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ABSTRACT: Accurate detection of small objects is critically important in high-stakes applications such as military
reconnaissance and emergency rescue. However, low resolution, occlusion, and background interference make small
object detection a complex and demanding task. One effective approach to overcome these issues is the integration
of multimodal image data to enhance detection capabilities. This paper proposes a novel small object detection
method that utilizes three types of multimodal image combinations, such as Hyperspectral-Multispectral (HS-
MS), Hyperspectral-Synthetic Aperture Radar (HS-SAR), and HS-SAR-Digital Surface Model (HS-SAR-DSM). The
detection process is done by the proposed Jaccard Deep Q-Net (JDQN), which integrates the Jaccard similarity measure
with a Deep Q-Network (DQN) using regression modeling. To produce the final output, a Deep Maxout Network
(DMN) is employed to fuse the detection results obtained from each modality. The effectiveness of the proposed JDQN is
validated using performance metrics, such as accuracy, Mean Squared Error (MSE), precision, and Root Mean Squared
Error (RMSE). Experimental results demonstrate that the proposed JDQN method outperforms existing approaches,
achieving the highest accuracy of 0.907, a precision of 0.904, the lowest normalized MSE of 0.279, and a normalized
RMSE of 0.528.

KEYWORDS: Small object detection; multimodality; deep learning; jaccard deep Q-net; deep maxout network
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1 Introduction

Object detection is crucial in fields like autonomous piloting and medical diagnosis but often relies on
single modalities like Red green and blue (RGB) or Infrared (IR) imaging, which lack sufficient comple-
mentary information [1,2]. Advances in remote sensing imagery (RSI) have improved detection accuracy
through multimodal integration, particularly combining RGB and IR [3,4]. While effective, these techniques
are complex and challenging to apply in resource-limited environments, especially when processing large
datasets from drones and satellites [5]. Small object detection plays a vital role in critical applications
such as military surveillance, disaster response, and autonomous navigation. Another important area is
medical imaging. In fields like oncology and neurology, detecting small lesions, tumors, or abnormalities
at an early stage is essential for timely diagnosis and effective treatment [6,7]. Frameworks such as Vision
Deep-Al demonstrate the growing demand for advanced detection solutions [8,9]. Infrared Small Object
Segmentation (ISOS) faces unique challenges due to the small size, low visibility, and sparse distribution of
objects in IR images [10]. These factors create a significant imbalance between objects and their background,
complicating detection and localization. Effective segmentation is critical to minimize missed detections
(MD) and false alarms (FA). Advanced techniques use machine learning to extract features, classify objects,
and ensure precise localization and measurement [11]. Similarly, Deep learning (DL) is widely used for
object localization and classification, offering superior performance when sufficient training data and
computational resources are available [12-16]. Techniques like Convolutional Neural Networks (CNN) and
Region-based CNN (R-CNN) utilize selective search algorithms to identify regions, extract features, and
classify objects, though R-CNN has limitations in processing speed and scalability [17-20]. Advancements
such as Spatial Pyramid Pooling (SPP) and Fast R-CNN address these issues by improving speed and
integrating object localization and classification in a streamlined process [21]. Feature Pyramid Networks
(FPN) further enhance detection by generating high-quality feature maps for classification and bound-
ing tasks [22,23]. Additionally, novel approaches like wavelet-based encoder-decoder networks combine
cross-modal attention and frequency-domain transforms for advanced video segmentation, supported by
large-scale datasets [24,25].

1.1 Motivation

In recent years, rapid advancements in remote sensing technologies have enabled the acquisition of
high-dimensional and diverse image data from various platforms, including satellites, drones, and airborne
sensors. However, traditional small object detection methods continue to face several critical challenges,
which are given as follows:

« Small objects typically occupy only a few pixels, making them difficult to distinguish from background
noise and clutter.

o In the traditional methods, the low spatial resolution, occlusion, poor contrast, and sparse object
distribution factors further complicate the detection process across various image modalities.

«  Most existing object detection techniques rely on single-modal data, limiting their ability to accurately
detect small objects in complex and cluttered environments.

These limitations in conventional approaches highlight the need for more effective and robust detection
methods. Consequently, these challenges serve as the primary motivation for developing a novel small object
classification model.

1.2 Research Objectives

The objectives of this research are mentioned as follows:
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« To develop a novel small object detection framework that combines complementary information from
multiple remote sensing modalities.

o To design an enhanced detection architecture, named JDQN by integrating the Jaccard similarity
measure with DQN through regression modeling for improved object localization and classification.

« To employ a DMN to perform effective fusion of detection outputs from multiple modalities, thereby
improving accuracy and reducing errors.

The key intent of this work is to devise a DL network for detecting small objects using RSI. In this
method, the multimodal images are subject to various processes, such as preprocessing, image transforma-
tion, segmentation, feature extraction, detection, and fusion. The input images are fed to an Adaptive Kalman
Filter (AKF) for denoising the image. Later, the image is transformed into the frequency domain from the
spatial domain using the Meyer Wavelet Transform (MWT), and then the small objects in the image are
segmented with the help of the Deepjoint segmentation. Afterward, the most noticeable features in the image
are excerpted and then applied to the JDQN, which is formulated by incorporating the Jaccard similarity
measure with DQN. Then, the obtained results are fused using the DMN to obtain the final detected output.

The significant contribution of this research is as follows:

o Proposed JDQN for small object detection: Small object detection is performed in this study using the
JDQN, which integrates the Jaccard similarity measure into DQN using regression analysis. Further, the
detected outputs obtained from the various modalities are fused using the DMN.

The structure of this paper is outlined as follows: Section 2 provides an overview of recent advancements
in small object detection, Section 3 introduces the proposed JDQN approach, Section 4 presents the results
along with their analysis, and Section 5 concludes the study.

2 Related Work

Object detection is fundamental to many applications, but detecting small objects in remote sensing
(RS) remains challenging due to their minimal size often reduced to a single pixel, and the scarcity of datasets
caused by the difficulty of acquiring RS images. This segment reviews deep learning (DL)-based frameworks
from the literature that inspired the development of the JDQN.

2.1 Literature Review

Several advanced frameworks have been developed for small object detection in remote sensing (RS)
applications. The YOLOrs model [12] utilizes IR and RGB modalities along with a mid-level fusion frame-
work for real-time detection, achieving multi-scale object detection with small receptive fields; however, this
comes at a high computational cost. The Extended Feature Pyramid Network (EFPN) [26], enhances detec-
tion using Super-Resolution (SR) features and a Feature Texture Transfer (FTT) module, efficiently handling
medium and small object detection while addressing the background-foreground imbalance. However,
it lacks the integration of additional detectors for robustness. Faster region-based NN (Faster R-CNN)
[21] improves object localization and bounding box regression through enhanced Rol pooling, multi-scale
feature fusion, and Non-Maximum Suppression (NMS), reducing detection errors but demanding significant
computational resources. In [27], SuperYOLO employs pixel-level multimodal fusion and a simplified SR
branch to retain high-resolution features, effectively reducing detection errors while maintaining flexibility.
However, it does not optimize accuracy through low-parameter models for feature extraction. Each approach
demonstrates strengths and limitations, advancing small object detection in RS.

