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Abstract. This paper presents an in-depth study on the impact of 
high-quality, comprehensive annotations on camouflaged object detec-
tion (COD) performance. We evaluate 13 state-of-the-art COD models 
trained on original annotations versus a re-annotated version created 
under stricter, more consistent guidelines using the Cotton Bollworm 
dataset. Experimental results demonstrate that enhanced annotation 
quality significantly improves both Intersection over Union (IoU) scores 
and instance recall, reducing undetected camouflaged objects by an aver-
age of 4.6% in Structure-measure and 7.0% in weighted F-measure. The 
re-annotation process identified 1.4% additional instances, with an aver-
age area refinement of 6.3%, primarily through improvements in bound-
ary precision and the detection of previously missed instances. These
findings underscore the crucial role of precise annotations in advancing
COD performance and validate the data-centric AI paradigm, suggesting
that systematic refinement of annotations should be prioritized in com-
puter vision pipelines. The re-annotated dataset is available on GitHub
https://cod-espol.github.io/ReannotatedCottonBollworm/. 
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1 Introduction 

Artificial intelligence (AI) systems rely on both models and data. Most of the 
recent advances have concentrated on improving model architectures, where data 
is often treated as ground truth without t horough examination of annotation
quality. Recently, a new paradigm—known as data-centric AI—has emerged,
first introduced by [5]. This approach emphasizes improving annotation qual-
ity rather than focusing solely on model refinement. The principle applies to 
all supervised learning-based methods that require annotated data for training. 
For instance, in the case of object detection, annotation quality is particularly 
crucial, as it involves not only assigning the correct class to each object but also
accurately localizing all instances in an image with precise and consistent bound-
ing boxes (e.g., [6,19]). Similarly, in edge detection, studies have shown that pre-
cise and consistent image annotations are critical to model performance, with 
re-annotation efforts significantly pushing the boundaries of achievable accuracy
[23]. The previous examples are just a couple of cases that benefit from the
improvement in the annotations.

Data-centric AI has recently been explored in the object detection problem. 
In this case, studies have proven that incomplete annotations, such as when 
some objects of a category are left without bounding boxes, not only reduce 
the accuracy measured by Intersection over Union (IoU) but also introduce false 
negatives that can bias the learning process and degrade the model’s abilit y to
detect all instances in real-world scenarios. Therefore, the impact of high-quality
annotation extends beyond a quantitative improvement in IoU; it directly affects
the completeness and exhaustiveness of object detection.

In the current work, we investigate how improving annotation quality affects 
both the IoU-based accuracy and the model’s capacity to detect every instance of 
interest in the camouflage object detection (COD) task. Specifically, we compare 
the performance of 13 SOTA COD models trained and evaluated on the original 
dataset annotations against that obtained using a re-annotated version created 
under stricter, more meticulous guidelines. Our results show that high-quality,
comprehensive annotations not only boost standard performance metrics (e.g.,
IoU) but also improve instance recall, reducing the number of missed camou-
flaged objects.

The remainder of the paper is organized as follows. Section 2 summarizes 
works related to data-centric approaches as well as state-of-the-art camouflaged
detection approaches. Section 3 describes the dataset and re-annotation process 
together with a short introduction of the COD approaches evaluated in the 
current work; additionally, t he metrics used for the evaluation are introduced.
Finally, Sect. 4 presents experimental results and discussions. Conclusions a re
provided in Sect. 5. 

2 Background 

Data-centric AI is based on the key understanding that data is the most impor-
tant resource for creating effective and high-performing AI systems. Unlike
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model-centric AI development, which typically emphasizes model enhance-
ments, data-centric AI directs attention toward m ethodically improving the data
pipeline [33]. While data-centric AI and dataset improvement are related, they 
are not equivalent. The main difference between them is that data-centric AI 
modifies datasets primarily to increase model a ccuracy, whereas dataset improve-
ment may involve broader motivations, such as redefining a problem [19]. In the 
current section, some of the most relevant data-centric approaches f or the object
detection task are presented.

