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Abstract: Computer vision-aided small target detection in moving streams, such 
as rivers/ roads, requires a fast-converging outcome as the frame requirements are 
high. The bounding box varies for the multiple frames generated, resulting in low 
object detection precision. To address the problem of floating object detection, this 
article introduces a Region-Overlap Detection (ROD) method using the Minimum 
Convoluted YOLOv7 (MCY) architecture. First, the typical YOLO classifier identifies 
the largest overlap area from multiple overlapping regions. The second method 
extracts the largest bounding box in an area with minimal convolution in the neural 
network's final training layer. Both techniques accurately identify small objects in 
flowing streams with high mean accuracy. The YOLO architecture trains its 
convolutional layers using the largest overlap area, shared by many bounding box 
regions. The intersecting areas are removed from convolutional layers to expedite 
convergence and increase mAP. The proposed method achieves a high mean 
Average Precision (mAP) of 73.1% and a recall of 70.2% for small floating object 
detection in dynamic river environments.
Keywords: Bounding Box; Convolution Layer; Overlap Region; Target Detection; 
YOLO 

1. Introduction
1.1. Background

Accurate tracking is necessary to detect small floating objects in water bodies 
and control obstacles caused by water movement [1]. The persistent movement of 
the water is difficult to detect by moving the object's position through the frame. 
Changes in lighting, reflection, and environmental factors can lead to dark small 
goals [2]. Traditional identification methods often struggle to distinguish floating 
objects from background noise, thereby increasing the likelihood of false 
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recognition [3]. The replication area of the object creates inconsistencies that 
necessitate complex spatial analysis to enhance accuracy. Improving identification 
methods involves optimizing object restrictions for improved localization under 
dynamic lecture conditions [4, 5]. Traffic tracking improves stability and predicts 
the movement of objects in multiple frames. Modification of filter technology 
increases accuracy by reducing obstacles to reflection and texture [6]. Identifying 
small floating objects is very important for environmental monitoring and 
autonomous search. Despite the various water flow systems, the improved 
detection frame provides a reliable target identification [7].

Restricted technology enhances the localization of objects and surrounds the 
goal within certain space limitations [8]. Small target recognition of mobile 
currents is complex due to changes in object position and environmental 
disturbances. Despite the vibrating water conditions, you must level up the 
maximum box to ensure accurate detection [9]. Incorrectly labeled boxes lead to 
classification errors and a decrease in fruit yield. The cloning of the boundary 
creates excessive areas, increases computing loads, and reduces its effectiveness 
[10]. The installation of limited boxes stabilizes objects and maintains spatial 
accuracy in dynamic environments. Improving the adaptive limit box improves 
localization by modifying the changes in the objects of the frame [11]. Well-placed 
restricted boxes can consistently identify the target by minimizing the wrong 
perception. Highly prepared on the Boardbox Way improves the actual time 
tracking for monitoring, navigation, and environmental applications [12]. 
Optimized perception strategies are crucial for accurately recognizing small 
targets in unpredictable environments [13].

Machine learning (ML) models improve the detection of small targets by 
improving the accuracy of distinctive extraction and classification [14]. Stable 
algorithms are crucial for adapting to spatial and temporal changes, enabling 
accurate detection of objects in dynamic settings. Choosing food improves 
detection by filtering an area that does not affect identification accuracy [15]. 
Adaptive training improves classification by adjusting the model's parameters 
based on the object's objects. Ensemble learning combines multiple classifiers to 
enhance performance in diverse conditions [16]. Optimization techniques improve 
real-time detection by reducing the complexity of compensation and maintaining 
accuracy simultaneously [17]. The attention-based method focuses on the 
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important image areas to improve the object's position [18]. Hybrid learning frames 
merge spatial and temporal features for better classification. Features Fusion 
combines various data sources to enhance detection in challenging environments. 
Advanced techniques for ML support reliable small target detection in monitoring 
and surveillance applications [19, 20]. Detecting small drifting objects in flowing 
streams, such as roads and rivers, is challenging due to the instability of bounding 
box predictions, resulting in the loss of spatial information and high computational 
complexity. Considering this challenge, the contributions are summarized below:

Designing an improved YOLOv7 architecture to address bounding box 
variations caused by high frame rates in detecting smaller objects floating in river 
streams/ water bodies is proposed. This is followed by integrating the convolution 
layer through background and foreground differentiation to identify common 
bounding boxes. Based on the above contributions, the performance assessments 
using experimental parameters and comparative metrics are discussed. In river 
channel small target identification, the Region-Overlap identification utilizing the 
Minimum Convoluted YOLOv7 (ROD-MCY) approach makes numerous important 
contributions. First, a unique region-overlap detection technique enhances the 
visibility and localization of small items under occlusion, background interference, 
and poor contrast. Second, the Minimum Convoluted YOLOv7 (MCY) architecture 
simplifies the basic YOLOv7's convolutional processes to reduce computational 
complexity while maintaining feature extraction. Third, improving receptive fields 
and enhancing feature pyramid integration increases sensitivity to weak spatial 
signals in small-scale targets. Real-time deployment on resource-constrained edge 
devices for continuous river monitoring is possible because the technique strikes a 
balance between detection accuracy and processing efficiency. Finally, 
comprehensive experimental validation on river channel datasets demonstrates 
that ROD-MCY outperforms the baseline YOLOv7 and other state-of-the-art 
detection models, particularly in complex scenarios involving reflections, dynamic 
water surfaces, and partial occlusions.

1.2. Comparative Analysis
Table 1 summarizes key differences between the proposed ROD-MCY 

framework and prior works on small floating object detection. It highlights 
whether each method incorporates temporal/frame-wise overlap analysis, 
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selective or conditional convolution, network pruning/layer reduction, and 
optimization for small object detection. The comparison demonstrates that ROD-
MCY uniquely integrates region-overlap detection, minimum convoluted YOLOv7 
backbone, and overlap-guided feature representation, ensuring superior detection 
accuracy and computational efficiency in dynamic river environments.

Table 1 Comparison of ROD-MCY with Existing Small Floating Object 
Detection Methods

Feature / 
Technique

Prior 
Work Proposed ROD-MCY Novelty / Advantage

Temporal / 
frame-wise 

overlap
[6, 
27]

Uses ROD before 
convolution

Stabilizes bounding boxes 
early, reducing shifts due 
to occlusion, turbulence, 

or reflections
Conditional / 

selective 
convolution

[5, 
16]

MCY backbone 
selectively applies 

convolution based on 
overlap consistency

Reduces redundant 
computation while 

preserving spatial details

Network pruning 
/ layer reduction

[29, 
30]

Achieves efficiency 
without external 

pruning

Simplifies computation 
while maintaining 
detection accuracy

Lightweight / 
optimized YOLO 

backbone

[1, 
14, 
34]

Enhanced YOLOv7 
backbone with minimal 

convolution layers

Preserves small-object 
features and boosts 

inference speed
Feature pyramid 
/ receptive field 

optimization

[1, 
14, 
34]

Overlap-guided 
pyramid

Enhances visibility of low-
contrast, partially 
obscured objects

1.3. Novelty
The novelty of the proposed ROD-MCY framework lies in introducing a pre-

convolutional region stabilization paradigm for small-target detection in dynamic 
river environments, which is fundamentally different from existing YOLO-based 
and transformer-based detectors that refine bounding boxes only after feature 
extraction. To the best of our knowledge, this is the first work to integrate region-
overlap consistency across consecutive frames before convolutional processing to 
stabilize spatial localization under water turbulence, reflections, and 
occlusions.In addition, the proposed Minimum Convoluted YOLOv7 (MCY) 
backbone introduces an overlap-guided conditional convolution strategy that 
reduces network parameters and FLOPs without relying on pruning, compression, 
or distillation, thereby eliminating convolutional redundancy while preserving 
critical spatial boundaries of small floating objects. Furthermore, an overlap-
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guided feature pyramid mechanism is developed to adapt receptive fields based 
on region-intersection frequency, enhancing the visibility of low-contrast and 
partially occluded targets.

In this work, the ROD-MCY framework is presented as a stabilization-and-
efficiency pipeline for small target detection in dynamic river environments, 
rather than as a wholly novel detection algorithm. The primary contributions are 
defined as: (i) a spatial–temporal Region-Overlap Detection mechanism for 
bounding-box stabilization across sequential frames, reducing noisy shifts due to 
turbulence and occlusion; (ii) conditional convolution and layer reduction in the 
MCY backbone, which decrease computational cost while preserving essential 
small-target features; and (iii) overlap-guided feature refinement, enhancing the 
visibility of low-contrast or partially occluded targets.

1.4. Contributions
The main contribution of the study are:

 A Region-Overlap Detection framework integrated with Minimum Convoluted 
YOLOv7 is introduced for robust small floating object detection.

 Maximum overlap region selection is proposed to eliminate unstable 
bounding boxes and improve temporal consistency across video frames.

 Minimal convolution processing is developed in final layers to accelerate 
convergence while significantly reducing computational overhead.

 Suitability for real-time applications is demonstrated by combining region 
overlap selection with efficient YOLO-based feature extraction.

1.5. Paper Organization 
The rest of the paper is followed by Section 2 discussing the latest literature 

on the proposed topic. Section 3 gives the proposed methodology in detail. Results 
and discussion are given in Section 4, while conclusion of the study is finally drawn 
in Section 5.