Several innovative approaches have been proposed for small object detection in various domains. The
GHOST framework [5] introduced Guided Hybrid Quantization with One-to-one Self-Teaching (OST),
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leveraging Guided Quantization Self-Distillation (GQSD) to enable self-learning without external supervi-
sion, achieving reduced memory and computational demands but suffering from high time consumption.
The DLSODC-GWM model [9] applied Improved Refine Det (IRD) for waste object detection and classi-
fication, optimizing hyperparameters using the Arithmetic Optimization Algorithm (AOA) and Functional
Link Neural Network (FLNN) for classification, but lacked the integration of DL fusion models for enhanced
efficiency. An Improved Faster R-CNN [28] was developed for industrial defect detection, addressing
data imbalance with novel oversampling and stitching augmentation techniques and reducing inter-class
similarity with center loss, though interpolation increased time consumption. The CAT-Det framework [29]
employed a Cross-Modal Transformer (CMT) with Image-former (IT) and Point-former (PT) branches for
multimodal 3D object detection, augmented by the One-way Multi-modal Data Augmentation (OMDA)
method, achieving high accuracy but lacking object-level augmentations for further enhancement. Table 1
highlights the key differences and similarities between our work and previous studies, providing a clearer
context for our contributions. The Feature Pyramid Network for Super Resolution (FPNSR) [30] was
developed to enhance the detection of small objects. In this framework, a coordinate attention mechanism
was incorporated to improve the precision of object localization and focus. The model was designed
with a limited number of parameters, making it suitable for deployment on resource-constrained devices.
However, the evaluation was conducted on a relatively small dataset, which may not fully capture the
diversity and complexity of real-world remote sensing environments. Additionally, the Multi-Modal Fusion
Network (M*FNet) [31], based on the Transformer architecture, was developed for object detection using
multimodal data. The framework incorporates two key modules, such as Cross-Modal Attention (CMA) and
Union-Modal Attention (UMA). While M?*FNet demonstrates high robustness and accuracy across varied
illumination conditions, its major limitation lies in the increased computational complexity introduced by
the Transformer-based design. The Faster R-CNN [32] model was implemented for object detection using
camera images, where early fusion of depth information with standard RGB data resulted in a four-channel
input that was processed by conventional convolutional networks. This approach enabled more reliable and
robust object detection for smart manufacturing applications. However, it was difficult to evaluate the model
on larger datasets featuring diverse object configurations, lighting conditions, and occlusion scenarios.

Table 1: Comparison of the proposed JDQN with existing works

Technique Description Strengths Weaknesses Reference
Developed for real-time Effective at High computational [12]
object detection in detecting small complexity.
YOLOrs multimodal RS images (IR &  objects at multiple
RGB). Mid-level fusion and scales, and small
image augmentation receptive fields.
(jumble-up approach).
Uses Super-Resolution (SR)  Efficient memory  Limited applicability [26]
features and Feature Texture  usage, and reliable  to specific cases (e.g.,
EFPN Transfer (FTT) for better regional satellite image
feature extraction and information detection).
decoupling of medium and extraction.

small objects.

(Continued)
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Table 1 (continued)

Technique Description Strengths Weaknesses Reference
Faster Improves Regions of Interest Effective with High memory [21]
R-CNN (Rol) pooling with bilinear overlapping demands.
(Enhanced) interpolation and IoU-based objects, reduces
loss function. Enhanced missed detections.
Non-Maximum Suppression
(NMS).
Combines pixel-level Handles missing Does not address [27]
multimodal fusion and a object errors, and  accuracy optimization
SuperYOLO  simplified Super-Resolution  high adaptabilityto ~ with low-parameter
(SR) branch for HR feature various scenarios.  HR feature extraction
extraction. techniques.
GHOST Incorporates Guided Reduced memory High time [5]
framework Quantization and computational consumption, and
Self-Distillation (GQSD) and  load, self-teaching lower accuracy than
Hybrid Quantization (HQ) mechanism. teacher network.
for lightweight processing.
DLSODC- Combines Improved Near-optimal Did not integrate deep [9]
GWM RefineDet (IRD) framework performance in learning fusion
with hyperparameter garbage waste models for efficiency
optimization using the management improvements.
Arithmetic Optimization applications.
Algorithm (AOA).
Improved Novel data augmentation, Performs well in High time (28]
faster feature amplification via real-time consumption due to
R-CNN bi-cubic interpolation, and applications, and interpolation
center loss for reduced reduces class techniques.
inter-class similarity. overlap issues.
Cross-Modal Transformer ~ High accuracy, and Did not explore [29]
(CMT) framework with robust handling of ~ advanced object-level
CAT-Det Imageformer (IT) and multimodal inputs. augmentations.
Point-former (PT).
Augments data with
One-way Multi-modal Data
Augmentation (OMDA).
A coordinate attention Used limited Not fully capture the [30]
mechanism was number of diversity and
FPNSR incorporated to improve the parameters. complexity of

precision of object
localization and focus.

real-world remote
sensing environments.

(Continued)
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Table 1 (continued)

Technique Description Strengths Weaknesses Reference
The framework incorporates ~ High robustness High computational [31]
two key modules, such as and accuracy complexity.
M’FNet Cross-Modal Attention across varied
(CMA) and Union-Modal illumination
Attention (UMA). conditions.
Faster Early fusion of depth More reliable and Challenging to (32]
R-CNN information with standard robust object evaluate on large,
RGB data resulted in a detection for smart  diverse datasets with
four-channel input that was manufacturing varying objects,
processed by conventional applications. lighting, and
convolutional networks occlusions.
Proposed A hybrid approach using Effective in fusing Time efficiency and This
JDQN Jaccard similarity with multimodal data, optimization for study

DQN. Inputs: HS-SAR,
HS-MS, HS-SAR-DSM.
Meyer Wavelet Transform
(MWT) and segmentation
enhance feature accuracy.

and accurate small
object
classification.

large-scale
applications remain
challenging.

2.2 Research Gaps of the Existing Methods

The difficulties encountered while reviewing the available strategies for small object classification are

deliberated below.

The key issue with YOLOrs [12] in object detection is that, while the technique is efficient at retriev-
ing rich semantic information with limited tuning, the performance is affected by the confidence
levels. A high confidence value results in false negatives, while a low value leads to the detection of
undesired backgrounds.

The EFPN technique designed in [26] performs well and effectively identifies medium and small objects.
However, it struggles to adapt to specific small object detection scenarios, such as satellite image
detection or face detection.

In Faster R-CNN [21], the method offers superior results even in cases of overlapping objects. However,
it requires high memory resources.

The GHOST framework [5] is lightweight and demonstrates superior information retention capabilities.
However, its accuracy is lower.