One of the seminal data-centric approaches has been presented in [19], where 
the authors follow specific guidelines to improve annotation quality in I mageNet
and MS COCO datasets. Similarly, [2] proposes a high-quality annotation pro-
cess that includes data annotations and multistage hashing to a void duplicate
instances and noisy labels. In [15], the authors highlight the importance of high-
quality annotations and emphasize how inconsistent data labeling can degrade 
model accuracy. Maintaining annotation consistency is challenging yet essential 
to mitigate bias and ensure fairness in models. Additionally, the high cost of 
human a nnotation further complicates this issue. These challenges may soon
drive the adoption of systematic processes to enhance data quality, particularly
in annotation practices.

Object detection represents a fundamental challenge in computer vision 
(CV), with three primary subfields: Generic Object Detection (GOD), Salien t
Object Detection (SOD), and Camouflaged Object Detection (COD) [10]. A 
study by [6] indicates that effective data annotation practices are fundamen-
tal to object detection performance, particularly for accurate feature extraction. 
The current work is focused on the COD category, which s pecifically addresses
the segmentation of visually concealed objects, typically formulated as a binary
segmentation problem [18]. Recent advances in COD, as demonstrated by [35], 
have been facilitated by improved availability of detailed segmentation labels. 
However, the annotation process for camouflaged objects remains exceptionally 
labor-intensiv e, creating a critical bottleneck for research progress. This challenge
aligns with [31]’s observation that supervised learning approaches are funda-
mentally constrained by their dependence on large-scale, high-quality datasets, 
a requirement particularly difficult to satisfy in real-world applications where 
annotation complexity and data scarcity pose substantial limitations. Building
upon these foundational challenges, Sect. 3 systematically examines SOTA COD 
techniques, analyzing their performance characteristics while considering these 
data constraints. To our knowledge, there is no in-depth study on the relation 
bet ween the results of COD approaches and the quality of camouflaged object
annotations.

3 Materials and Methods 

This section presents the methodology employed to evaluate the impact of anno-
tation quality on COD performance. It describes the Cotton Bollworm dataset 
and re-annotation process, introduces the 13 SOTA COD techniques evaluated,
and details the comprehensive evaluation metrics used for performance assess-
ment.
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RGB Image Mask Mask CVAT Annotator 

Cotton Bollworm Dataset Re-annotated Cotton Bollworm Dataset 

Fig. 1. Example from the Cotton Bollworm dataset: comparison between original 
labels (left) and re-annotated labels using CVAT (right) for camouflaged cotton boll-
worm detection—note how borders are better defined i n the top mask, while two new
instances are annotated in the bottom mask.

3.1 Dataset 

In this study, the Cotton Bollworm dataset has been used. It is introduced by
[21] and contains 1,073 images with an 80/15/5 split for training (856 images), 
validation (161 images), and testing (56 images). For re-annotation, the CVAT
web-based tool1 , a specialized platform for computer vision tasks, is employed. 
The re-annotation process is meticulously performed for each image, adhering 
to the following guidelines: First, annotators were instructed to (a) exclusively 
mark worm instances while ignoring other elements, and (b) ensure complete cov-
erage by annotating every visible worm without omission. Second, quality spec-
ifications required (a) individual polygon annotations for each worm in multi-
instance images, and (b) pixel-precise boundary refinement to accurately capture
morphological features.

Figure 1 shows examples illustrating the re-annotation pipeline that produces 
significant qualitative improvements. Comparing the original annotations (left) 
with the re-annotations (right) reveals impro ved morphological accuracy and the
identification of previously missed worm instances.

3.2 SOTA COD Techniques 

This section presents state-of-the-art (SOTA) COD techniques. Recent advances 
in COD have introduced diverse strategies to address the challenges of low-

1 https://www.cvat.ai. 
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Table 1. Distinctive characteristics of the evaluated SOT A COD techniques.

