank component, S
represents the sparsity matrix, and || * ||; is [;-norm.
After estimating the low-rank component by the GRU,
the matrix S can be extracted. Therefore, by fixing all
variables except S in Eq. (3), the above non-convex
minimization problem is changed to an /;-norm mini-
mization. So, to calculate S, proximal approaches [68—
70] and a new formulation incorporating correlated
and adaptive sparsity is recommended. Optimization
problems can also be phrased as proximal problems
by using proximal mapping, which is also known as
shrinkage functions and is widely used in /;-norm opti-
mization. It is particularly similar to soft-thresholding
functions for the proximal operator as Eq. (4) for op-
timizing S [69]:

Si— A 5> A
Proximal operator (S;) =< s; + A 8 < =\
0 s € [=A\ A
(4)
Where s; is the i-th element of the matrix S and A
is the balancing parameter that controls the degree
of sparsity of the sparse matrix S [71], which plays
an essential role in the ORGRU method. A small
A encourages much of the data to belong to S as
sparsity. In particular, A should be tuned considering
the desired task and the trade-off between low-rank
and sparse components. Moreover, outlier data cannot
be included in S when a large value is applied for A
[11], and Eq. (3) cannot be solved computationally.
More details are explained in Section 4.2.

As mentioned above, after removing sparsity from
input data X, GRU_net can reconstruct the low-rank
data precisely. So, L is obtained and the ORGRU
approach can be seen as minimizing the reconstruction
error using back-propagation, a typical deep neural
network training algorithm, and describes what should
be done for optimization when S is constrained. The
objective function to solve the minimization problem

in Eq. (3) is defined as Eq. (5):

ZWXH ‘l —l |2
\/ W x H 5)

Where £ denotes the root mean square error
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(RMSE) measuring the error of a model in recon-
structing the data, W x H is the size of X, [; is the
i-th element in the low-rank matrix, and [; is its
corresponding reconstruction element, respectively.
The RMSE loss function is used to train the GRU _net
in the ORGRU algorithm by measuring the difference
between the low-rank and the reconstructed low-rank
in each stage. Based on the RMSE loss function, it can
be gauged how closely the real low-rank component
matches its reconstructed low-rank component.

In order to achieve a real-time background subtrac-
tion model, each turn involves updating the weights
of the ORGRU based on the incoming frame and the
reconstructed background scene, and extracting the
foreground scene. The proposed algorithm based on
the mentioned explanation is presented in the follow-
ing algorithm.

Algorithm 1 Ounline Robust GRU (ORGRU).
Input: Video frame:
Xt e X ={X1,Xa,...,X¢,..., X7}
Output: Background and foreground of Xy
Initialization:
Low-rank matrix is set to zero (L = 0).
Initialize the GRU_net parameters randomly.
Online Robust GRU (ORGRU) Execution:
Performing real-time analysis on video frames
For each frame:

(1) Estimating L: Estimate the low-rank matrix L

using GRUs:

L = GRU_net(X4, train = False)

(2) Calculating S by the proximal operator:
Calculate the sparse matrix S by subtracting L
from Xy and apply Eq. (3) to enforce sparsity:

S=X;-L
S = Proximal operator(S)

(3) Training: Update the low-rank matrix L us-
ing the difference between X and S and train
the GRUs with the updated L by minimizing
Eq. (5):

L=X;-S
L = GRU_net(L, train = True)
End for

4 Experimental Results

The proposed algorithm has been evaluated on a com-
prehensive and challenging dataset to demonstrate
its generalizability and the results are compared with
DeepPBM, a state-of-the-art method. The code shared
in [72] is used to implement the DeepPBM model. Fur-
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thermore, the performance of the non-robust mode of
the model (OGRU) [73] is evaluated to analyze the
robustness effect on the proposed method in various
challenges. The quantitative and qualitative results
of all three methods are presented in the following
subsections.

The proposed deep GRU-based model is imple-
mented using Python and the Pytorch framework with
two gated recurrent unit layers, and a hidden_size =
40 and a linear layer with 101376 neurons. For min-
imizing the loss function through backpropagation,
the optimization is performed using the R-prop [74]
optimizer with a learning rate of 0.02.