3 Proposed JDQN for Small Object Classification

Small object classification poses significant challenges due to limited information and low resolution,

and applying the same object detection techniques across different environments is also challenging. This
section expounds on the hybrid deep learning network named JDQN proposed in this study for classifying
small objects. In this research, small object classification is carried out using three types of images, such as
HS-SAR, HS-MS, and HS-SAR-DSM. The input images in the three modalities are subject simultaneously
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to pre-processing phase at first, where the Adaptive Kalman Filter (AKF) [33] is used to denoise the image
thereby enhancing the image quality. After that, the pre-processed image is fed to the image transformation,
where the denoised image is subject to Meyer Wavelet Transform (MWT) [34] to convert the image from the
spatial domain to the frequency domain. Thereafter, segmentation of the small objects from the background
region is accomplished using Deepjoint segmentation [35]. Further, various features, like oriented FAST
and rotated BRIEF (ORB) [36], Local vector pattern (LVP) [37], and statistical features like mean, variance,
standard deviation, kurtosis, and skewness are excerpted from the segmented image. Afterward, small object
classification is performed by the proposed JDQN, which is developed by the incorporation of the Jaccard
index [38] and Deep Q-Net [39].

Finally, the three resultant outputs are combined using the DMN [40] to get the final classified output.
The various processes involved in small object classification using the proposed JDQN are depicted in Fig. 1.
The flowchart of the proposed model is provided in Fig. 2.

Input image (HS-
MS)

Input image (HS-
SAR)

Input image (HS-
SAR-DSM)

Pre-processing

Adaptive Kalman
Filter (AKF)

A4 A4 A 4

Pre-processing

Adaptive Kalman
Filter (AKF)

Adaptive Kalman
Filter (AKF)

Image Transformation
Meyer
wavelet

Small Object segmentation

Deep joint o
segmentation

Feature Extraction

ORB, LVP, and
Statistical features

Image Transformation
Meyer
wavelet

Small Object segmentation

Image Transformation

Meyer
wavelet

Small Object segmentation
Deep joint

segmentation

Deep joint
segmentation

Feature Extraction Feature Extraction

ORB, LVP, and
Statistical features

ORB,LVP,and [
Statistical features

Small Object classification Small Object classification Small Object classification
Proposed Jaccard Deep Proposed Jaccard Deep Proposed Jaccard Deep
Q Net (JDQN) Q Net (JDQN) Q Net (JDQN)

v

>/ Deep Maxout Network

g (OMN)

Deep Q Net (DQN)

Jaccard similarity measure @
Classified Output

Figure 1: Block diagram for small object classification using the proposed JDQN
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Figure 2: Flowchart of the proposed JDQN

3.1 Data Acquisition

The input images used for small object classification using the proposed JDQN are assimilated from a
dataset A encompassing a total of n images, which is formulated as given follows in Eq. (1):

A={A}, A .. Aj LA} o)
wherein, A; infers the j'" image in the database and it is considered for small object classification.

3.2 Pre-Processing

The primary step in object classification is to pre-process the image using the AKF [33]. This is an
essential task as noise in the images can degrade the classification ability of the JDQN. Though the Kalman
filter is highly effective in processing the data accurately, the output attained is highly dependent on the
previous information about the noise as well as the mathematical model. Hence, to overcome these issues, the
AKF is used, which estimates and corrects uncertain and unknown noise and model parameters continuously
during filtering. AKF is highly robust and produces filtered values that are near the true values. The following
equation Eq. (2) is used to find the output of AKE.

ii — (BZTEsz + “isfi)_l (BiTgia,- + (X,’Szizi) @

where, L; characterizes the output response of the AKE, ; refers to the adaptive factor, B; represents the
equivalent weight matrix of output S; at time instance ¢;, and S7 = 2, signifies the weighted matrix of the
estimated state vector L;. The noise-removed image thus obtained usmg the AKF is characterized as C, and
is applied to the image transformation phase.
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3.3 Image Transformation

The denoised image C is applied to MWT [34] for converting the image from the spatial domain to
the frequency domain. Meyers wavelet is mainly used here owing to its finite spectrum, fast attenuation,
and smoothness. It was devised for smoothing the sinc scaling function and is defined as a function of
v. The Meyer wavelet is a continuous orthogonal wavelet and is infinitely differentiable. A single-level
decomposition (Level 1) is applied to retain the dominant signal characteristics while reducing redundancy.
The boundary mode is set to ‘symmetric, which helps to minimize edge effects and artificial distortions
during transformation, preserving the signal continuity. The sampling rate is fixed at 100 Hz, which is
sufficient to capture relevant frequency components without unnecessary data overhead. The following
in Eqgs. (3) & (4) defines the scaling function of the MWT.

1 21
27 3
Puwr (x) = ! coS(EV(s_x_l)); 2_7T<x<4_n <
/21 2 27 3 3
0; otherwise
where,
0; y<0
v(y)=1 » 0<y<l (4)
L y>1

Further, the wavelet spectrum is given by Eq. (5),

1 (m (3]x] ) J? i x| < 4
sin| —v|— - e2; —<|x|<—
/27T 2 27
= .x
Yawr (%) 1 m (3]x] T 41 87 (5)
——cos|zv|[—=—-1])e2; —<|x|]<—
V2 2 2 3 3
0; otherwise

The MWT transforms the denoised image C into multiple sub-bands. After the first level of decom-
position, four sub-bands—High-High (HH), High-Low (HL), Low-High (LH), and Low-Low (LL)—are
obtained. Among these four bands, the LL band is chosen for further processing. Consider the Meyer wavelet
transformed output, represented as Z, and is subjected to segmentation.

3.4 Small Object Segmentation

The next process is to segment the object from the background using the wavelet-transformed output
Z. Here, segmentation is accomplished by adopting the DeepJoint segmentation [35], which is an approach
utilized to segment the region of interest based on similarities among the bi-constraints and regions, and
the distance between the segmented and deep points. Here, the minimum distance function is employed to
identify the deep points, and thereafter, the identification of the segmented points is accomplished, and then
are iterative process is utilized to combine the grid segments.

Small object segmentation involves the following stages:
1. Joining, region fusion, and segment point generation.

2. [Initially, the wavelet-transformed output Z is divided into multiple grids, and the pixels are merged based
on the threshold and mean levels during the joining stage.
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3. Afterward, region fusion is performed considering the bi-constraints and resemblance of the regions.
Grids with the minimal mean value are merged to generate the mapped points.

4. Finally, the optimal segments are identified by calculating the distance between the segmented and
deep points.

The following steps are used for segmenting small objects in the image. The iteration considered this
segmentation is 100.

i) Grid creation: The primary process in segmenting the object from the background is to split the
wavelet-transformed image Z into several grids, and it is expressed in Eq. (6),

H={H,H,...,Hy,...,Hy} (6)

where, y indicates the number of grids and Hy, refers to the h'" grid considered for processing.

ii) Joining: As soon as the grid is created, the pixels inside the grid are merged in the joining phase taking
into account the threshold and mean values. Here, the average of the pixel values in the grid is measured to
compute the mean and then, a constant threshold is used to process the mean for deciding whether a pixel
has to be joined or not. In this work, a threshold value unity is considered, and the following in Eq. (7) is
used to compute the mean.