Technique Source Source Typ e Year Image Size (p x) Backbone #Param. ( M)

BASNet [24] CVPR Conference 2019 256 × 256 ResNet-34 [12] 87.06 
SINet-v2 [9] TPAMI22 Journal 2021 352 × 352 Res2Net-50 [11] 24.93 
BGNet [4] IJCAI22 Conference 2022 416 × 416 Res2Net-50 [11] 77.80 
C2 F-Net [3] TCSVT22 Conference 2022 352 × 352 Res2Net-50 [11] 26.36 
OCENet [17] WACV Conference 2022 352 × 352 ResNet-50 [12] 58.17 
EAMNet [25] ICME Conference 2023 384 × 384 Res2Net-50 [11] 30.51 
DGNet [14] MIR Journal 2023 352 × 352 EfficientNet [27] 8.30 
HitNet [13] AAAI-23 Conference 2023 352 × 352 PVTv2 [30] 25.73 
PCNet [32] arXiv - 2024 352 × 352 PVTv2 [30] 27.66 
ARNet [28] ICMR25 Conference 2025 416 × 416 SMT-Tiny [16] 12.82 
CHNet [29] ICMR25 Conference 2025 416 × 416 SMT-Tiny [16] 11.20 
CTF-Net [34] CVIU Journal 2025 384 × 384 PVTv2 [30] 64.48 
DRRNet [26] arXiv - 2025 384 × 384 PVTv2 [30] 89.11 

contrast boundaries and complex backgrounds. BASNet [24] employs a predict-
and-refine approach with a hybrid loss (BCE, SSIM, IoU), where SSIM i mplicitly
enhances edges but lacks explicit edge modeling. SINet [9] adopts a biologi-
cally inspired search-and-identification pipeline, explicitly leveraging edge cues 
to locate and segment camouflaged objects. EAMNet [25] introduces dual parallel 
branches for segmentation and edge detection, with cross-refinement explicitly 
integrating edge information into the learning process. CHNet [29]  focuses  on  
channel reconstruction and hybrid attention for multi-scale feature consistency
but omits explicit edge supervision. HitNet [13] iteratively refines predictions 
using feedback loops, indirectly improving b oundary clarity without dedicated
edge modeling.

For global-local feature integration, CTF-Net [34] combines CNN-based local 
features with Transformer-based global context, enhancing boundary precision
implicitly. ARNet [28] refines features through channel interaction, implicitly 
improving boundaries. In contrast, BGNet [4] introduces an explicit boundary-
guidance branch to model object contours directly. C2F-Net [3] leverages cross-
level context fusion, implicitly reinforcing edges for structural coherence. DGNet
[14] explicitly captures edges via gradient flow to detect subtle contrast c hanges
in low-texture regions. DRRNet [26] employs macro-micro fusion and dual 
reverse refinement, sharp ening boundaries through explicit edge cues.

For domain-specific challenges, PCNet [32] targets plant camouflage with 
multi-scale refinement, explicitly addressing irregular plant edges. Finally,
OCENet [17] models aleatoric uncertainty to dynamically supervise high-
uncertainty regions (e.g., boundaries), implicitly improving edge detection. 
These methods collectively advance COD by balancing explicit edge guidance
with implicit boundary refinement, tailored to diverse camouflage scenarios.
Table 1 shows distinctive characteristics of the evaluated SOTA COD techniques.
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3.3 Evaluation Metrics 

This study employs five widely recognized evaluation metrics to assess COD per-
formance. These metrics provide comprehensive assessment criteria for analyz-
ing detection accuracy and effectiveness across different models: the Structure-
measure (Sα) [7], weighted F-measure (Fw

β ) [20], Mean Absolute Error (M) [22], 
E-measure (Eφ) [8], and F-measure (Fβ) [1]. 