4.1 Dataset Description

In [16], the LASIESTA (Lagged and Annotated Se-
quences for Integrated Evaluation of Segmentation
Algorithms) dataset is presented that contains 18425
video frames of size 352 x 288 in 48 videos and 14
different categories, which are free and openly avail-
able. In LASIESTA, the creation of a comprehensive,
compact, and well-structured database for analyzing
moving object detection strategies is proposed. There
are many real indoor and outdoor sequences in the
database, organized into various categories. Each cat-
egory covers a specific challenge (e.g. occlusions, boot-
strapping, illumination changes, camouflage, modified
background, etc.). This database is fully annotated at
the pixel and object levels.

4.2 Parameter Setting

As discussed in section 3.2, A plays a critical role in
the proximal operator, as it controls the degree of
sparsity in the extracted foreground component. In
order to investigate the impact of different A values
on performance, experiments on different parameter
values are conducted. We performed a visual analysis
by varying A across a range of values and selecting
the one that gave the best separation between back-
ground and foreground. Figure 2 depicts the effect of
changing A on a frame. Even though )\ impacts the
sparsity level, a single fixed value of A = 55 works
robustly and consistently across all categories in the
LASIESTA dataset. This means that once A is tuned
initially, it can be applied directly to different types
of videos without any need for re-tuning for each sce-
nario. This characteristic is an important advantage
of ORGRU, especially compared to other methods
such as DeepPBM, which require tuning parameters
like the latent space dimension (d) individually for
each new sequence. We will highlight this point to
emphasize that ORGRU requires only minimal hy-
perparameter tuning, making it more practical and
efficient for real-time use. In the TP, TN, FP, and
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FN denote the true positive, true negative, proposed
model, a single value of the regularizing parameter
Ain Eq. (4) can be able to detect the foreground for
all kinds of challenges (captured by static camera).
It is robust to a broad variety of videos since it does
not require changing model hyperparameter values.
The constant value of 55 is applied for all challenges,
unlike other methods [44, 75] that demand individual
re-tuning for each challenge.

4.3 Generating Foreground Masks

While the proposed model is supposed to perform
background subtraction based on change detection,
its outputs include both background and foreground
frames simultaneously. Therefore, it can be used for
both background subtraction and foreground detec-
tion tasks. On the other hand, in order to evaluate
quantitatively and compare the model with other
background subtraction, change detection, and fore-
ground detection methods, obtained foregrounds are
mapped into binary masks. It is performed by a post-
processing binarization module and then compared
with the ground truth. As shown in Figure 3, post-
processing is applied only to the obtained foreground
scenes and does not interfere with backgrounds and
network training.

4.4 Evaluation Metrics

To experiment with the method on the mentioned data
set, a confusion matrix is constructed by comparing
the binary masks with the ground truth for each fore-
ground frame. Where false positive, and false negative
pixel values, respectively, are defined in Table 1.

The evaluation process was performed using the
framework presented for quantitative evaluation
in [76], which measures F-Measure, recall, and preci-
sion as defined by Egs. (6), (7), and (8), respectively,
for the i-th frame. An effective model should achieve
high recall while maintaining precision [77].

" 2. Precision; - Recall;

1
F-M = — 6
casure n Precision; + Recall; (6)

TP, TN o
TP, + FN; ' TN, + FP,

1
1, = -
Reca 5 <

TN; (8)
TN; + FN;

Precisi 1 TP, n
recision; = —
ecisio 5\ TP 1 FP,

For further evaluations, IoU (Intersection over
Union), DR (Detection Rate), and MCC (Matthews

Correlation Coefficient) are also calculated based on
their formal definitions as Eqgs. (9) to (11), respectively.
ToU quantifies the percentage of overlap between
the ground truth and the predicted foreground, the
detection rate gives the percentage of the corrected
pixels to the total number of foreground pixels in the
ground truth, and the purpose of the MCC metric is
to assess the performance of binary classifiers when
faced with unbalanced problems [59]. In Figure 4, the
overall values of the mentioned metrics are shown for
each method.