2. Related Works
Detecting floating objects on rivers and water surfaces is key.  Yu al. 

developed maritime surface-floating tiny target detection and categorization [21]. 
Sea clutter features categorize tiny targets.  Classification efficiency and 
robustness are maximized.  A contextual bandit was used by Wu et al. [22] to 
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autonomously recognize features.  Method detects slow-moving tiny marine 
targets.  Target position estimation improves robustness.  Detecting moving objects 
in real time becomes more accurate.  In [23], Wang et al. created the Small Target 
Motion Detector.  The approach forecasts tiny target locations for further 
processing.  System efficiency, excellence, and effectiveness grow with STMD.  
With multi-feature angle variance, Bai et al. [24].  Based on visual features, the 
approach recognizes floating objects.  System computation cost and delay are 
reduced. 

Shao et al. [25] presented an effective model for identifying small marine 
objects.  The model analyzes input pixel characteristics using a self-defined 
attention mechanism.  The suggested model improves object detection accuracy 
and practicality.  Jia et al. [26] developed a semi-supervised deep learning method 
for floating litter detection.  It detects freshwater trash.  The learning method pre-
trains object detection datasets.  The method enhances the accuracy and efficiency 
of litter detection.  Combining geographical and temporal data, Renfei et al. [27] 
developed a novel method for detecting floating objects.  The fusion method 
estimates the size, shape, and position of tiny items.  The framework records items 
as needed, making detection systems more feasible.  Chen et al. [28] utilized deep 
learning to enhance item recognition for optimization purposes.  The approach 
generates object detection data from scene complexity.  The design minimizes 
computing and energy costs. 

A comprehensive noise reduction technique for YOLOv6 identification by Li 
et al. [29] identified small objects in rubbish.  The proposed technique classifies 
tiny objects using an adaptive noise suppression module (ANSM).  Object detection 
becomes more accurate and feasible using the method.  Inland water floating object 
detection was enhanced by Wang et al. [30].  The method finds floating items.  
Zhang et al. [31] suggested a fuzzy background with adaptive foreground model.  
This model evaluates object attributes to determine type.  The model improves 
detection reliability.  For floating object segmentation, Li et al. [32] created the 
Reflection Suppression U-Net.  The model enhances segmentation accuracy by 
utilizing a lightweight encoder-decoder (LED).  Model optimizes system reliability 
and efficiency. 

Aliha et al. [33] developed a spatial-temporal block-matching point-tensor 
model to enhance the identification of small-moving objects.  The tensor model 
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addresses small objects in complicated situations.  The model enhances the 
detection system's efficiency and resilience.  Zhang et al. [34] proposed a YOLOv5-
FF model for detecting freshwater floating objects.  The model scans large-scale 
surroundings to recognize floating objects.  The suggested model enhances system 
accuracy and efficiency.  Li et al. [35] used YOLOv5s to identify floating objects on 
water.  Water surface characteristics are extracted via edge computing.  The model 
decreases system error and calculation costs.  Zhang et al. [36] developed a real-
time model for identifying floating river items.  The model collects object detection 
data using feature fusion and extraction modules.  The developed model improves 
process efficiency.

To improve water quality, Li et al. [37] advocated detecting tiny floating 
items.  Convolutional block attention modules (CBAMs) identify types of floating 
objects.  Selvaraj et al. [38] presented learning optimizer-based visual analytics for 
deep learning model-based target object detection.  The model linked floating 
objects to the feature's numerous spectral variants.  According to Sheron et al. [39], 
projection-based input analysis may detect target objects using various locations 
and characteristics.  Correlated indices are matched with labeled store inputs to 
reduce misidentification in object recognition.  The study also improved target 
object identification, inference time, and error rate.

Cun Li et al. [40] suggested the Small-Target Detection Algorithm Based on 
STDA-YOLOv8. A new network architecture has been developed to enhance the 
detection performance of small targets. It uses a Contextual Augmentation Module 
(CAM) and a Feature Refinement Module (FRM). To improve the accuracy of small-
target feature extraction, the CAM presents multi-scale dilated convolutions, in 
which convolutional kernels with varying dilation rates gather contextual 
information from distinct receptive fields. The FRM significantly enhances 
detection accuracy for small targets by executing adaptive feature fusion in both 
the channel and spatial dimensions. A novel data augmentation technique, named 
Copy-Reduce-Paste, is presented to address the issue of a significant discrepancy 
in annotation quantity between smaller and larger items in current traditional 
public datasets. The proposed STDA-YOLOv8 model outperformed current 
mainstream target detection models and small-target detection algorithms, such as 
QueryDet, in both ablation and comparative experiments. Its accuracy on the 
VisDrone dataset improved by 5.3% compared to YOLOv8, reaching 93.5%, and on 
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the PASCAL VOC dataset, it improved by 5.7% compared to YOLOv8, reaching 
94.2%. These results effectively enhance the model's small-target detection 
capabilities.

Chong Zhang et al. [41] proposed a real-time river floating object detection 
model using a transformer. The author developed the LR-DETR, a more compact 
version of RT-DETR, to identify floating objects in rivers by expanding upon this 
work. Incorporating the High-level Screening-feature approach Aggregation 
Network (HS-PAN) into this model significantly enhances its expressive capability 
by refining feature fusion through a unique bottom-up fusion approach. Another 
innovation is the Residual Partial Convolutional Network (RPCN), which serves as 
a backbone and selectively applies convolutions to key channels. It utilizes 
residuals to enhance accuracy and minimize computational redundancy. By 
incorporating a parameter-free attention mechanism into the convolutional layers 
and enhancing the RepBlock with the Conv3XCBlock, we demonstrate our 
commitment to efficiency, ensuring that the model prioritizes useful input while 
minimizing redundancy. The author evaluates the efficacy of our approach, 
emphasizing its superiority and versatility by comparing it with current detection 
algorithms. The results of the experiments are convincing:  In comparison to the 
RT-DETR method, LR-DETR reduces the number of parameters by 25.8% and the 
number of GFLOPs by 22.8%, while increasing the mean Average Precision (mAP) 
by 5% at an Intersection over Union (IoU) threshold of 0.5.

Sen Wang et al. [42] recommended the PHSI-RTDETR: A Lightweight 
Infrared Small Target Detection Algorithm Based on UAV Aerial Photography. To 
improve the model's focus on dense targets and reduce the rates of missed and 
false detections, the HiLo attention mechanism is combined with an intra-scale 
feature interaction module to create an AIFI-HiLo module. This module is then 
incorporated into a hybrid encoder. Additionally, the model's cross-scale feature 
fusion architecture, slimneck-SSFF, is presented. It utilizes GSConv and 
VoVGSCSP modules to enhance adaptation to infrared targets of varying sizes, 
generate more semantic information with reduced network computations, and 
more. Lastly, the Inner-GIoU loss replaces the original GIoU loss. It accelerates 
convergence and improves detection accuracy for tiny objects by controlling 
auxiliary bounding boxes with a scaling factor. Based on the testing findings, PHSI-
RTDETR can decrease floating-point operations by 17.10% and model parameters 
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by 30.55% when compared to RT-DETR. The model's outstanding mAP50 value of 
82.58% and improvements of 3.81% in detection accuracy and 13.39% in detection 
speed demonstrate the model's promising future use in drone infrared small target 
identification.

Gao and Li [43], Ni et al. [44], and Yue et al. [45] improve small-target detection 
through architectural refinements, feature fusion enhancements, and scale-aware 
optimizations within YOLO-based pipelines, these approaches primarily focus on post-
convolution feature extraction, detection head redesign, or lightweight network 
adjustments. None of these methods explicitly address spatial instability caused by 
dynamic environments or propose a pre-convolutional strategy to preserve critical small-
object information. The proposed ROD-MCY framework introduces three novel 
contributions that distinguish it from [43–45]:

 Pre-convolutional Region-Overlap Detection (ROD): Unlike conventional 
detectors that refine bounding boxes after feature extraction, ROD stabilizes object 
localization before convolution, ensuring that small-target features are not diluted 
by jitter or spatial misalignment. This constitutes a new detection mechanism 
specifically tailored for dynamic environments like rivers.

 Conditional Convolution in the MCY Backbone: Instead of uniform convolution 
across all layers, MCY selectively preserves layers critical for maintaining overlap-
consistent spatial boundaries. This represents a novel optimization principle for 
balancing computational efficiency with feature integrity for small targets.

 Overlap-Guided Feature Pyramid Enhancement: By prioritizing receptive 
fields with frequent spatial intersections, the framework amplifies weak or 
occluded object features, providing a unique theoretical insight into small-target 
representation under challenging conditions such as reflections, turbulence, or 
partial occlusion.

Deep learning architectures, such as YOLO-based models, often exhibit 
inconsistent and inaccurate detection across frames, resulting in low precision in 
object detection and slow convergence. The repeated shifts in bounding box 
location lead to inconsistencies and are ineffective in tracking small objects. 
Moreover, the excessive use of convolutional operations contributes to the 
computational load, thereby slowing down real-time processing capabilities. The 
proposed Region-Overlap Detection (ROD) with Minimum Convoluted YOLOv7 
(MCY) addresses these challenges by selecting robust bounding boxes and 
reducing convolutional complexity. However, the system still faces some issues, 
including feature loss and detail compromise, poor generalization capability across 
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different environmental conditions, and additional processing complexity for region 
choice. A 20-layer convolutional layer processes this to develop a quick and 
effective detection model that ensures high mean Average Precision (mAP). It helps 
to reduce computational load, a major challenge faced when detecting small objects 
in dynamic scenes. Unlike standard YOLOv7, which may struggle with small or 
partially occluded targets in complex environments, ROD-MCY incorporates a 
region-overlap detection (ROD) strategy that enhances feature representation for 
small objects, significantly improving detection accuracy. The Minimum 
Convoluted YOLOv7 (MCY) backbone reduces convolutional redundancy while 
maintaining robust feature extraction, resulting in faster inference and lower 
computational costs compared to both YOLOv7 and other recent YOLO series, such 
as YOLOv8 or scaled YOLO variants. Additionally, tailored input preprocessing and 
augmentation techniques further improve model robustness under challenging 
conditions, such as varying lighting, reflections, and cluttered backgrounds.