The Sα metric quantifies structural similarity between predicted and ground 
truth maps, measuring how well the overall structural information is preserved. 
The F w 

β represents an enhanced evaluation metric that extends the traditional Fβ 
by incorporating spatial weights, delivering improved assessment of segmentation 
quality with emphasis on boundary precision and spatial importance of detected 
pixels. The M metric evaluates pixel-level errors between normalized predic-
tions and ground truth, providing a direct measurement of prediction accuracy. 
The E φ metric simultaneously assesses both global and local detection accuracy
based on human visual perception mechanisms, offering a perceptually grounded
evaluation approach. Finally, the Fβ provides a balanced metric that integrates
both precision and recall components to evaluate overall detection performance.

For both F-measure and E-measure metrics, different scores are computed 
according to various precision-recall pairs. This leads to the calculation of F-
measure adaptive (F adp 

β ), mean F-measure (F mean 
β ), and maximum F-measure 

(F max 
β ). Similarly, the E-measure employs maxim um and mean variants, denoted

as Eadp
φ , Emean

φ , and Emax
φ , which are also utilized as evaluation metrics.

Fig. 2. (left) Histogram shows the distribution of percentage area changes between the 
original and re-annotated labels. (right) Scatter plot shows the number of pixels added 
and removed p er image. dots near the red line indicate no pixel variation. (Color figure
online)

4 Results and Discussion 

The experimental results demonstrate significant improvements across all evalu-
ated SOTA COD techniques when trained o n the re-annotated labels compared
to the original dataset.

The total number of instances in the original dataset is 1,172 compared to 
1,189 instances in the re-annotated dataset (1.4% increase), with an average area
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Fig. 3. Comparison between the original and re-annotated GT labels. The white areas 
represent matches between the original and re-annotated GT labels; the orange areas 
show removed pixels in the re-annotated G T labels; and the green areas show added
pixels in the re-annotated GT labels. (Color figure online)

Table 2. Evaluation metrics for each SOTA COD technique according t o the metrics
described in Sect. 3.3 using original and re-annotated datasets. The top three results 
are highlighted in red (first), blue (second), and green (third) respectively.

Technique Sα ↑ F w 
β ↑ M ↓ Eadp 

φ ↑ Emean 
φ ↑ Emax 

φ ↑ F adp 
β ↑ Fmean

β ↑ Fmax
β ↑

O
ri
gi
na

l
D
at
as
et

BASNet [24] 0.7860 0.6839 0.0277 0.8938 0.8811 0.8890 0.7085 0.7073 0.7235 
SINet-v2 [9] 0.8588 0.7979 0.0184 0.9430 0.9571 0.9727 0.7837 0.8086 0.8392 
BGNet [4] 0.8573 0.7964 0.0185 0.9588 0.9532 0.9625 0.8264 0.8323 0.8527 
C2F-Net [3] 0.8399 0.7184 0.0214 0.9368 0.9329 0.9441 0.7910 0.7989 0.8215 
OCENet [17] 0.8598 0.8042 0.0164 0.9421 0.9543 0.9647 0.7809 0.8115 0.8416 
EAMNet [25] 0.8627 0.8136 0.0174 0.9576 0.9611 0.9686 0.8164 0.8320 0.8570 
DGNet [14] 0.8565 0.8005 0.0163 0.9468 0.9585 0.9666 0.7827 0.8096 0.8377 
HitNet [13] 0.8422 0.7978 0.0178 0.9601 0.9663 0.9724 0.7991 0.8060 0.8244 
PCNet [32] 0.8463 0.7885 0.0184 0.9342 0.9471 0.9642 0.7691 0.7924 0.8311 
ARNet [28] 0.8842 0.8359 0.0144 0.9556 0.9691 0.9809 0.8150 0.8501 0.8738 
CHNet [29] 0.8738 0.8276 0.0153 0.9658 0.9695 0.9757 0.8156 0.8340 0.8601 
CTF-Net [34] 0.8636 0.8195 0.0170 0.9547 0.9610 0.9697 0.8117 0.8265 0.8519 
DRRNet [26] 0.8171 0.7401 0.0218 0.9320 0.9337 0.9411 0.7462 0.7536 0.7693 