TP
I =
U= TP FPT N (9)
TP
DR =75 7N (10)

MCC — (TP-TN) - (FP - FN)

V(TP +FP)-(TP+FN) - (TN + FP)- (TN + FN)

(11)

4.5 Quantitative Results

Despite using unsupervised learning, the evaluation
process has started from the first frame and continued
through the end of the video. In Table 2, average
experimental results are shown for each mentioned
method in videos presented by LASIESTA using a
static camera. In each category, there are two videos,
and the average metric value of them is presented as
the performance of the model against the challenge.
The overall value of metrics represents the averag of the
metrics of all ten challenges. This process is done for
all three methods. In DeepPBM, the dimension of the
latent variables, d, is tuned, and the best performance
is considered. Also, all input video frames are divided
into batches of 140 frames for 200 epochs. As discussed
above, the proposed method has just one parameter
and does not need to be tuned for every sequence
separately.

Table 2 shows well-known metrics for evaluating
background subtraction methods. As a most common
criterion, average F-Measures are typically used in re-
lated works. F-Measure is calculated by combining two
other evaluation metrics, recall, and precision. Thus,
the overall performance of a background subtraction
algorithm is highly dependent on its F-Measure value
and it can be appropriate for evaluating its general-
izability in various situations. Therefore, this metric
should be more noticeable in comparisons.

It can be seen from Table 2 that ORGRU achieves
higher F-Measure values, demonstrating that robust-
ness significantly improves accuracy under real-world
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A =100

A =155

Figure 2. Effect of the Different Values for the Parameter A.

Table 1. Criteria for Determining Parameters of the Confusion Matrix.

Background (based on ground truth)Foreground (based on ground truth)

Sparse (Foreground)

False Positive (FP)

True Positive (TP)

Low-rank (Background)

True Negative (TN)

False Negative (FN)

ORGRU model

=)

Convert to image

Foreground frame

Post-processing
module

0
.
s’

Convert to image

Background frame

Binary foreground masks

Corresponding
ground truth

Figure 3. The Process of Producing Binary Foreground Masks
and Evaluation.

challenges like illumination changes and occlusions. It
is also important to note that the proposed method
receives the frames one by one (it is not even window-
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based) and has the opportunity to decide on each
frame only once.

Category-specific analysis reveals significant per-
formance variations across challenging scenarios. OR-
GRU achieves maximum performance in the occlu-
sion category due to its temporal modeling ability us-
ing GRU layers that effectively capture dependencies
when foreground objects are temporarily occluded and
reappear. Conversely, minimum performance occurs in
snowy conditions because snowfall creates persistent
noise from the first to the last frames. This challenge
is amplified by the online nature of ORGRU, which
processes frames sequentially without long-term back-
ground memory mechanisms needed to suppress such
persistent dynamic noise. These results highlight that
ORGRU performs best under structured motion con-
ditions and faces limitations in highly dynamic, noisy
environments.

The proposed method outperforms DeepPBM,
which is the state-of-the-art among unsupervised
methods, by 17% on the F-Measure. Based on their
published code [72], DeepPBM requires 145M pa-
rameters while ORGRU uses only 16.3M parameters.

B DeepPBM
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Table 2. The Quantitative Results of the Algorithms Evaluated with the LASIESTA Dataset.