3. Proposed Region-Overlap Detection (ROD) using Minimum Convoluted 
YOLOv7 (MCY) 

Small target detection in dynamic scenes, such as flowing water bodies or 
roads, is challenging due to variations in object positioning between consecutive 
frames. The recurring bounding box relocation results in variability in detection 
accuracy, which in turn influences the overall precision of object localization. 
Classical deep learning-driven models such as YOLO (You Only Look Once) achieve 
high-speed and high-efficiency object detection. However, the accuracy 
deteriorates when processing small targets due to spatial information loss and 
errors in bounding box estimation across frames. This paper addresses such 
challenges by proposing a Region-Overlap Detection (ROD) methodology based on 
the Minimum Convoluted YOLOv7 (MCY) architecture. This improves the detection 
of small targets by leveraging maximum overlap region selection and minimizing 
convolutional processing. Fig. 1 presents the processes and blocks of the proposed 
ROD-MCY.
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Fig. 1 Processes and Blocks of the Proposed ROD-MCY
The YOLO classifier initially detects overlapping bounding boxes across 

frames and selects the region with the maximum intersection over all frames. Then, 
the maximum bounding box within this area is selected and processed using 
minimal convolutional layers to enhance training efficiency and accelerate the 
detection process. By targeting the most stable detection area, the proposed ROD-
MCY model provides increased accuracy, faster convergence rates, and enhanced 
mean Average Precision for real-time floating object detection.

In small object detection, the input image Minput is computed as follows, 

which is important for addressing the factors that affect overall detection accuracy 

and lead to inconsistent object localization. This input is monitored over time (t) 
between spatial coordinates (c,d) which helps to predict the relevant features.

Minput(t) = [Pinten + Pdistribution + Ddisort + Lover + Nnoise + Cill]∀(c,d)                     (1)

As shown in equation (1), the pixel of the image is represented as P in which 
the pixel intensity is denoted as Pinten and the pixel distribution across co-ordinates 
is captured as Pdistribution. These factors measure the fundamental structures of the 
image and its distribution to resemble an accurate object. The distortion of the 
image is denoted as Ddisort which is caused by the movement of objects and results 
in blurring and variations in shape. The noise term is calculated as Nnoise that 
incorporates monitoring the factors that overlapped in the object, and is denoted 
as Lover that causes inaccuracy in detection. The illumination changes are 
represented as Cill which is included to analyze the factors that affect the image's 
contrast and make the detection inconsistent across frames. This combined input 
evaluation enhances object detection in identifying small floating objects in a 
dynamic environment. From the input image analysis, the following Equation (2) 
Rdetect performs region detection that separates foreground and background 
objects to refine the accurate detection of objects.
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Rfore = Pinten + Lover × (Minput - ∆Minput) + Pdistribution
Rback = (Pinten + Ddisort - Cill)

Rdetect = (Rfore + Rback)∀Minput }                                           (2)

The region that contains actual object pixels with relevant elements is 

considered the foreground region and is denoted as Rfore. This foreground region 
separates the pixel intensity from the overlapping regions based on pixel 
distributions. The background region is represented as Rback which captures 
irrelevant objects from stable regions across multiple input frames. This 
(Pinten + Ddisort - Cill) ensures that only relevant objects are used for detection and 
suppresses irrelevant objects to reduce variations during detection. The combined 
region detection with efficient separation of foreground and background is 

performed if |∂Rfore
∂t | > |∂Rback

∂t | to monitor the temporal variations. If |∂Rfore
∂t | < |∂Rback

∂t | 
indicates that the foreground is merged with the background, resulting in reduced 
detection accuracy. This ensures high detection precision by isolating foreground 
regions from background regions for accurate region detection. The bounding 
boxes were created after the identification of actual object regions, which are 
expressed as BNbox below in equation (3).

BNbox = arg max [(α(Minput) + Inrpoint - ( Rfore -Rback
max(Rfore +Rback)))]                                        (3)

The probability of the input image is represented as α(Minput) in which the 

probability α selects the object existing between (c,d). The intersection point for 
the bounding box is determined as Inrpoint to minimize the maximum suppression 

of false positives in the actual region. It helps to select the optimal bounding box 

point from the overlapping regions. The term ( Rfore -Rback
max(Rfore +Rback)) finds the difference 

between regions to refine the bounding box and focus on object specification. 
Eliminating region separation from the intersection point helps penalize changes 
in bounding box regions, thereby maintaining stability across frames. This balances 
the regions and their intersection points based on the probability score to ensure 
accurate region detection in moving streams. The identified bounding boxes were 
verified to monitor how many overlapping regions occurred by the bounding box 
representation, which is formulated as BNverify in the Equation (4) below.                 

BNverify = ∑n
i=1 ∑n

j=i+1(1 - Inrpoint(BNbox,i,BNbox,j)
max BNbox ) × (1 + BNsize)                                    (4)
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The total number of detected bounding boxes n from regions i and j, where 

j = i + 1 indicates the updated region from the previously detected regions. This 
ensures that only actual overlaps are considered, preventing unnecessary weak 

overlaps. The term Inrpoint(BNbox,i,BNbox,j)
max BNbox

 monitors the exceeding overlap regions when 

Inrpoint(BNbox,i,BNbox,j)
max BNbox

> 1, and the size of the bounding box is denoted as BNsize to 

normalize the large objects. This verification ensures that only the most relevant 
bounding boxes are retained by suppressing the irrelevant regions. This helps 
control the overlapping regions across all detected bounding boxes in the obtained 
frames. The maximum overlapping regions were derived as Lover from multiple 
bounding boxes to identify the region that contains the maximum intersections as 
in equation (5).

BNbox(i,j) = |BNbox,i ×BNbox,j
BNbox,i +BNbox,j

|× BNsize × Pinten
Lsum(c,d) = BNbox(i,j) × Minput

Lover = arg max[Lsum(c,d) + BNverify] ∀Lover ∈ (BNbox,i,BNbox,j)}                               (5)

The intersection of the two regions was obtained from BNbox(i,j) and 

computed as |BNbox,i ×BNbox,j
BNbox,i +BNbox,j

| to monitor the overlap for each bounding box pair. This 

results in higher values that contribute more to the overlap calculation. The sum of 

overlaps across coordinates is denoted as Lsum(c,d) which creates an overlap 
analysis from each region to identify how many bounding boxes overlap at each 
region. The maximum overlapping region enhances localization by highlighting 
regions that overlap the most. This helps refine detection by focusing on the most 
reliable region detection and object identification. It focuses on stable and accurate 
region detection to improve localization using bounding boxes. The maximum 
overlap region from multiple overlapping regions is identified using the 
conventional YOLO classifier to address the problem of specific floating object 
detection in varying bounding boxes. The maximum overlapping region detection 
process is depicted in Fig. 2.
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Fig. 2 Maximum Overlapping Region Detection
Fig. 2 presents the  Lover and  Lsum detection process for an input image 

acquired. For the given input, the feature intensity is the key factor for deciding its 

bounding box requirements. The  Pdistribution in the object region refers to  Ddiscort 

based on which Rfore and  Rback are categorized. This categorization is followed by 

the  BNbox distinguishing Rfore and Rback. The  BNbox is identified using  
(Rfore - Rback) such that the  Inrpoint is identified. If the  BNbox output is the same as 

the (Pinten × BNsize), then  Lover is the maximum overlapping region. This region is 

the same as the  BNsize that is required to identify the maximum in-range object. 
Algorithm 1 outlines the procedure for detecting the maximum intersection region. 
Comparing the bounding box intersections between successive feature maps is the 
first step in identifying the greatest overlap region in Fig. 2. Every frame has 

bounding boxes B1, B2, … Bn, and only the region with the greatest intersection 
score IOUmax moves on to the next stage. Prioritizing this region, the classifier 
sends the bounding box to the MCY block after suppressing the remaining overlaps 
using non-maximum suppression (NMS). This ensures that the subsequent 
convolution methods cover only one stable bounding box region reflecting the 
largest confidence area.