_ 2?21 El
o

Hy, (7)

Here, o specifies the count of pixels present in the h*" grid, and E; characterizes the pixel value linked
with the h'"grid. The following Eq. (8) is used to combine the pixels.

o
L E
:Zl;l l:l:y

Hy, (8)
wherein, y signifies the threshold, and here the threshold value considered is 0.65, which is selected after
experimental tuning across different small object scenarios, and is found to balance over- and under-
segmentation effectively.

iii) Region fusion: The regions are fused in this stage by considering the allotted grids for creating a
region fusion matrix. Fusion is accomplished after the matrix generation considering the similarity between
the bi-constraints and pixel intensity. The region fusion is accomplished only when both constraints are
satisfied.

(1)  The mean value Dy, should not exceed 3.
(2)  For each grid, a single grid point only has to be considered.

Using the two constraints above, the region similarity is determined and fusion of the regions is
performed to identify the mapped points. The region similarity is depicted using Eq. (9),

F 9
_ Zi:IEi

D
h G

)

where, the pixels merged in the joining process are termed as EY and the count of fused pixels in the grid H),
is represented by G. The fusion of the grids yields the mapped points, represented as Fq. (10),

M={M,My,....,Mp,..., My} (10)

wherein, m signifies the count of mapped points in the wavelet-transformed image.
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iv) Recognize deep points: The deep points are recognized by considering the mapped points and missed
pixels in the joining stage. Pixels within the threshold boundary or left out during joining are considered
missed pixels, as expressed in Eq. (11),

() ={Ju};1<M<A (11)

Here, ) signifies the missed pixel, missed pixel count is characterized as A. The deep points are
recognized by summing up the missed and mapped pixels as follows in Eq. (12),

/lpoi nts = T+ My (12)

v) Recognize the best segments: An iterative process is carried out on the deep points to determine
the optimal segments. Initially, the selection of the segmented points Y is carried out arbitrarily, and three
segmented points are chosen from the a deep points. Thereafter, the distance from the deep points to the
segmented points is measured and the new segmented point is identified by locating the points with the
shortest distance. The distance is measured as follows in Eq. (13),

2

0= Z (Yb - Apoints) (13)
j=1

vi) Termination: The phases are repeated until the finest segment points are attained.

In the above manner, the object region is segmented using the DeepJoint segmentation and the resultant
output is signified as P.

3.5 Feature Extraction

The segmented image B is then subject to the feature extraction phase, wherein various textual features,
like ORB [36], and LVP [37] are first extracted. Thereafter, statistical features [41], namely mean, variance,
Standard Deviation (SD), skewness and kurtosis are found from textual features. This process is carried out
for all the small objects in the image.

i) LVP

LVP is generally utilized for reducing the feature length by minimizing the redundant information in
the segmented image B, and is an enhanced Local Tetra Pattern (LTrP). The LVP feature is computed based
on the following Eq. (14),

Q1= LVPy, (T.) = {LVP, ., (T.)|\ = 0°,45°,90°,135°} (14)

where, Q; depicts the LVP features, T, denotes the target pixel, d signifies the number of neighboring pixels
of T, in the radius e, and A designates the index angle associated with the variation in the orientation, and
LVP; . (T,) is formulated as follows in Eq. (15),

LVPs o2 (Te) = f5(Rn,6(The)> Rsase,o(The ), Rno(Te ), Rnsase,s(Te)),
fs(Rr5(Tae)s Rovase o(Tore ), Rao(Te), Ravase,s(Te)),

fs(%l,é(Ty,e)’ i)%)L+45°,5(Ty,e), %A,ﬁ(Tc)’ m/\+45°,8(Tc))|y =L2,., d’ €= 1| (15)

where, f5 (-) represents the transformation ratio, § indicates the distance to the adjacent pixel from T, R) s
specifies the directional vector.
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ii) ORB
ORB [36] is a feature extraction approach that was created as an OpenCV and the features determined

using are less sensitive to noise and produce superior results. The patch moment is used to compute the
centroid of the segmented image B as given in Eq. (16),

Crs = Zx,y'xryss (x’y) (16)

Here, 9 (x, y) refers to the intensity of the patch, and ¢, specifies the moment of the patch. The corner
orientation is measured by utilizing the intensity centroid of the image patch and is expressed as in Eq. (17),

o ¢
e 0
€00 Coo
Further, the angle from the image patches to centroid is formulated in Eq. (18),
o ¢
ataHZ(ﬂ,ﬂ) =atan2 (cop, c10) (18)
€oo Coo

where, atan 2 characterizes the quadrant-aware arctan. The ORB feature thus determined is symbolized as
Q.

The ORB and LVP features that are determined are merged to produce a textual feature image, which is
expressed in Eq. (19),

QT ={Q1, Q:} (19)

where Q; signifies the LVP feature and Q, depicts the ORB feature.
iii) Statistical features

After determining the textual image feature QT, the statistical features [41], such as mean, variance,
standard deviation, kurtosis and skewness are measured.

a) Mean

This feature is utilized for gauging the data concentration in the textual feature image Q and is expressed
in Eq. (20),

x-1
Q=) j*&(j) (20)
j=0

where, Q; represents the mean feature, y signifies the overall gray count, and & (j) symbolizes the likelihood
of the occurrence of the pixel with gray value j in the image TQ.

b) Variance

This refers to the difference in the intensity of a pixel from the average value and is formulated in Eq. (21),

x-1
Q=Y (- Q) % £(j) (2D
j=0

wherein, Q4 designates the variance parameter.
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¢) SD

The distribution of data around the average value is known as SD, and is determined by considering the
square root of the variance, and is given in Eq. (22),

—
Qs=vQa=| > (G-Q)* *£()) (22)
j=0

wherein, Qs signifies the SD.
d) Kurtosis

The tiredness of the distribution by the normal distribution is known as kurtosis, and it is referred to as
the “fourth normalized moment” also, and is measured by utilizing the following in Eq. (23),

x-1
Qs=Q5* Y. (- Q)" * £()) (23)
j=0

where, Q¢ designates the kurtosis parameter.
e) Skewness

Skewness is known as the degree of asymmetry of a specific feature about the mean value and is
formulated as follows in Eq. (24),

X_l
Q=0 Y (j-Q)’ +&()) (24)
j=0

wherein, skewness is symbolized as Q;.

The statistical features determined are concatenated to yield the feature vector, and are specified
in Eq. (25),

QS = {Q3) Q4’ QS) QG’ Q7} (25)

where, Q3 designates the mean feature, Q, terms variance, Qs is SD, Q¢ designates kurtosis, and Q; is the
skewness feature. The feature vector QS is applied to the JDQN for detecting the small objects.

3.6 Small Object Classification Using Proposed JDQN

The feature vector QS is then applied to the JDQN for detecting the small objects, where the JDQN
is formulated by the Jaccard similarity measure [38] with the DQN [39] using regression analysis. Here,
the JDQN encompasses three components: the DQN model, the Jaccard layer, and the Jaccard Fused DQN
(JEDQN) model. The JDQN performs small object detection based on the input image A ;, the feature vector
QS, and the textual feature image QT Initially, the input image A ; is applied to the DQN, which produces
a detected output U,. However, this output doesn't represent the detection of the objects at a fine level.