Category Method |Recall|Precision|F-Measure
Simple sequences |ORGRU | 0.71 0.92 0.82
OGRU 0.56 0.75 0.66
DeepPBM| 0.57 0.63 0.63
Camouflage ORGRU | 0.64 0.85 0.76
OGRU 0.55 0.63 0.61
DeepPBM| 0.62 0.65 0.68
Occlusions ORGRU | 0.81 0.90 0.89
OGRU 0.47 0.55 0.40
DeepPBM| 0.51 0.53 0.53
Illumination changes|ORGRU | 0.70 0.85 0.79
OGRU 0.52 0.55 0.55
DeepPBM| 0.48 0.52 0.50
Modified background|ORGRU | 0.69 0.86 0.79
OGRU 0.51 0.64 0.59
DeepPBM| 0.55 0.62 0.61
Bootstrap ORGRU | 0.59 0.83 0.69
OGRU 0.54 0.66 0.63
DeepPBM| 0.55 0.60 0.60
Cloudy conditions [ORGRU | 0.78 0.91 0.87
OGRU 0.65 0.82 0.77
DeepPBM| 0.54 0.61 0.61
Rainy conditions |ORGRU | 0.70 0.90 0.82
OGRU 0.49 0.59 0.59
DeepPBM| 0.66 0.59 0.71
Snowy conditions |ORGRU | 0.59 0.77 0.70
OGRU 0.56 0.61 0.67
DeepPBM| 0.61 0.56 0.65
Sunny conditions |[ORGRU | 0.72 0.86 0.81
OGRU 0.62 0.87 0.74
DeepPBM| 0.61 0.60 0.64
Average ORGRU | 0.69 0.87 0.79
OGRU 0.55 0.67 0.62
DeepPBM| 0.57 0.59 0.62

Additionally, ORGRU uses a fixed parameter A = 55 across all videos, while DeepPBM requires tuning its
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latent dimension d based on video complexity and
dynamics, making our approach more practical for
deployment.

The overall F-measure value is also better than the
non-robust mode of the proposed model by 17%. The
role of X and its effectiveness in making the algorithm
more robust are determined.

In addition, the average F-measure comparison of
the proposed ORGRU with existing state-of-the-art
methods on the LASIESTA dataset is given in Table
3.

Although ORGRU has evaluated from the first
frame of a video of the LASIESTA dataset, without
considering the training phase, and receives frames
one by one, the proposed method achieves an over-
all F-Measure of 0.79, which is the highest overall
F-Measure. Table 3 demonstrates that the proposed
method achieves the highest average performance on
the LASIESTA database and it can handle unseen
videos without needing ground truths. For a compre-
hensive evaluation, the proposed method is compared
with new state-of-the-art supervised methods that are
reported in [13, 85]. The results can be seen in Table 4.

The 5% gap between BSUVNet 2.0 [35] and 2%
between ChangeDet [13] and 3DCD [36] methods,
considering their supervised aspect, and using batches
of data and corresponding ground truth for training
should be noticed.

Addressing the time analysis concern, online OR-
GRU method processes each incoming frame (H x W)
with a computational complexity of O(H x W x (m x
d+m?)), where d is the feature dimension and m is the
hidden state dimension of the GRU. This per-frame
processing occurs only once in an online manner.

In contrast, offline approaches typically involve pro-
cessing the entire video dataset (with N frames) in
batches across multiple training epochs (I). The com-
plexity of these methods is significantly higher, often
involving terms like O(I x (BN ) x f(H,W)), where B
is the batch size and f(H, W) represents the compu-
tational cost per frame within a batch, which can be
substantial due to operations across multiple frames
or complex feature extraction repeated over the entire
dataset in each epoch.

The inherent difference in processing paradigms—
online, single-pass per frame versus offline, multi-pass
over the entire dataset—nhighlights the efficiency of
the ORGRU method. The architectural advantage of
online processing for each frame only once offers a
clear reduction in computational time compared to the
iterative and batch-based nature of offline techniques.

9€sS

4.6 Qualitative Results

The categories that have been studied include most
of the challenges in the background subtraction task,
such as bad weather conditions, shadows, illumina-
tion changes, bootstrap, dynamic backgrounds, cam-
ouflage, and occlusions. Table 5 provides numerical
comparison results with the three mentioned methods.

Visually, it can be seen that the results of the OR-
GRU look much better than the corresponding base-
line method, DeepPBM, which shows good agreement
with the above quantitative evaluation results. A sim-
ple sequence has no camouflage, occlusion, lighting
changes, continuous background changes, bootstrap-
ping, or camera movement. Background and fore-
ground separation appears well in visual results. Ob-
jects in the camouflage category have an appearance
similar to some areas in the background. Further-
more, these moving objects remain static on such back-
ground regions for short periods of time. The weakest
performance is in this category.