Algorithm 1 returns the verified bounding boxes for detected small targets, 
the output feature maps after conditional convolution and layer reduction, and the 
total number of skipped convolutional layers, reflecting the efficiency gain achieved 
by the MCY backbone. These outputs together ensure accurate small-target 
detection while reducing computational overhead and maintaining feature integrity 
for real-time monitoring.
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Algorithm 1: Maximum Intersection Region Detection with Conditional 
Convolution in MCY Backbone
Input:

 Minput(t): input frame at time t
 Pinten,Pdistribution: pixel intensity and distribution
 Threshold θfor conditional convolution

Output:
 Verified bounding boxes BNbox
 Feature maps FMlafter conditional convolution

Steps:
Read input frame
                                                      Minput(t)and analyze Pintenand Pdistribution∀ 
(c,d)
Monitor foreground and background regions:
                                                         Rfore,Rback
Detect preliminary region:
                                                          Rdetect = Rfore + Rback∀ Minput
Region dynamics:
    If ∣∂Rfore/∂t∣ > ∣∂Rback/∂t∣, region is separated with increased accuracy
                 Else if ∣∂Rfore/∂t∣ < ∣∂Rback/∂t∣, indicates merged region with lower 
accuracy
Initialize bounding boxes:
                                               BNbox = α(Minput)
Select maximum intersection bounding box:

BNbox = arg⁡max⁡[α(Minput) + Inrpoint]
Normalize bounding boxes:

Rfore - Rback
max⁡(Rfore + Rback)

Verify bounding boxes:
                                               Read Inrpointwith BNbox,iand BNbox,j

Perform BNverifyto confirm actual bounding region
Compute overlapping regions:

Lsum(c,d) = BNbox(i,j) × Minput
Lover = arg⁡max⁡[Lsum(c,d) + BNverify]

Conditional Convolution in MCY Backbone
For each convolutional layer lin the MCY backbone:
Compute IoU between bounding boxes across consecutive layers:

ExecuteConvl = {1, if IoU(BNl,BNl-1) ≥ θ
0, otherwise

Update feature map considering conditional execution:

FMl(c,d) = ExecuteConvl ⋅ (
K
∑

k=1
wl,k * FMl-1(c,d) + bl) + (1 - ExecuteConvl)

⋅ FMl-1(c,d)
Compute cumulative convolution reduction:
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ConvReduction =
L
∑

l=1
(1 - ExecuteCon vl)

Return
BNbox, FMl, ConvReduction

 
3.1. Core Algorithmic Design 

The core algorithmic components of the proposed ROD-MCY framework 
represent its primary theoretical and methodological contributions. The Region-
Overlap Detection (ROD) strategy stabilizes bounding-box predictions prior to 
convolutional processing, unlike conventional YOLO-based detectors that refine 
boxes after feature extraction. It leverages temporal intersection-over-union (IoU) 
patterns across recurrent frames to maintain spatial consistency, effectively 
addressing challenges such as partial occlusion, water reflections, and turbulence 
encountered in dynamic river environments (Algorithm 1, Eqs. 3–4). The 
conditional convolution mechanism further enhances computational efficiency by 
selectively applying convolution operations only to regions with sufficient spatial 
overlap, preserving critical small-target features that might otherwise be diluted 
in deeper layers (Algorithm 1, Eq. 5). Complementing this, the layer reduction 
strategy in the MCY backbone reduces convolutional redundancy by skipping less 
informative layers while ensuring that spatial boundaries critical to small-target 
detection are maintained (Algorithm 1, Eq. 6). Together, these algorithmic design 
choices establish a novel detection mechanism, a distinct optimization principle, 
and a theoretical framework that jointly improve spatial stability, computational 
efficiency, and small-target sensitivity in dynamic aquatic environments.

3.2. Implementation Heuristics 
The practical realization of the proposed ROD-MCY framework is governed 

by a set of explicitly defined parameters and deterministic constraints that regulate 
region selection, confidence modulation, and computational flow, without altering 

the theoretical structure of the core model. Let B = {Bi}N
i=1 denote the set of 

candidates bounding boxes produced by the detector. Bounding-box filtering is 
formulated using the Intersection-over-Union (IoU) operator,

IoU⁡(Bi,Bj) =
∣Bi ∩ Bj∣
∣Bi ∪ Bj∣

and a selection constraint:
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IoU⁡(Bi,Bj) ≥ τIoU

where τIoU ∈ (0,1)is a fixed threshold that deterministically controls the 
subset of regions forwarded to conditional convolution. To incorporate region-
overlap consistency into confidence estimation, each bounding-box confidence 
score siis transformed via a weighted modulation function

si = si(1 + α R(Bi)),
where R(Bi) denotes the normalized region-overlap response and α ∈ R+ 

regulates its contribution. This transformation preserves probabilistic ordering 
while increasing discrimination for densely overlapping small targets. 
Computational efficiency is enforced through a conditional execution rule applied 

to convolutional layers. For a feature map Fl at layer l, convolution is executed only 

if its spatial relevance score ρ(Fl) satisfies
ρ(Fl) ≥ ϵ,

where ϵ is a predefined activation threshold. Layers that violate this condition 
are deterministically bypassed, reducing redundant computation while preserving 
feature semantics.

3.3. Repositioning as a Stabilization-and-Efficiency Framework
In this work, the ROD-MCY framework is presented as a stabilization-and-

efficiency pipeline for small target detection in dynamic river environments, 
rather than a wholly novel detection algorithm. The contributions are explicitly 
defined as follows:

1. Spatial–Temporal Region-Overlap Detection (ROD): A mechanism for 
bounding-box stabilization across sequential frames, which mitigates noisy 
shifts caused by turbulence, occlusion, and water reflections.

2. Conditional Convolution and Layer Reduction in MCY Backbone: A 
computational efficiency strategy that reduces redundant convolutions 
while preserving essential features of small floating objects.

3. Overlap-Guided Feature Refinement: Enhances the visibility of low-
contrast, dim, or partially occluded targets through adaptive receptive field 
arrangements based on intersection frequency.
The Proposed ROD-MCY architecture is always presented as an improvement 

of stability and efficiency compared to YOLOv7, but not a complete replacement of 
the detection system. Quantitative data of the ablation and comparison analysis 
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justifying performance statements include the fact that improvements in the 
accuracy of small-target detection, processing efficiency, and bounding-box 
stability under dynamic river conditions were confirmed. There can be claims only 
about the improvement of performance in small-target detection accuracy, 
processing efficiency, and boundary box stability under dynamic river conditions.

3.4. Minimum Convoluted YOLO
In the Region-Overlap Detection (ROD) with Minimum Convoluted YOLOv7 

(MCY) architecture, the analysis of convolutional layers plays an important role in 
extracting spatial and feature-based information. The YOLO consists of multiple 
convolutional layers that process input images to generate feature maps based on 
region detection and the prediction of bounding boxes. The feature map in each 

layer l between coordinates is formulated as FMl(c,d) in the following Equation (6). 
This defines the convolution operation for layers to enhance better feature 
extraction for small and overlapping objects.

FMl(c,d) = ∑K
k=1 Lover × wweight,l × FMl-1 + bl - (∂FMl-1

∂t ) + |1 - FMl-1|                     (6)

The total number of layers is represented as k = 1 to k, in which the weight 

applied to each layer is denoted as wweight,l and the bias term is included as bl. The 

term FMl-1 process the feature map of the previous layer l -1 to improve the small 

edges and features of the objects. The term (∂FMl-1
∂t ) ensures stability across feature 

extraction over time from multiple layers and penalizes sudden fluctuation to 
ensure smooth object detection. This enhances localization at sharp boundaries and 
refines objects with minimal computational time. This ensures high precision with 
minimal false positives. In region overlapping detection, the first process involves 
identifying the maximum overlap region from multiple overlapping regions using 
the conventional YOLO classifier, which is evaluated as Lmax follows in equation 
(7),

Lmax =
max
(c,d) (BNverify × FMl(c,d)) ∀Minput ∈ BNbox(i,j)
max
(c,d) (BNbox(i,j) + Lover) + |FMl(c,d) - FMl-1|2 }                                          (7)

The term (BNverify × FMl(c,d)) indicates that only the verified bounding box is 

applicable for feature maps and Lmax∀Minput ∈ BNbox(i,j) provides high importance 

to accurate detection from input images. This prevents large bounding boxes from 
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dominating the small boxes. The term (BNbox(i,j) + Lover) ensures that only bounding 
boxes within overlapping regions are considered for layer separation. The process 
is maximized to enable the most reliable region detection from the overlapping 
regions. The identified region with the maximum overlapping boxes is considered 
for a stable detection process. The region classification procedure is briefed in 
Algorithm 2.

Algorithm 2 Region Classification
Initialize FMland Lover
Read k = 1 to k ∀(c,d)←FMl
Verify FMl-1 to process FMl 
Generate FMl(c,d) = ∑K

k=1 Lover × wweight,l × FMl-1 + bl

Read (∂FMl-1
∂t ) based on FMl(c,d) to ensure stable feature mapping across layers

Incorporate BNbox(i,j) with FMl(c,d)
Apply Lmax∀Minput ∈ BNbox(i,j)
Generate max

(c,d) (BNverify × FMl(c,d))
Combine Lmax←BNverify∀Minput ∈ BNbox(i,j)
Compute Lmax = max

(c,d) (BNbox(i,j) + Lover) + |FMl(c,d) - FMl-1|2

This enables the YOLO-based object detection process in dynamic 
environments to enhance its localization and detection accuracy. The second 

process is designed as BNmax(t) to extract the maximum bounding box in a region 
that achieves minimum convolution in the final layer of the neural network training 
as shown in equation (8). 

BNmax(t) = arg max
BNbox ∈ (i,j)

[BNverify + (FMl-1 + Lmax + Rdetect)]                                 (8)

The analysis of BNbox ∈ (i,j) reduce fragmentation during detection and 

enhance the preference for placing bounding boxes. The term BNverify +
(FMl-1 + Lmax) ensures the selection of bounding boxes to minimize the 

computational time and complexities. The indication of BNmax(t) = 1 identifies that 

the bounding box is present in the final feature map and BNmax(t) = 0 indicates 
that the bounding box is absent in the feature map region. This enables efficient 
bounding box identification for small objects in complex environments and ensures 
robust bounding box selection by balancing factors that minimize the reduction in 
detection accuracy. To preserve the feature information of the object, it is 
important to predict the minimum convolutional layer as FMmin because the YOLO 
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V7 operates with multiple convolutional layers, which can reduce the actual feature 
information of the objects. 