To overcome this limitation, the Jaccard similarity measure [38] is incorporated into the DQN using
regression analysis to yield a finer result. The output U; generated by the DQN and the statistical feature
set QS is applied to the Jaccard layer, where the Jaccard similarity is used to find the likeness between the
feature vectors. The output generated is characterized as U,. Thereafter, the output U,, feature vector QS,
and textual feature image QT are subject to the JFDQN layer to produce the final output Us. Here, all the
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inputs are combined using regression analysis and this is carried out using the Fractional Calculus (FC) [42].
The architectural view of the JDQN is exemplified in Fig. 3.

X, DQN Model
|
Input
image 4; )
|
Jaccard layer
Feature set
os Jaccard similarity measure
U,
LVP feature Q. JFDQN layer
ORB feature O and ===} Fusion Regression modelling
Statistical feature OS

l

Final detected output U, 3

Figure 3: Structural view of the JDQN

3.6.1 DQN

The Deep Q-Network (DQN) [39,43] is a deep learning model that integrates Q-learning, a popular
reinforcement learning (RL) approach, with deep neural networks (DNN) to estimate the Q-function’s action
values. The anticipated discounted cumulative reward yields the active function value and is represented
in Eq. (26),

VI (us,w) =E [Zzoﬂipt+i|u[ = U, W = wn] (26)

where u, refers to the state observation, w, depicts the action,  characterizes the discount factor, and p is the
reward. The ideal value of the action function is represented as V* (1, w) = max, V" (u, w), and is expressed
in Eq. (27),

V* (ug, ws) = E[p + fmax, V" (up1, w) |us, we] (27)

RL approaches are used to find the ideal policy 7* (1) = argmaxV ™ (u, w) in such a way that the
weW
maximal value of the ideal activation function max,, V* (u, w) is attained.

In Q-learning, the ideal active function value is obtained by updating the value iteratively based on the
following update in Eq. (28),

Vs (ues we) = Vi (up, we) + 8¢ (up, we) (pr + pmax,, Vi (upr, we) — Vi (ug, wy)) (28)
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Here, & designates the learning rate. The action values are stored in a table and then RL is carried out
using a discrete action and state space at a small-scale in tabular cases. Although this scheme is not practically
applicable at large-scale and, in such cases, a network parameter ¢ is utilized for estimating the action value,
and the value of ¢ is made optimum by reducing the loss function given below in Eq. (29),

6 (¢) = E (U =V (ur,wis ¢1))° (29)

Here, Uy, = p; + fmax,, (us1, wys ¢ ) refers to the objective function, and gradient descent is used to
obtain the update rule as given below in Eq. (30),

Gre1= ¢+ 6 (Ui = V (up, wis ¢1)) Ve,V (U wes ¢r) (30)

The target function Uy, is approximated by the present activation function V' (uy, w; ¢,) by updating
the value ¢ repeatedly.

In DQN, the value of the action function is approximated by utilizing the DNN, and the DQN has two
kinds of networks, such as the online and target networks. The value of V' (u;, w;; ¢;) is estimated by the
online network and the objective function Uy, is determined by the target network. In every iteration, the
online network’s network parameter ¢, is updated, and this value is copied by the target network’s parameter
¢; every J steps, and is unaltered otherwise. The following expression yields the DQN’s objective function
in Eq. (31),

U = pe + fmaxy, (tee1, wes §7) (31)
The equation given above can be rephrased in Eq. (32),
Uit = pt + BV (ugr,argmax,, V (1, wis @7 ) 5 97 ) (32)

The output generated U, gives the small object detected output and is applied to the Jaccard layer, and
the architectural view of the DQN is presented in Fig. 4.

Fully- Fully-

Convolutional Convolutional connecte¢  connected

|

Input Detected

= output U,

image A ;

a

Pooling
Pooling

Figure 4: Architectural view of DQN
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3.6.2 Jaccard Layer

The Jaccard layer operates on the output of the DQN model U; and the statistical feature set QS. The
Jaccard layer utilizes the Jaccard similarity measure [38] to compute the similarity between the features set.
The resultant output is concatenated with the detected output as follows in Eq. (33),

U, = Jacc (QS) ||U, (33)

where, Jacc refers to the Jaccard similarity, which is also called as Jaccard index and is applied to gauge the
similarity of diverse samples. The Jaccard score is given in Eq. (34),

|D1 ﬂD2|

Jacc (Dy, D;) = Dy 0Dy

(34)
Here, D, and D, designate the sample sets, and the output U, is forwarded to the JFDQN for
further processing.

3.6.3 JFDQN Layer

The Jaccard layer output U,, feature vector QS, and textual feature image QT are passed to the JFDQN
to obtain the final detected output. Here, regression analysis combines all the inputs to yield the final detected
output. Regression analysis is applied in this layer by using the FC concept. The FC [42] is a method for
solving derivative and integral functions by the Laplace transform. The problem is first solved in the Laplace
domain and then the Laplace transform is then applied to obtain the original solution. FC is highly effective in
enhancing the performance of various algorithms, including edge detection, pattern matching, filtering, and
so on. Here, the various outputs generated at various time instances are utilized to attain the final outcome.

At time ¢, the output of the JFDQN is generated by considering the LVP feature and is given in Eq. (35),

Vi V2
2= > Qi *w;j (35)
i=1 j=1
Likewise, the output at time instance t — 1, the output is produced using the ORB feature, and this is
expressed in Eq. (36),

Vi V2

2= > Q% wjj (36)
i=1 j=1
where, v; x v, yields the dimension of the LVP and ORB textual feature, Q; refers to the LVP feature, Q,
depicts the ORB feature, and w;; denotes the weight. It controls the strength of each feature’s influence in
the regression-based output of JEDQN. It is learned during training to optimize detection performance by
fusing features more effectively and minimizing the total error.
Similarly, at the time ¢ — 2, the output is determined based on the statistical feature set QS and is
formulated in Eq. (37),

5
2y = Zw,-QSi (37)

j=1

Further, the output at the time ¢ — 3, the Jaccard layer U, output is taken into account.
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Applying in Eq. (38) FC [42],
x(t+1) = gx (1) + %gx(t—1)+%g(1—g)x(t—2) +ig(l—g) (2-g)x (t-3) (38)

Applying the corresponding values of the outputs of the JFDQN layer in Eq. (39),

vy V2 1 vy V2

1 > 1
U3=gZZQ1*wij+EgZZQz*wiﬁgg(l—g)ZwiQSi+£g(1—g)(2—g)U2 (39)

i=1 j=1 i=1 j=1 j=1

where, g designates the constant associated with the derivative order, and U; represents the final detected out-
put.

Here, the JDQN is applied with the features obtained from the HS-MS, HS-SAR, and HS-SAR-DSM
images and correspondingly, the JDQN produces three outputs X;, X, and X3, and these three outputs are
fed to the DMN for fusion.

3.7 Fusion Using DMN

The three outputs X;, X, and X3 produced by the JDQN are fed into the DMN for fusion. The DMN
fuses these three inputs and produces a fused output representing the final detected output. Here, the process
of late fusion is accomplished by the DMN as the individual modal images are subject to detection at first
using the JDQN, and the final detected results are aggregated using the DMN. Here, fusion is accomplished
using DMN as it is extremely effective even in resource-constrained situations.