The short-term memory of the network and the
online nature of the method may cause weakness in
the efficiency of the proposed algorithm. This should
be investigated and improved in the future. In the
occlusion sequences, although the moving objects are
removed from the scene for a while, ORGRU also
detects them immediately after appearing again and
shows good robustness to use in real time. Modified
background sequences show situations in which some
background elements are subtracted or abandoned.

ORGRU foreground detection results are very ac-
curate and fast after adding or subtracting an object.
The bootstrap challenge is formed by sequences con-
taining moving objects from the first frame. After
a few frames, the proposed method has learned the
background and foreground well. Illumination change
sequences contain sudden illumination changes, which
ORGRU showed remarkable accuracy and performed
correctly even after light was added to the scene.

In cloudy, rainy, snowy, and sunny conditions, which
contain dynamic backgrounds due to the tree branches
moving with the wind, snowing, raining, and hard
shadows, the proposed method can extract foreground
objects and is more robust to the background troubles.
The ability of models to reconstruct background scenes
is another aspect that can be evaluated. Since there is
no ground truth for this work, quantitative evaluation
is not possible and only visual experiments are shown
in Figure 5.
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Table 3. Category-wise comparison of the proposed method with the state-of-the-art methods in terms of F-measure on the
LASIESTA dataset published in LASIESTA’s paper.

Method |[I.SI.01 [I.S1.02 |[.CA 01 [I.CA 02 [[LOC01 [LOC02 [IIL01 |[IL02 [IMB.01|[MBO02|[BS01 [IBS02 |0_CL01 |0 CLO02|ORA 010 RA 02|0_SN01|O_SN_02|0_SUO01|0SU02|AVG
Wren et al|0.83 0.80 0.80 0.71 0.95 0.82 0.52 0.46 0.81 0.67 0.46 0.49 0.87 0.85 0.89 0.82 0.74 0.45 0.68 0.83 0.72
78]
Stauffer |0.84 0.82 0.88 0.77 0.95 0.83 0.35 0.24 0.83 0.69 0.36 0.37 0.89 0.85 0.74 0.83 0.74 0.47 0.62 0.83 0.70
and  Gris
mon [79]
Zivkovic  [0.91 0.90 0.91 0.75 0.99 0.91 0.16 0.31 0.93 0.80 0.55 0.52 0.93 0.82 0.86 0.90 0.52 0.24 0.54 0.88 0.72
and  Van
der Heijden
[80]

ddalena|0.89 0.85 0.95 0.74 0.98 0.85 0.85 0.38 0.85 0.68 0.40 0.45 0.90 0.85 0.83 0.86 0.70 0.46 0.75 0.86 0.75
and  Pet-
rosino [+1]

0.96 0.94 0.84 0.87 0.96 0.95 0.19 0.23 0.97 0.85 0.40 0.40 0.97 0.98 0.84 0.86 0.91 0.71 0.87 0.88 0.78

and Pt
rosino 7]
Cuevas and|0.81 0.76 0.84 0.63 0.83 0.88 0.80 0.79 0.78 0.68 0.51 0.66 0.93 0.90 0.75 0.87 0.82 0.09 0.65 0.81 0.74
Garcia [53]
Haines and|0.96 0.81 0.92 0.87 0.89 0.95 0.89 0.81 0.98 0.71 0.63 0.73 0.69 0.96 0.82 0.96 0.31 0.04 0.81 0.90 0.78
Xiang [%1]
Proposed |0.87 0.76 0.76 0.75 0.91 0.86 0.82 0.75 0.78 0.79 0.66 0.72 0.89 0.84 0.83 0.80 0.78 0.61 0.77 0.85 0.79
'method

Table 4. Reported F-measures for the Best Supervised Methods on LASIESTA.