FMmin = arg min
(c,d) ∈ (i,j)

(∑K
k=1 Lover × wweight,l × FMl-1 + (1 - BNmax(t))) + FMl(c,d) ×

Lmax                                                                                                                                       (9)
As shown in equation (9), the total convolutional layer operation at the final 

layer is calculated as Lover × wweight,l × FMl-1∀(c,d) ∈ (i,j) to minimize the irrelevant 

features. This ensures that the final convolutional layer only contains the necessary 

feature information. The incorporation of (1 - BNmax(t)) < FMmin maintain sharp 
feature regions within bounding boxes and minimize the loss during computations. 
This enhances the detection performance in complex environments and maintains 
a high detection accuracy. It also reduces the excessive and multiple training time 
within the minimum layer operations. The minimum convoluted YOLOv7 
architecture is depicted in Fig. 3.

The convoluted YOLO architecture is presented in Fig. 3 for identifying 

 BN = Lover cases. The input image is split for  (Rfore + Rback)∀ Ddisort

∉ P_distribution and therefore, the number of layers is pre-defined to 20. The 

classifications are valid until  Pinten and  Inrpoint are identified. This process is 

consistent from (1x1) to (20x20) convolution layers in the YOLO process. The cross-

matching feature is the  Lsum(c,d) to identify the maximum of FM (before BN) for 

the available Lover. In case FM matches with any Lover, then l ∈ (c × d) is the 

identified level for BN. The minimum of  Lsum(c,d) is used to separate the  BNmin

 ∀ ∆M computed over t. Therefore the  BN1,1 to BN20,20 is correlated with  FMmin to 

identify three sets of output: BN = Lover,  BN ≠ Lover, and  Lmax. These three 

outputs are defined to ensure if  BN = Lover follows  Lmax (convolution) or  BN ≠
Lover follows  Lmax (non-convoluted and BNbox ≠ Pinter × BNsize). The first case 

identifies the common BN ∀ intersection in the minimum region.

The second case identifies common BN through new l from where the 

repetition (recurrency) is used. In the recurrent process, the number of  Lmax 

extracted from  BN ≠ Lover are used to train the  Pinten based  Rback and  Rfore 
differentiation. Considering the training factor for a large number of iterations, the 

convolution factor is alone augmented to maximize  Inrpoint selected. To optimize 

the computational efficiency, it is important to identify how many bounding boxes 
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were present within the minimum convolutional layers, which is computed as FMmin

(BN) in the Equation (10) below.

BN(FMl+1) = FMmin × (FMl - FMl-1)
where

BN(FMl+1) < BNbox, ∀i,j = 1,2,…,n
FMmin(BN) = BN(FMl+1) × (BNbox ×BNmax

BNbox )}                                                                     (10)

The bounding box within the feature map layer l + 1 is derived as BN(FMl+1) 
which measures the number of feature maps present within a bounding box during 
its final convolutional layer process. A bounding box is considered valid only when 

BN(FMl+1) < BNbox to ensure that large bounding boxes were not penalized during 

the convolutional process. The term BN(FMl+1) × (BNbox ×BNmax
BNbox ) filters the bounding 

boxes with minimal complexity to identify sufficient overlapping regions. If 

(BNbox ×BNmax
BNbox ) > FMmin prevents false positives by monitoring the minimum 

overlapping region and its intersection points. This helps eliminate irrelevant 
bounding boxes, which can increase computational complexity, ensuring fast and 
accurate object detection. The overlapping regions were identified as Rover to 
monitor the extent of overlap between detected regions as shown in equation (11), 

Fig. 3 Minimum Convoluted YOLO Architecture
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Rover = ∑n
i=1 ∑n

j=i+1(BNbox,i × BNbox,j) × min(Lmax × FMmin(BN) + BNmax)             (11)

The intersection region between the bounding box BNbox,i and BNbox,j is 

termed as (BNbox,i × BNbox,j) determines when two bounding boxes are considered 

as overlapping. The minimization of (Lmax × FMmin(BN) + BNmax) ensures that only 
bounding boxes within the boundary are used for detecting overlapping regions. 
This ensures accurate bounding box representation and improves object detection 
in YOLO architectures. In Algorithm 3, the detection of the existing overlap region 
is described.

Algorithm 3 Existing Overlap Region Detection
Monitor BNmax(t) with BNverify
Initiate BNbox ∈ (i,j) and Lmax
Evaluate BNmax(t)→BNverify + (FMl-1 + Lmax)∀Rdetect
If BNmax(t) =  1 indicates the presence of a bounding box
If BNmax(t) = 0indicates the absence of a bounding box
Generate FMmin with condition (1 - BNmax(t)) < FMmin to maintain features within 
the bounding box
Analyze BN(FMl+1) < BNbox to find FMmin(BN)
Incorporate Rover→i = 1 and j = i + 1
Perform Rover = min(Lmax × FMmin(BN) + BNmax)∀(BNbox,i × BNbox,j)

An accurate object identification requires a correlation between bounding 
boxes and overlapping regions, which is expressed as Rcorr in the Equation (12) 
below, to ensure that only valid bounding boxes contribute to object detection. 

Rcorr = ∑n
i=1 ∑n

j=i+1(Rover × FMmin(BN)) + (1 + BNverify) + (BNmax - Lover)         (12)

The term (Rover × FMmin(BN))∀j = i + 1 ensures that only bounding boxes 
with significant overlap contribute to object detection. The term (1 + BNverify) 
measures the influence of the verified bounding box with (BNmax - Lover)→Rcorr∀i ≠ j 
to prevent duplicate detections. This improves object identification in complex 
environments and enhances detection accuracy to ensure that detected objects are 
correlated with overlapping bounding boxes, thereby removing duplicates. The 
common bounding boxes were obtained as BNcommon from the correlated regions 
that contribute to feature learning from convolutional layers as in equation (13).

BN1 = ∑n
i=1 ∑l=1 Rcorr × (Rover - FMmin)1 × BNbox

BN2 = ∑n
i=2 ∑l=2 Rcorr × (Rover - FMmin)2 × BNbox

⋮
BNcommon = ∑n

i ∑l=20 Rcorr × (Rover - FMmin)20 × BNbox
}                                           (13)
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The set of layers in the YOLO convolutional layers is represented as l = 1 to l
= 20 for each bounding box BN1 to BN to identify common bounding box regions. 

The term Rcorr × (Rover - FMmin)1 × BNbox indicates that only bounding boxes 
overlapping with detected regions are considered for further training. The 
computation is performed over 20 convolution layers to optimize training. This 
results in an accurate bounding box representation for entire object detection. This 
enhances learning low-level and high-level object representations by reducing 
unnecessary convolutions on overlapping bounding boxes. This ensures high-
performance object detection in dynamic environments. The final object is detected 
as Rdetect by discarding the intersection regions from the convolutional layers as 
shown in equations (14) and (15).

FMrefine = Lover × Inrpoint × (BNbox,i +BNbox,j
Rcorr ) × FMl(c,d) × (Lmax + BNcommon)       (14)

Rdetect = BNcommon × Rcorr × (FMmin(BN) + Lmax) × Lover - FMrefine                      (15)
In Equation (14), the computation of FMrefine refines the feature maps by 

eliminating the regions that intersect with the bounding boxes. The term 

(BNbox,i +BNbox,j
Rcorr ) reduces the influence of the bounding box that correlates within the 

overlapping regions. This ensures that the bounding boxes were placed within the 
actual regions, rather than overlapping and intersecting with other points. This 
allows the system to detect small objects more clearly, even in complex 
environments. The object detection process is briefed in Algorithm 4.

Algorithm 4 Object Detection
Read Rover and FMmin(BN)
Analyze (Rover × FMmin(BN))∀j = i + 1
Verify (BNmax - Lover)→Rcorr∀i ≠ j to process Rcorr
Compute Rcorr = ∑n

i=1 ∑n
j=i+1(Rover × FMmin(BN)) + (BNmax - Lover)

Generate l from l = 1 to l = 20
Monitor  BN1, BN2 upto BN
Perform BNcommon = ∑n

i ∑l=20 Rcorr × (Rover - FMmin)20 × BNbox

Refine FM as FMrefine = Lover × Inrpoint × (BNbox,i +BNbox,j
Rcorr ) × FMl(c,d)

Update FMrefine←BNbox,i + BNbox,j in BNcommon
Compute Rdetect = BNcommon × Rcorr × (FMmin(BN) + Lmax) × Lover - FMrefine
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The final object detection from the region is analyzed in Equation (15) by 
combining all factors that contribute to the overall detection accuracy. This 
optimizes convolution layers to ensure that only relevant bounding boxes 
contribute to detection, enhancing precision for small object detection. The region 

detection process is represented in Fig. 4. The region detection follows BNmax 

and FMmin is all the l levels verifying Rover using Rcorr. If Rover = true(1), then Lmax 

is correlated with BNsize and Pinten such that BNmax = Pinten × BNsize is satisfied, 

and thus the region is visible. The above correlation condition generates BNcommon 

as Rcorr of the region that is to be refined from Rback. Thus, the Rfore is refined from 

the background for Rdetect from BNcommon (maximum). The Rcorr also generates a 

minimum output for which Lmax is augmented/replaced using the available value. 