Architecture of DMN:

The DMN [40] encompasses numerous maxout layers that produce learnable hidden activations and
these layers are linked consecutively. Maxout adopts a maximal operation on the adaptable linear processes
and is a general form of Rectified Linear Unit (ReLU). The JDQN outputs X = {X;, X,, X5} is applied to the
DMN and the following illustrates the operations carried out in the different layers. The following Fqs. (40)-
(44) depict how the activations of the hidden layer are determined.

1 T

o= max X' a_ i +K; 40
p],k ke[Lar] ..jk jk (40)
2 1T

.= max P, & ik +K; 41
p],k ke[l,qz]pj’k .. jk jk (41)
S, = max p M g +xi (42)
PR keltga]” PR T !

" n-1T

L= max p., o ikt Kk (43)
Pli= oo Pl
zj = max p?k (44)

ke[L%]

Here, 7 is the layer count of the DMN and g, signifies the amount of units in the ¢ layer, z;j is the
output of the hidden unit, x;; and « i characterizes the bias and weights, and p; , represents the output

produced by the ¢ layer. DMN utilizes a max-pooling function and hence the maximal output value is fed
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to the succeeding layers. When the value of « exceeds 2, then the DMN can approximate any complex non-
linear functions. Thus, the DMN produces a fused output { based on the detected outputs of the JDQN. The
architecture of the DMN is illustrated in Fig. 5.

Detected outputs
X,.X,,and X,
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( Conv1D layer }— Dropout Dropout
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P
Dropout Dropout
S —
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Figure 5: Architecture of DMN

4 Results and Discussion

In this section, the evaluation of the JDQN is conducted using data from the Multimodal Remote
Sensing Benchmark Datasets for Land Cover Classification [44] with respect to different parameters to
demonstrate the superiority of the method.

4.1 Experimental Set-Up

This work proposes a Meyer wavelet transform and Jaccard Deep Q-Net (JDQN)-enabled Deep Maxout
Network (DMN) for classifying small objects using multi-modal images, including HS-MS, HS-SAR, and
HS-SAR-DSM. The process begins with noise removal using a Kalman filter, followed by image transfor-
mation using the Meyer wavelet. The transformed images are segmented using deep joint segmentation
and features are extracted using methods like ORB, LVP, and statistical metrics. The extracted features
are classified using the newly developed JDQN, which integrates Jaccard similarity and Deep Q-Net. The
same workflow is applied to all input image types, and the outputs are processed through the DMN for
final classification. The model is implemented in Python, evaluated using performance metrics like PSNR
and MSR, and compared with existing methods to highlight its effectiveness. The parameter details of the
proposed method are illustrated in Table 2.
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Table 2: Parameter details

Parameter Value
DMN
Image shape (64, 64, 3)
Number of filters 64-128
Kernel_size 3,3
Weight constraint on Conv2D kernels 8
Dropout rate 0.2
BatchNormalization layers momentum 0.8
Final activation function SoftMax
Optimizer Adam
Loss categorical_crossentropy
Activation function for conv relu
DQN
Gamma 0.99
Max transitions stored in replay buffer 50,000
Minimum buffer size before first training step 1000
Batch size 64
Filter size 32
Kernel 3x3
Activation function for conv relu
Dropout rate 0.2

4.2 Dataset Description

The multimodal images used in this study are taken from the Multimodal Remote Sensing Benchmark

Datasets for Land Cover Classification [44]. The dataset encompasses three multimodal RS datasets, such as
HS-SAR-DSM Augsburg, HS-SAR Berlin, and HS-MS Houston 2013. The HS-SAR Berlin dataset comprises
the simulated EnMAP data created using the HyMap HS data, explicitly characterizing the rural and urban
areas in Berlin urban. The HS-SAR-DSM Augsburg dataset includes data acquired from three distinct
sources, such as the DSM image, a dual-Pol PolSAR image, and spaceborne HS image. Here, the POLSAR
image is acquired using the Sentinenel-1and the DSM and HS images are collected using the DAS-EOC over
the Augsburg city in Germany. Likewise, the HS-MS Houston2013 is a homogeneous dataset containing HS
and MS data acquired from the campus region in the University of Houston, Texas. The dataset consists of
images with 1723 x 476 size and includes 244 slices in total.

4.3 Experimental Results

The image outputs obtained during the implementation of the JDQN are illustrated in Fig. 6. Specif-
ically, Fig. 6a represents the input image, Fig. 6b shows the filtered image, Fig. 6¢ displays the image after
applying the Meyer Wavelet Transform (MWT), Fig. 6d portrays the segmented image corresponding to the
DSM modality and the ground truth image is included in Fig. 6e.
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(b)

(d)

Figure 6: Image results of JDQN for DSM images a) input, b) filtered, c) MWT-applied, d) segmented images, and
e) ground truth image

4.4 Evaluation Measures

The JDQN proposed in this research is analysed based on measures, like accuracy, precision, MSE
and RMSE.

i) Accuracy: It is used to measure the effectiveness of the JDQN in identifying the small objects correctly

and expressed in Eq. (45),

P+ N,
Acc = 1T (45)

wherein, P, and N; symbolize true positive and true negative, P, and N, signify false positive and false
negative, respectively.
ii) Precision: This factor is employed for determining the ability of the JDQN in producing the same results
at various instances, and is expressed in Eq. (46),
Py
P +P,

Precision = (46)
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iii) MSE: It is used to find the average squared variation of the results produced by JDQN with respect to the
expected results, and is expressed in Eq. (47),

v

1 v
MSE =~ (R} -R,)’ (47)
v £
j=1

Here, R, and R refer to the actual and the projected output of the JDQN and the term v indicates the
samples employed for training the JDQN.

iv) RMSE: The square root of the MSE yields the RMSE value and is formulated as Eq. (48),

1 v
RMSE = VMSE = | - Y (R; - R,)? (48)
v “
j=1

Due to high variation in the values measured for MSE, and RMSE, in this work normalized values of
these parameters are used. Specifically, Min-Max normalization was applied to scale the raw MSE and RMSE
values between 0 and 1. The normalization formula is given as follows:

X - Xmin

_— 49
Xmax - Xmin ( )

Normalized value =

Here, the original MSE or RMSE is represented as X and X,i, and Xy« correspond to the minimum and
maximum values observed across all compared models and training data splits or K-Fold. This normalization
allows for fair visual comparison of model performance trends over varying training data percentages or
K-Fold.

4.5 Performance Analysis

The JDQN is scrutinized for its performance with respect to training data at various epochs, and it is
illustrated in Fig. 7.

The analysis of the JDQN concerning accuracy is shown in Fig. 7a. The JDQN recorded accuracy values
of 0.783, 0.782, 0.822, 0.862, and 0.879, for 20, 40, 60, 80, and 100 epochs, respectively, with 70% training
data. Fig. 7b demonstrates the assessment of the JDQN in terms of normalized MSE. The normalized values
of MSE measured by the JDQN for 70% training data are 0.509, 0.508, 0.469, 0.430, and 0.366, for 20, 40, 60,
80, and 100 epochs, respectively. In Fig. 7c, the appraisal of the JDQN based on precision is accomplished.
The JDQN attained precision values of 0.806, 0.830, 0.840, 0.847, and 0.863 corresponding to 20, 40, 60, 80,
and 100 epochs, respectively, with 70% training data. Further, in Fig. 7d, the examination of the JDQN based
on normalized RMSE is illustrated with 70% training data, the JDQN recorded normalized RMSE values of
0.713, 0.713, 0.685, 0.656, and 0.605, for 20, 40, 60, 80, and 100 epochs, respectively.