IMethod |151.02]1_CA_02[1.0C_02|1IL_02 1 MB_02[1.BS_02{0_CL.02|0_RA_02]0_SN_02{00_U_02|AVG|
BSUV-Net 2.0 [55] | 0.89 | 0.60 | 095 | 0.89 | 076 | 069 | 0.89 | 093 | 070 | 091 |0.82
3DCD [20] 0.86 | 049 | 093 | 0.85 | 079 | 087 | 087 | 087 | 049 | 083 |0.79
FgSegNet S [24] | 0.20 | 0.60 | 053 | 0.25 | 060 | 0.28 | 019 | 016 | 005 | 018 |0.30
FgSegNet M [2¢] | 0.56 | 0.55 | 0.65 | 042 | 056 | 0.9 | 028 | 018 | 001 | 033 |0.37
MSFS [57] 053 | 058 | 025 | 041 | 063 | 025 | 054 | 054 | 005 | 020 |0.41
ChangeDet [17] 0.83 | 066 | 089 | 0.87 | 077 | 082 | 090 | 085 | 051 | 081 |0.79
Proposed method| 0.76 | 0.75 | 0.86 | 0.75 | 079 | 0.72 | 084 | 080 | 061 | 085 |0.77

Reconstructed Reconstructed Reconstructed
background scene background scene background scene
Input frame
by ORGRU by OGRU by DEEPPBM

Figure 5. Visual Comparison of ORGRU, OGRU, and DeepPBM Methods in Reconstructing Background Scenes.

5 Conclusions

In this paper, a novel deep learning method is pro-
posed for the background subtraction task by gener-
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Table 5. Qualitative Comparison of ORGRU, OGRU, and DeepPBM.

Category Video Input frame| Ground Tr. | ORGRU OGRU DeepPBM
Name
Simple se-|I_SI_01-
quences 183.bmp
Camouflage |I_.CA_02-
470.bmp
Occlusions 1.0C_01-
207.bmp
Ilumination |I_IL_01-
changes 153.bmp
Modified I_.MB_01-
background  |254.bmp
Bootstrap 1.BS_02-
126.bmp
Cloudy condi-|O_CL_02-
tions 283.bmp
Rainy condi-|O_RA_02-
tions 237.bmp
Snowy condi-|O_SN_01-
tions 346.bmp
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Table 5. Qualitative Comparison of ORGRU, OGRU, and DeepPBM (Continued..).

Video
Name

Category

Input frame | Ground Tr.

ORGRU OGRU DeepPBM

Sunny condi-
tions

alizing the X = L + S framework to the deep GRU-
based neural networks. Our approach offers an unsu-
pervised and robust solution within the framework of
deep recurrent networks, suitable for real-time back-
ground subtraction applications. By utilizing a simple
architecture, our model reconstructs the background
and foreground frames of an input video frame us-
ing a deep recurrent network. The proposed model
learns the underlying patterns of the video sequence
using backpropagation, receiving frames of the video
sequence one at a time, and reconstructing the back-
ground image using GRUs without supervision. This
learning process continues until the end of the task,
resulting in enhanced effectiveness. The evaluation
of our proposed model was conducted on the LASI-
ESTA database, utilizing video sequences captured by
static cameras. The experimental results demonstrate
that our online and robust GRU-based method out-
performed the non-robust mode by 17% in terms of
F-measure and also surpassed DeepPBM and several
other advanced supervised and unsupervised methods.
Our method achieves superior performance with fewer
parameters than DeepPBM, making it more suitable
for resource-constrained environments.

The unsupervised nature of our proposed method,
along with its frame-by-frame operation, makes it suit-
able for real-time applications. Additionally, its ro-
bustness enables it to handle changes, noise, and out-
lier data effectively. Therefore, the proposed method
can be employed for pre-processing video data in com-
plex video processing problems such as traffic moni-
toring, action recognition, intelligent surveillance, and
anomaly detection. The method achieves low compu-
tational cost, high processing speed, operates without
requiring complete datasets, and enables real-time de-
ployment. In future work, we aim to enhance the OR-
GRU to support PTZ and moving camera categories,
further expanding the applicability of our method.
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