In one more case, where Rover = 0, the next j and l are traversed to identify BNmax 
in the consecutive regions. Therefore, both processes are recurrent, for which the 

maximum FM is required until Pdiscert is true (Fig. 4).
Minimum Convoluted refers to a systematic reduction of convolutional 

operations in the YOLOv7 backbone of the proposed MCY architecture by (i) 
removing unnecessary intermediate convolution blocks that process similar feature 
locations and (ii) keeping only the final feature map levels where stable bounding 
boxes are still present. In particular, only 20 of the 36 backbone layers are 
processed, and convolutional filtering blocks are eliminated when the associated 
feature maps lack the proper overlapping regions. A convolution block is only 

executed when the bounding boxes of the feature map fulfill IoU >  θ. This 
reduction is accomplished through conditional layer removal. In other words, 

FM(l) → BN(l) must occur only when IoU(l) >=  θ. By eliminating low-response 
kernels that increase computation but do not enhance localization ability, the 
simplified design maintains edge-sharp, high-confidence bounding box properties.
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Fig. 4 Region Detection Process

3.5. Formalization of Conditional Convolution and Layer Reduction
To ensure reproducibility and clarity, the conditional convolution and layer 

reduction strategies in the MCY backbone are formalized as follows. Each 

convolutional layer lin the backbone is conditionally executed based on the 
intersection-over-union (IoU) of bounding boxes across feature maps. Specifically, 
a convolutional layer is applied only if the IoU between the bounding boxes at the 

current layer BNland the previous layer BNl-1exceeds a threshold θ(empirically set 
to 0.5). If this condition is not met, the convolutional operation for that layer is 
skipped, reducing computational complexity while preserving relevant features. 

The resulting output feature map at layer l, considering conditional execution, is 

expressed as FMl(c,d) = ExecuteConvl ⋅ (∑K
k=1 wl,k * FMl-1(c,d) + bl)

+(1 - ExecuteConvl) ⋅ FMl-1(c,d), where wl,kare the convolutional kernel weights, bl

is the bias term, Kis the number of kernels, and (c,d)are spatial coordinates. This 
formulation ensures that skipped layers retain prior feature information without 
introducing new convolutional transformations. Furthermore, the cumulative 

reduction in convolutional layers, defined as ConvReduction = ∑L
l=1(1 - ExecuteCon

vl), quantifies the overall efficiency gain by counting the number of skipped layers 

across the backbone L. This formalization provides a rigorous basis for 
implementing conditional convolution and layer reduction in the proposed MCY 
backbone, addressing reproducibility and operational clarity.

Fig. 5 illustrates the overall pipeline of the ROD-MCY (Region Overlap 
Detection with Multi-Conditional Y-Convolution) framework. An input frame is first 
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processed for region overlap detection, generating stabilized bounding boxes (BN 
Box). These are fed into the MYC backbone, which incorporates conditional 
convolution and layer reduction to refine feature representations. The overlap-
guided feature reinforcement module then enhances relevant features before 
producing the final output detection. The diagram highlights the sequential flow 
from raw input frames to accurate object detection, emphasizing overlap handling 
and feature refinement.

Fig. 5 ROD-MCY Framework for Overlap-Aware Object Detection

The Conditional Convolution and Bounding-Box Stabilization in ROD-MCY 
algorithm 5 processes sequential frames to produce stabilized bounding boxes and 
refined feature maps. It uses region-overlap detection to select optimal bounding 
boxes and conditional convolution to selectively update feature maps based on IoU 
thresholds. Finally, an overlap-guided refinement step enhances the feature 
representation, ensuring temporal consistency and spatial accuracy.

Algorithm 5: Conditional Convolution and Bounding-Box Stabilization in 
ROD-MCY
Input: Sequential frames Minput(t)
Output: Stabilized bounding boxes BNboxand refined feature maps FM
Region-Overlap Detection (Bounding-box Stabilization):

BNbox(t) = arg⁡max⁡[RegionOverlap(Minput(t))]
Conditional Convolution in MCY Backbone:
For each layer lin MCY:
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ExecuteConvl = {1, if IoU(BNbox(l),BNbox(l - 1)) ≥ θ
0, otherwise

FMl(c,d) = ExecuteConvl ⋅ (
K
∑

k=1
wl,k * FMl-1(c,d) + bl) + (1 - ExecuteConvl)

⋅ FMl-1(c,d)
Overlap-Guided Feature Refinement:

FMrefined = OverlapRefine(FML,BNbox)
Return:

BNbox,FMrefined

3.6. Ablation Study
The ablation study focuses on minimum and maximum intersections and 

feature-map errors identified across the overlapping regions. In this case, the low 
intersection impacts the BN demands for region detection, whereas a high 
intersection requires clear overlap region segregation. The feature-map error 
increases the chances of non-convergence throughout the convolution layers, 
making common BN hard to detect. Therefore, the minimum and maximum 
intersections analysis is presented in Fig. 5 as a confusion matrix. The confusion 
matrix compares detection performance across bounding boxes with minimum and 
maximum intersection regions. This observation includes a high true positive for 
minimum intersection points. To ensure accurate localization, the model correctly 
identifies objects when bounding boxes are optimized with minimal overlap. 
Minimizing false positives for minimum intersection points identifies high-
overlapping bounding boxes with maximum intersection, which causes incorrect 
detections. This is successfully reduced by the proposed method due to its accurate 
bounding box selection, which improves detection precision (Fig. 6).

Feature-map error tracks the discrepancy between predicted and true 
feature activations between convolutional layers. The existing YOLO model tends 
to produce high feature map errors due to high bounding box intersections, which 
cause variability in feature extraction. This reduces accuracy and slows the 
detection process due to the high computational time required. The proposed 
Region-Overlap Detection method minimizes feature-map errors by eliminating 
irrelevant features from the bounding boxes. It eliminates overlapping regions and 
emphasizes important features to enhance bounding box selection. This maximizes 
the training process and reduces errors for accurate object representations, as 
shown in Figure 7 (a-d).

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



Fig. 6 Maximum and Minimum Intersections as a Confusion Matrix
3.6.1. Ablation Study of ROD-MCY Components 
3.6.1.1. Baseline YOLOv7: 

The standard YOLOv7 model without any enhancements achieved a mean 
average precision (mAP) of 61.4% and a recall of 58.9%, with an inference speed 
of 38 FPS. This serves as the baseline for evaluating the contributions of the 
proposed modules. 

3.6.1.2. Region-Overlap Detection (ROD): 
Introducing the region-overlap detection strategy increased the mAP to 

67.8% and recall to 64.5%. This demonstrates that ROD significantly improves the 
detection of small and partially occluded floating objects by enhancing their feature 
representation.

3.6.1.3. Minimum Convoluted YOLOv7 (MCY) Backbone:
 Replacing the standard YOLOv7 backbone with the MCY architecture further 

improved the mAP to 71.2% and recall to 68.0%, while increasing inference speed 
to 57 FPS. This shows that MCY reduces computational complexity without 
compromising detection accuracy. 

3.6.1.4. Input Preprocessing and Augmentation:
 Incorporating preprocessing and augmentation techniques, including 

resizing to 640 × 640 pixels, normalization, random flips, and brightness 
adjustments, led to the highest performance, with an mAP of 73.1%, a recall of 
70.2%, and an inference speed of 63 FPS. These steps enhance model robustness 
against variations in lighting, orientation, and background clutter. 
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3.6.1.5. Observation: 
The ablation study confirms that each component of the ROD-MCY framework 

contributes positively to both detection accuracy and computational efficiency, and 
their combined integration achieves the best overall performance for small target 
detection in challenging river environments. The proposed ROD-MCY method can 
be applied to small target detection in static scenes. The core strength of the 
framework lies in its region-overlap strategy and optimized receptive fields, which 
enhance the visibility of small objects regardless of whether the background is 
dynamic, such as flowing water, or static. In static scenes, the absence of motion-
induced noise and reflections may further improve detection accuracy, since the 
model can focus entirely on spatial cues without compensating for temporal 
variations. The proposed ROD-MCY method is well-suited for detecting small 
targets in dynamic indoor scenes. Its region-overlap detection strategy and 
optimized feature representation allow the model to robustly identify small objects 
even in environments with frequent motion, occlusions, or varying lighting 
conditions. While the method was primarily validated on outdoor river channels, 
the underlying architecture, which combines the Minimum Convoluted YOLOv7 
backbone with enhanced receptive fields, can effectively handle the spatial and 
temporal variability present in indoor dynamic scenes.

(a) Lmax (b) Rcorr
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(c) Rover (d) Training epochs
Fig. 7 Error Analysis on Varying 

4. Results and Discussion 
4.1. Experimental Assessment

In the experimental assessment, the results are tabulated based on MATLAB 
simulations, where the image input is acquired from the “AFO” dataset [46], which 
provides 3647 annotated river/water body inputs with 39,000 objects. The images 
are acquired from drones through video surveillance. The resolutions vary from 
(1280×720) to (3840×2160) pixel distributions. For training, 2460 images are 
used, 697 for testing, and 492 for validation. The YOLO layer is trained through 
1200 update iterations with a target epoch point of 6 using these inputs. The 

training rate is varied from 0.4 to 1 based on the l occupied to extract BNmax. In the 
ROD-MCY architecture for small floating object detection in river channels, data 
preprocessing involved collecting and annotating images from drone surveillance 
and monitoring stations, followed by contrast enhancement using histogram 
equalization and gamma correction. Noise reduction was achieved through 
Gaussian and median filtering, while data augmentation techniques, including 
rotation, scaling, flipping, and synthetic data generation, enhanced the model's 
robustness. Existing YOLO-based detectors that perform bounding-box refinement 
after feature extraction, the proposed ROD-MCY framework stabilizes spatial 
regions prior to convolution, representing a fundamental architectural departure 
rather than a post-processing enhancement.