4.6 Comparative Techniques

The JDQN is compared to the prevailing techniques of small object detection, such as YOLOrs [12],
EFPN [26], Faster-RCNN [21], GHOST [5], DLSODC-GWM [9], and CAT-Det [29] to examine its efficiency.

4.7 Comparative Assessment

The investigation of the JDQN is accomplished by taking into consideration the values recorded for
various parameters with diverse training data and K-Fold.
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Figure 7: Performance evaluation of the JDQN in terms of a) accuracy, b) normalized MSE, ¢) precision, and d)
normalized RMSE

4.71 Based on Training Data

Fig. 8 examines the small objection detection framework proposed in this work with varying percent-
ages of training data. The assessment of the JDQN in terms of accuracy is depicted in Fig. 8a. The different
small object detection approaches, such as YOLOrs, EFPN, Faster-RCNN, GHOST, DLSODC-GWM, CAT-
Det, and JDQN are observed to measure the accuracy of 0.798, 0.849, 0.864, 0.879, 0.831, 0.856, and 0.884,
correspondingly, for 80% training data. This demonstrates that the JDQN achieved a better accuracy value of
9.73%, 3.96%, 2.56%, 0.56%, 6.00%, and 3.17% than the existing techniques. Fig. 8b illustrates the evaluation
of the JDQN in terms of normalized MSE. For 60% of training data, the normalized MSE recorded by the
JDQN is 0.393, while the existing techniques produced normalized MSE values of 0.533 for YOLOrs, 0.526
for EFPN, 0.463 for Faster-RCNN, 0.438 for GHOST, 0.535 for DLSODC-GWM, 0.495 for CAT-Det. Fig. 8¢
presents the analysis of the JDQN based on precision. The precision value recorded by the object detection
approaches, like YOLOrs is 0.839, EFPN is 0.862, Faster-RCNN is 0.877, GHOST is 0.892, DLSODC-GWM
is 0.859, CAT-Det is 0.876, and JDQN is 0.902 with 80% training data. Thus, the JDQN demonstrated an
improved performance of 7.05%, 4.47%, 2.76%, 1.17%, 4.77%, and 2.88% than the existing methods. Likewise,
the investigation of the JDQN in view of the normalized RMSE is displayed in Fig. 8d. The normalized value
of RMSE attained by the JDQN is 0.627, which is lower than the normalized RMSE value of 0.730, 0.725,
0.680, 0.662, 0.735, and 0.706 measured by the YOLOrs, EFPN, Faster-RCNN, GHOST, DLSODC-GWM,
and CAT-Det, respectively, with 60% of training data. Fig. 8¢ depicts the analysis of the inference time. The
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inference time required by the object detection approaches, like YOLOrs is 0.137 ms, EFPN is 0.114 ms, Faster-
RCNN is 0.105 ms, GHOST is 0.103 ms, DLSODC-GWM is 0.102 ms, CAT-Det is 0.095 ms, and JDQN is
0.078 ms with 90% of training data.
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Figure 8: Comparative valuation of the JDQN considering a) accuracy, b) normalized MSE, ¢) precision, d) normalized
RMSE, and e) inference time with varying training data
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4.7.2 Using K-Fold Cross Validation

Fig. 9 provides an evaluation of the JDQN model based on four performance metrics, considering the
K-Fold. In Fig. 9a, the performance of JDQN in terms of accuracy is illustrated. The competing methods,
including YOLOrs, EFPN, Faster-RCNN, GHOST, DLSODC-GWM, and CAT-Det, achieved accuracy levels
of 0.821, 0.859, 0.874, 0.889, 0.848, and 0.869, respectively. The JDQN achieved a higher accuracy of 0.899
with a K-Fold of 8, which is 8.69%, 4.49%, 2.77%, 1.17%, 5.67%, and 3.34% improved than the existing
methods. Fig. 9b presents the normalized MSE analysis of JDQN. At a K-Fold of 6, JDQN demonstrated
a lower normalized MSE of 0.382, while the values recorded by YOLOrs, EFPN, Faster-RCNN, GHOST,
DLSODC-GWM, and CAT-Det, were 0.543, 0.476, 0.409, 0.384, 0.529, and 0.493, respectively, showcasing
JDQN'’s enhanced performance in minimizing MSE. The precision of JDQN is analyzed in Fig. 9c. For a
K-Fold of 8, the precision values achieved by YOLOrs, EFPN, Faster-RCNN, GHOST, DLSODC-GWM,
CAT-Det, and JDQN were 0.830, 0.861, 0.876, 0.891, 0.854, 0.873, and 0.896, respectively. This indicates
that JDQN outperformed the other methods, with improvements of 7.36%, 3.93%, 2.21%, 0.61%, 4.69%, and
2.57%. Fig. 9d illustrates the normalized RMSE performance of JDQN. At a K-Fold of 6, the normalized
RMSE values recorded were 0.737 for YOLOrs, 0.690 for EFPN, 0.640 for Faster-RCNN, 0.620 for GHOST,
0.731 for DLSODC-GWM, 0.705 for CAT-Det, and a superior 0.618 for JDQN, highlighting its effectiveness
and superiority across all metrics.

o volors ~A- DLSODC-GWM o YoLors A~ DLSODC-GWM
o EFPN e caT-Det o EFPN e CAT-Det

~@- Faster-RCNN  ~@- Proposed JDQN ~@- Faster-RCNN  -@- Proposed JDQN
—— GHOST —— GHOST

Accuracy
Normalised MSE

5.0 55 6.0 65 7.0 75 8.0 85 2.0 5.0 55 6.0 65 7.0 75 8.0 85 9.0
K Value K Value

(@) (b)

o YoLors ~4~ DLSODC-GWM o volors ~A- DLSODC-GWM
o EFPN e CaT-Det o EFPN o CAT-Det

~@- Faster-RCNN  ~@- Proposed JDQN ~@- Faster-RCNN  ~@- Proposed JDQN
—+— GHOST —— GHOST

Precision
Normalised RMSE

0.78
0.55 \
¥ q 8.0 8.5

o

¢
7.5 8.0 8.5 9.0 5.0 5.5 6.0 6.5 7.5 9.0

7.0 7.0
K Value K Value

© (d)

Figure 9: Comparative analysis of the JDQN concerning a) accuracy, b) normalized MSE, ¢) precision, and d)
normalized RMSE based on K-Fold
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4.8 Ablation Study