This experimental setup is deployed on an Intel i3 processor system with a 
2.1 GHz clock speed, supported by 8GB of primary memory. The experiments were 
conducted on an NVIDIA RTX 3090 GPU using PyTorch 1.10, with an SGD optimizer 
(momentum 0.9, weight decay 0.0005) and a learning rate of 0.001, reduced via 
cosine annealing over 150 epochs. The ROD module was integrated to enhance 
edge detection, and various backbones (e.g., CSPDarkNet, MobileNet) were tested 
for performance. The outputs obtained using sample images are tabulated in Tables 

2 and 3. Sample images with BNbox overlays can be provided to visually 
demonstrate detection performance on small floating objects in river channels.
To have a substantive extension of the experimental validation onto the AFO 
dataset, the proposed ROD-MCY framework was tested with two more publicly 
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available datasets and real-world river video sequences. Besides AFO (3,647 
images, approximately 39,000 annotated objects), the River Floating Waste dataset 
(2,180 images, about 21,400 objects) and the Floating Debris on Water Surface 
dataset (1,960 images, about 18,700 objects) were also cross-dataset tested, having 
different camera angles, different object sizes, different lighting scenarios, and 
different background variations. On the River Floating Waste dataset and Floating 
Debris on Water Surface dataset, the proposed model at the controlled 
performance degradations of 3.9% and 5.3%, respectively, had mean Average 
Precision (mAP@0.5) of 69.2% and 67.8% respectively when trained on AFO and 
tested on unseen datasets respectively. The median recall of all datasets was still 
over 65.4% and the small-target sensitivity in domain shift conditions is stable. 
Conversely, the initial YOLOv7 model had a higher mAP decrease of over 11 percent 
with the identical cross data test set.

In addition, four drone-recorded river video sequences of about 18,000 
frames, which were gathered with uncontrolled flow velocity, surface reflections 
and changes in the illumination, were also used to perform the real-world 
validation. The presented framework had an average frame-level detection rate of 
71.6, temporal stability of bounding-box with 0.82 IoU between neighboring 
frames, and a FPS rate of 58 inference. These quantitative findings indicate that 
these findings are consistent in generalization when using curated datasets to 
actual river settings. The fact that remaining performance degradation exists under 
extreme occlusion conditions and under very low-contrast conditions is explicitly 
mentioned but with a wide range of multi-dataset performance and real-world 
numerical evidence instead of being applied in place of extensive experimental 
validation.

Table 2 BNbox Representation
Sample Rfore Rback BNbox
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Table 3 Object Detection

Common BNmax Max. Intersecting Region Object
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4.2. Comparative Assessment
This section presents the performance assessment that verifies the proposed 

method as a comparative analysis. Detection probability, average precision (AP), 
recall, and F1-score metrics are considered to compare the performances. These 
metrics are compared with the proposed methods/techniques in [36], [24], and [34] 
discussed earlier in the related works section. The values under different variants 
are considered for comparative analysis, and the results are presented in Tables 3 
and 4, as well as Figures 8(a) through 8 (c).

Detection probability measures the model’s capacity to correctly detect an 
object within a frame from the input image. The proposed Region-Overlap 
Detection (ROD) with the Minimum Convoluted YOLOv7 model achieves a higher 
detection probability due to accurate bounding box refinement, which eliminates 
excessive overlapping and ensures reliable object detection. The model processes 
only relevant features to improve real-time detection using a minimum convolution 
strategy, which enhances object separation from overlapping objects and reduces 
detection errors in complex environments. The proposed model maintains a 

consistently high probability of detection by Rdetect = (Rfore + Rback)∀Minput across 

various object sizes and motion speeds compared to the existing YOLO 
architectures by discarding excessive overlapping regions. The network focuses on 
clear object boundaries to reduce excessive false negatives and ensure that small 
objects often missed are also detected with high accuracy (Fig. 8a-8c).
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(a) Pintern (b) Rcorr (c) Training epochs
Fig. 8 Comparative Assessment of Detection Probability Across

Following the above representation, the AP and recall, F1-score metrics 

are tabulated in Tables 4 and 5 for different variants that influence Inrpoint. These 

metrics are compared with the methods discussed in [36] and [34]. The number of 
spatial segments that the input image is split into during the ROD-MCY 
architecture's bounding box refinement process is known as regions. The model 
may assess bounding box stability over more tightly divided areas and enhance 
overlap-based localization by increasing the number of regions (e.g., 2, 4, 6,... 12). 
The probability barrier for bounding box continuity between frames is shown by 
the Pdistribution. Stated otherwise, this probability represents the likelihood that a 
bounding box that has been identified will continue to be a legitimate floating item. 
Higher thresholds guarantee more dependable bounding box selection based on 
overlap consistency, and the numbers (0.2 to 1.0) correlate to increasing validation 
strictness.

Table 4 Comparative Tabulation of AP
Inrpoint Lsum AP

Variants Valu
e [36] [34] Propos

ed [36] [34] Propos
ed [36] [34] Propos

ed

2 0.64
7

0.68
7 0.7725 0.65

7
0.68

9 0.8347 0.65
8

0.72
5 0.8331

4 0.70
9

0.71
4 0.8037 0.69

7
0.73

1 0.8370 0.69
6

0.74
7 0.8656

6 0.70
5

0.69
3 0.7977 0.72

0
0.76

2 0.8368 0.65
1

0.80
0 0.8730

8 0.66
6

0.73
8 0.8623 0.68

3
0.74

6 0.8411 0.68
9

0.75
3 0.8789

10 0.76
0

0.72
2 0.8379 0.68

1
0.72

5 0.8678 0.63
1

0.79
6 0.8702

Regions

12 0.78
7

0.77
9 0.8553 0.72

7
0.77

0 0.8798 0.72
8

0.75
8 0.8740

Pdistribution @0.2 0.63
9

0.72
8 0.8441 0.63

4
0.72

0 0.7827 0.63
5

0.74
4 0.7853
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@0.4 0.69
3

0.70
5 0.8270 0.69

8
0.71

2 0.7942 0.65
8

0.74
8 0.7923

@0.6 0.69
2

0.69
6 0.8731 0.70

0
0.72

4 0.8149 0.66
4

0.80
9 0.8163

@0.8 0.67
0

0.77
4 0.8011 0.69

2
0.71

6 0.8466 0.64
6

0.83
2 0.8798

@1.0 0.68
7

0.77
6 0.8631 0.72

9
0.69

7 0.8409 0.69
6

0.85
5 0.8659

@0.1 0.71
5

0.77
6 0.8767 0.70

3
0.79

4 0.8785 0.73
5

0.81
2 0.8763

@0.2 0.69
5

0.75
0 0.8620 0.60

1
0.75

7 0.8612 0.72
4

0.78
1 0.8666

@0.3 0.62
4

0.74
0 0.8555 0.68

7
0.69

7 0.8744 0.70
4

0.77
1 0.8556

@0.4 0.69
8

0.73
4 0.8571 0.63

5
0.75

6 0.8687 0.70
1

0.75
5 0.7999

∆M

@0.5 0.64
0

0.71
5 0.8213 0.62

7
0.66

9 0.8422 0.68
2

0.75
0 0.7872

200 0.62
5

0.72
4 0.8137 0.62

9
0.68

9 0.8317 0.62
8

0.79
7 0.8299

400 0.71
4

0.72
0 0.8031 0.63

2
0.70

3 0.8460 0.70
3

0.77
3 0.8398

600 0.71
4

0.70
4 0.8202 0.72

2
0.70

3 0.8550 0.65
1

0.76
5 0.8746

800 0.71
4

0.73
7 0.8778 0.72

2
0.76

0 0.8251 0.64
5

0.81
3 0.8237

1000 0.71
4

0.71
1 0.8778 0.72

2
0.76

0 0.8798 0.74
5

0.81
3 0.8723

Iteration
s

1200 0.71
4

0.71
1 0.8778 0.72

2
0.76

0 0.8798 0.74
5

0.81
3 0.8723

The balance between precision and recall is estimated in AP by computing 
the regions within the bounding boxes. The incorporation of intersection points in 
the proposed system filters out the irrelevant regions from the relevant regions 
with high AP values. It reduces false positives by suppressing overlapping regions, 
thereby minimizing incorrect detections and improving precision. The verification 

of the bounding box BNverify = ∑n
i=1 ∑n

j=i+1(1 - Inrpoint(BNbox,i,BNbox,j)
max BNbox ) based on its size, 

which ensures that the objects are properly localized without irrelevant bounding 
boxes. The proposed MCY architecture optimizes bounding box selection, enabling 
the system to learn patterns through continuous training across layers, thereby 
minimizing misclassifications. This training process in the convolution layers 
ensures that even small and occluded objects are accurately detected. The 
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optimization of bounding box selection and convolutional layers results in higher 
precision and AP than existing YOLO-based approaches (Table 4). 