Fig. 10 illustrates the results of an ablation study conducted to evaluate the contribution of each
component within the proposed JDQN framework, using accuracy as the performance metric. This analysis
is performed by systematically removing individual components and observing the resulting changes in
accuracy across different proportions of training data. When 90% of the training data is considered, the
accuracy obtained by the JDQN without AKE JDQN without MW T, JDQN without Deepjoint segmentation,
JDQN without feature extraction, DQN, and proposed JDQN is 0.812, 0.851, 0.855, 0.863, 0.884, and 0.902.
These findings underscore the significance of each component in enhancing the overall accuracy of the
proposed model.
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Figure 10: Ablation study

4.9 Analysis Based on Fusion

Fig. 11 presents a comparative analysis of different fusion strategies. In this research, DMN is used for
fusion, and the performance of the DMN is compared with other fusion methods, such as averaging and
majority voting. As illustrated in the figure, the JDQN with DMN consistently achieves higher accuracy
across all training data percentages. When 90% of the training data is used, the accuracy obtained by JDQN
with averaging, JDQN with majority voting, and JDQN with DMN is 0.827, 0.868, and 0.890, respectively.
These results indicate that the DMN-based fusion significantly improves the ability to integrate multimodal
information, leading to more accurate small object detection.
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Figure 11: Analysis based on fusion

4.10 Statistical Analysis

Table 3 presents the results of the Analysis of Variance (ANOVA) test conducted to evaluate the
statistical significance of differences in performance among the various methods analyzed. The factor C,
representing the comparison groups, shows a sum of squares of 0.045678 with 4 degrees of freedom,
resulting in an F-value of 21.023822. The associated p-value is 2.1258E7'%, which is significantly lower than
the conventional significance threshold 0.05. These results indicate that there is a statistically significant
difference among the compared methods. Additionally, the 95% confidence interval for accuracy, ranging
from 0.8266 to 0.9123, reinforces the robustness and reliability of the proposed model.

Table 3: ANOVA Test

Sum of squares Degrees of freedom F p-value
C 0.045678 4 21.023822  21258E'*
Residual 0.075851 120

4.11 Comparative Discussion

In Table 4, the comparison of JDQN with YOLOrs, EFPN, Faster-RCNN, and GHOST is presented in
terms of accuracy, normalized MSE, precision, and normalized RMSE. The values in Table 4 correspond to
the scenario when 90% of the training data and a K-Fold of 9 are considered. It can be noticed from the table
that the JDQN achieved a higher accuracy of 0.907, whereas the accuracy measured by YOLOrs is 0.847,
EFPN is 0.879, Faster-RCNN is 0.882, GHOST is 0.891, DLSODC-GWM is 0.872, and CAT-Det is 0.884. The
high accuracy is attributed to the minimization of false positives due to the capability of JDQN in learning
high-level representations in the input image. Likewise, the JDQN achieved a high precision of 0.904 as a
result of the application of Deepjoint segmentation for extricating the small objects from the background.
The approaches, such as YOLOrs, EFPN, Faster-RCNN, GHOST, DLSODC-GWM, and CAT-Det, however,
recorded a low precision of 0.850, 0.881, 0.884, 0.893, 0.874, and 0.886, respectively. Similarly, the JDQN
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recorded a lower normalized MSE value of 0.279 in comparison to the normalized MSE measured by YOLOrs
is 0.473, EFPN is 0.407, Faster-RCNN is 0.370, GHOST is 0.289, DLSODC-GWM is 0.445, and CAT-Det is
0.389. The application of ORB and LVP features enabled the extraction of optimal features, which contributed
to minimal error while detecting small objects. The low value of normalized MSE of the JDQN also led to
a low normalized RMSE value of 0.528, whereas the normalized RMSE attained by YOLOrs, EFPN, Faster-
RCNN, GHOST, DLSODC-GWM, and CAT-Det is 0.688, 0.638, 0.608, 0.538, 0.670, and 0.624, respectively.
The proposed method achieved an inference time of 0.078 ms, which is lower than that of the compared
methods when considering training data is 90%.

Table 4: JDQN is compared with the YOLOrs, EFPN, faster-RCNN, and GHOST

Metric YOLOrs EFPN Faster- GHOST DLSODC- CAT-Det Proposed
RCNN GWM JDQN
Training data = 90%
Accuracy 0.828 0.869 0.872 0.881 0.857 0.871 0.902
Normalized 0.428 0.354 0.312 0.301 0.421 0.365 0.291
MSE
Precision 0.859 0.882 0.885 0.894 0.879 0.889 0.910
Normalized 0.654 0.595 0.559 0.548 0.650 0.605 0.540
RMSE
Inference time 0.137 0.114 0.105 0.103 0.102 0.095 0.078
(msec)
K-Fold =9
Accuracy 0.847 0.879 0.882 0.891 0.872 0.884 0.907
Normalized 0.473 0.407 0.370 0.289 0.445 0.389 0.279
MSE
Precision 0.850 0.881 0.884 0.893 0.874 0.886 0.904
Normalized 0.688 0.638 0.608 0.538 0.670 0.624 0.528
RMSE

The superior performance of the proposed method stems from its effective integration of multimodal
image data, leveraging complementary information to address challenges such as low resolution, occlusion,
and background interference. The JDQN combines the Jaccard similarity measure with DQN to enhance
object localization and adapt to varying conditions, while regression modeling further refines predictions.
Additionally, the DMN efficiently fuses outputs from different modalities, ensuring robust final detection.
The high performance of the proposed method underscores its reliability in detecting small objects.

4.12 Practical Applications

The proposed JDQN-based small object detection framework holds significant potential for practical
deployment in real-world scenarios. In military surveillance, the integration of hyperspectral and SAR data
enables the accurate identification of hidden objects under challenging environmental conditions. Similarly,
in emergency rescue operations, rapid and reliable detection of small objects in cluttered environments can
greatly enhance response efficiency and safety. Beyond these domains, the JDQN framework is adaptable



28 Comput Model Eng Sci. 2025

to urban monitoring, border surveillance, disaster management, and environmental monitoring, where
multimodal data sources are often available.

5 Conclusion

In this research, a deep learning (DL) network named JDQN is proposed for detecting small objects
from multimodal remote sensing (RS) images. The JDQN is developed by integrating the Jaccard similarity
measure into the Deep Q-Network (DQN) framework, leveraging regression analysis. The detection pro-
cess involves a sequence of steps, including pre-processing, image transformation, segmentation, feature
extraction, detection, and fusion. Multimodal input images, such as HS-SAR, HS-MS, or HS-SAR-DSM, are
initially denoised using the Adaptive Kalman Filter (AKF) and subsequently transformed into the frequency
domain using the Meyer Wavelet Transform (MWT). Following this, small objects are segmented from the
background using Deepjoint segmentation, and various features are extracted. These features are then fed
into the JDQN to detect small objects, with the results from each modality fused using the DMN to produce
the final output. The proposed JDQN demonstrates superior performance, achieving an accuracy of 0.907,
a normalized MSE of 0.279, a precision of 0.904, and a normalized RMSE of 0.528. Future work will aim to
further enhance detection accuracy through the integration of advanced image augmentation techniques and
additional features, increasing the approach’s applicability to real-time scenarios. The feasibility of deploying
JDQN in real-time systems, such as drones for surveillance or emergency response, as well as the extension
of the method to additional imaging modalities, such as thermal or ultrasound imaging, will be explored in
future work.
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