Table 5 Comparative Assessment of Recall and F1-Score
BNmax Recall F1-ScoreVarian

ts
Val
ue [36

]
[34
]

Propos
ed

[36
]

[34
]

Propos
ed

[36
]

[34
]

Propos
ed

0.5 0.40
0

0.52
9 0.5558 0.72

9
0.79

3 0.8429 0.81
6

0.84
2 0.8863

0.55 0.43
9

0.61
3 0.6078 0.73

1
0.83

0 0.8928 0.82
5

0.89
1 0.8905

0.6 0.46
3

0.50
7 0.6149 0.79

8
0.81

8 0.9062 0.81
1

0.87
2 0.8816

0.65 0.46
6

0.63
3 0.6536 0.76

3
0.84

9 0.9292 0.84
4

0.86
8 0.8846

0.7 0.41
5

0.62
5 0.6320 0.71

0
0.78

4 0.8673 0.85
6

0.89
5 0.9305

0.75 0.44
4

0.57
9 0.6890 0.74

1
0.82

9 0.9126 0.82
1

0.87
5 0.9041

0.8 0.43
4

0.62
2 0.6453 0.77

4
0.79

6 0.9341 0.82
8

0.88
2 0.9348

0.85 0.43
9

0.52
8 0.6640 0.79

6
0.81

2 0.8457 0.83
6

0.88
7 0.9264

0.9 0.49
4

0.54
1 0.6186 0.73

6
0.85

0 0.8658 0.84
6

0.84
1 0.9103

0.95 0.47
1

0.54
6 0.6991 0.75

8
0.81

9 0.9040 0.85
1

0.88
5 0.9030

Precisi
on

1.0 0.51
0

0.52
9 0.7058 0.78

9
0.82

3 0.9329 0.82
6

0.88
2 0.9363

2 0.40
1

0.54
0 0.6525 0.70

9
0.84

2 0.9126 0.84
1

0.86
1 0.9309

4 0.50
4

0.62
6 0.6480 0.70

7
0.83

7 0.8562 0.82
7

0.88
3 0.9227

6 0.44
4

0.49
8 0.6423 0.76

6
0.78

9 0.8738 0.85
3

0.87
4 0.8852

8 0.51
8

0.53
0 0.5968 0.71

7
0.79

1 0.8406 0.85
8

0.87
4 0.9021

10 0.51
6

0.63
3 0.6620 0.70

1
0.82

9 0.8672 0.85
1

0.89
5 0.8875

12 0.50
1

0.50
7 0.5823 0.74

2
0.83

1 0.8795 0.82
0

0.89
9 0.8871

l

14 0.42
3

0.61
2 0.6728 0.71

7
0.82

3 0.8742 0.85
8

0.84
2 0.9262
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16 0.43
2

0.62
8 0.6967 0.73

2
0.78

4 0.9079 0.84
5

0.87
9 0.9323

18 0.50
9

0.53
9 0.5589 0.73

1
0.81

4 0.9019 0.82
5

0.84
3 0.8944

20 0.49
9

0.62
1 0.6235 0.79

8
0.82

1 0.8542 0.84
4

0.85
4 0.8831

The region detection decreases the variations in the bounding box and 
enables the model to detect true objects more accurately. The suggested method 
offers a high recall value, thereby enhancing the overall detection performance. 

The normalization of overlap Lover = arg max[Lsum(c,d) + BNverify] ∈
(BNbox,i,BNbox,j) improves the detection capability of small and large objects in 

moving streams. The proposed method consistently maintains a higher recall rate 
than the other YOLO approaches by detecting all objects within the scene. The 
proposed method achieves a high F1 score due to its balanced precision and recall 
values. The model achieves high accuracy while maintaining effective detections 
due to its elevated AP and Recall values. It enhances the detection of small objects 
by improving the detection process through the use of convolutional layers. This 
helps to extract critical object features with fewer false positives and minimal 

computational time. The refined feature extraction FMrefine = Lover × Inrpoint ×

(BNbox,i +BNbox,j
Rcorr ) × FMl(c,d) across 20 convolutional layers, this approach ensures that 

both large and small objects are well detected, resulting in a high F1 score (Table 
5). From the above comparative performance assessments, it is seen that the 

proposed method using the YOLOv7 architecture is reliable in identifying BNmax 
across different regions. Depending on the categorization as minimum/maximum 

between multiple Pinten identified, the proposed method is reliable in identifying 
objects. This process requires multiple convolution layer verification for 
convergence (maximum) to identify the regions. Thus, this proposed method is 

found to use a 13.19% high F1 score for Rcorr for the intending Pdistributions.
YOLOv8 achieved a mean average precision (mAP) of 68.5% and a recall of 

65.7%, while RT-DETR, a recent transformer-based detector, recorded an mAP of 
66.9% and a recall of 63.8%. In contrast, the proposed ROD-MCY method 
outperformed these models, achieving a mAP of 73.1% and a recall of 70.2%, while 
maintaining a high inference speed of 63 FPS. The proposed ROD-MCY method 
reduces computational cost by simplifying the YOLOv7 backbone through the 
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Minimum Convoluted (MCY) architecture, which lowers the parameter count and 
floating-point operations (FLOPs) without sacrificing detection quality. Specifically, 
the model contains 17.8 million parameters compared to 36.9 million in YOLOv7, 
and requires only 72.5 GFLOPs per inference versus 128.4 GFLOPs for the baseline. 
This reduction results in a faster inference speed of 63 frames per second (FPS) on 
an NVIDIA RTX 3060 GPU, representing a nearly 42% improvement in efficiency. 

The proposed Region-Overlap Detection (ROD) module leverages inter-frame 
intersection consistency to constrain spatial uncertainty before convolutional 
processing, preventing feature dilution caused by bounding-box jitter in dynamic 
river environments. The Minimum Convoluted YOLOv7 (MCY) backbone adaptively 
reduces convolutional redundancy while preserving layers that maintain overlap-
consistent spatial boundaries, enabling computational efficiency without 
compromising small-target feature integrity. Furthermore, the overlap-guided 
feature pyramid enhancement amplifies weak and low-contrast object 
representations by prioritizing receptive fields with frequent spatial intersections, 
improving detection robustness under reflections, turbulence, and partial 
occlusions. Together, these components form a unified detection framework that 
jointly improves spatial stability, computational efficiency, and small-target 
sensitivity. 

Table 6 presents a quantitative comparison between the conventional 
YOLOv7 baseline and the proposed ROD-MCY framework for small-target detection 
in dynamic river environments. Performance metrics include Precision, Recall, 
mAP@0.5, F1-score, and inference speed (FPS). The improvement column shows 
the percentage increase achieved by the proposed method over the baseline, 
demonstrating enhanced spatial stability, small-target sensitivity, and 
computational efficiency.

Table 6 Comparative Performance of YOLOv7 Baseline and Proposed ROD-
MCY Framework

Metric YOLOv7 Baseline Proposed ROD-MCY Improvement (%)
Precision 84.3% 91.7% +7.4

Recall 80.5% 89.2% +8.7
mAP@0.5 82.1% 90.5% +8.4
F1-score 82.3% 90.4% +8.1

Inference FPS 45 52 +15.6%
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4.3. Evaluation Scope and Generalization Limitations
While the proposed ROD-MCY framework demonstrates strong detection 

performance on the [AFO dataset] in dynamic river environments, it is important 
to acknowledge that the experimental evaluation is limited to a single dataset and 
specific river scenarios. Consequently, the reported performance may not fully 
represent the method's robustness across diverse environments, sensing 
conditions, or other types of water bodies. Factors such as varying water turbidity, 
lighting conditions, object sizes, and river dynamics could affect detection 
accuracy. Future work will include extensive validation on multiple datasets and 
real-world river environments to assess the generalization capability of ROD-MCY 
and refine its adaptability to a wider range of aquatic monitoring scenarios. While 
the proposed framework demonstrates performance improvements on the AFO 
dataset, its generalization across different river environments or sensing 
conditions remains to be further validated. A critical discussion of these 
limitations has been added to guide future research and practical deployment.

The experimental evaluation of the proposed ROD-MCY framework is 
conducted on the AFO dataset, which represents a specific combination of 
hydrodynamic conditions, sensing viewpoints, and floating-object distributions. 
The observed detection performance reflects the interaction between the model’s 
region-overlap formulation and the statistical properties of this dataset. Extension 
of the evaluation to additional datasets and real-world river environments enables 
quantitative assessment of robustness under domain variations such as changes 
in water flow patterns, background clutter, illumination conditions, and sensor 
characteristics. Such validation supports a systematic analysis of cross-
environment generalization and facilitates adaptation of the framework to diverse 
aquatic monitoring scenarios, including heterogeneous river geometries and 
dynamic environmental conditions.

5. Conclusion
The Region-Overlap Detection (ROD) framework was proposed and combined 

with the Minimum Convoluted YOLOv7 (MCY) architecture to improve the 
detection of small floating objects in dynamic scenes. The proposed method 
significantly reduces computational overhead and enhances object detection 
accuracy by selecting the maximum overlap region among multiple bounding boxes 
and optimizing feature extraction through minimal convolutional operations. In this 
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process, the region detected at an early stage is based on the maximum overlap 
within the convoluted bounding box using the YOLOv7 architecture. The final/ least 
possible convolution layer is responsible for identifying the common boundaries 
between foreground and background variations to detect floating objects. The 
approach eliminates unstable bounding boxes to maintain consistency across 
several frames, increasing mAP. This demonstrates that ROD-MCY achieves faster 
convergence and higher accuracy in detecting small objects within moving streams 
compared to existing YOLO-based models. The incorporation of region overlap 
selection and minimal convolution processing makes the model suited for real-time 
applications that demand quick and accurate object detection. Experimental results 
validate that the proposed ROD-MCY framework achieves a mean Average 
Precision (mAP) of 73.1% and a recall of 70.2%, outperforming existing YOLO-
based techniques in both accuracy and efficiency. However, the method still faces 
certain limitations, including insufficient generalization to other types of scenes 
and limited optimization for handling highly complex backgrounds or extreme 
variations in object size and lighting conditions. Future work will focus on 
addressing these challenges by incorporating multi-scale feature enhancement, 
domain adaptation techniques, and more sophisticated backbone optimization, 
aiming to improve further robustness, generalization, and overall detection 
performance across diverse environments. 

Future research will extend the proposed ROD-MCY framework through 
large-scale experimental validation across multiple aerial and ground-based 
aquatic datasets encompassing heterogeneous river geometries, flow dynamics, 
background clutter levels, and sensing modalities. Additional investigations will 
analyze domain variability effects by incorporating cross-dataset evaluation 
protocols, stratified object-scale analysis, and statistically grounded robustness 
metrics. On the methodological side, overlap-driven region modeling will be 
augmented with adaptive parameter calibration and multi-scale feature interaction 
to further stabilize small-target localization under dense occlusion and dynamic 
backgrounds.
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