R
e-
an

no
ta
te
d 
D
at
as
et
 

BASNet [24] 0.8335 0.7500 0.0242 0.9270 0.9049 0.9194 0.7538 0.7702 0.7866 
SINet-v2 [9] 0.9010 0.8677 0.0136 0.9668 0.9662 0.9723 0.8483 0.8685 0.8909 
BGNet [4] 0.8953 0.8769 0.0133 0.9708 0.9635 0.9819 0.8757 0.8864 0.9055 
C2F-Net [3] 0.8861 0.7758 0.0178 0.9483 0.9341 0.9489 0.8369 0.8571 0.8879 
OCENet [17] 0.9071 0.8692 0.0108 0.9586 0.9622 0.9732 0.8431 0.8674 0.8964 
EAMNet [25] 0.8968 0.8610 0.0130 0.9665 0.9675 0.9757 0.8635 0.8844 0.9155 
DGNet [14] 0.9001 0.8725 0.0104 0.9615 0.9590 0.9632 0.8525 0.8747 0.8954 
HitNet [13] 0.8945 0.8633 0.0126 0.9674 0.9640 0.9673 0.8657 0.8685 0.8825 
PCNet [32] 0.9000 0.8652 0.0125 0.9651 0.9647 0.9695 0.8532 0.8657 0.8902 
ARNet [28] 0.9065 0.8814 0.0117 0.9811 0.9617 0.9779 0.8835 0.8988 0.9142 
CHNet [29] 0.9274 0.9140 0.0088 0.9812 0.9810 0.9867 0.8949 0.9157 0.9352 
CTF-Net [34] 0.9235 0.9133 0.0089 0.9829 0.9802 0.9874 0.8977 0.9134 0.9356 
DRRNet [26] 0.8794 0.8563 0.0137 0.9599 0.9572 0.9599 0.8606 0.8575 0.8606
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Fig. 4. Prediction results of 13 SOTA COD techniques trained with original and re-
annotated labels. White areas represent successful matches between GT and predicted 
masks; red areas denote false positive regions (over-segmentation); and blue areas indi-
cate false negative regions (miss-segmentation). (Color figure online)
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Table 3. Percentage difference between the results obtained for each SOTA COD 
technique using the original and re-annotated dataset shown in Table 2. Positive values 
indicate improvement in models using re-annotated labels, while negative values indi-
cate deterioration in performance. The last row shows the improvement (%) results of 
the training models using the re-annotated dataset compared to the original dataset.

Technique ΔSα ΔF w 
β ΔM ΔEadp 

φ ΔEmean 
φ ΔEmax 

φ ΔF adp 
β ΔF mean 

β ΔF max 
β 

BASNet [24] +4.8% +6.6% −0.4% +3.3% +2.4% +3.0% +4.5% +6.3% +6.3% 
SINet-v2 [9] +4.2% +7.0% −0.5% +2.4% +0.9% +0.0% +6.5% +6.0% +5.2% 
BGNet [4] +3.8% +8.1% −0.5% +1.2% +1.0% +1.9% +4.9% +5.4% +5.3% 
C2 F-Net [3] +4.6% +5.7% −0.4% +1.2% +0.1% +0.5% +4.6% +5.8% +6.6% 
OCENet [17] +4.7% +6.5% −0.6% +1.7% +0.8% +0.8% +6.2% +5.6% +4.5% 
EAMNet [25] +3.4% +4.7% −0.4% +0.9% +0.6% +0.7% +4.7% +5.2% +5.9% 
DGNet [14] +4.4% +7.2% −0.6% +1.5% +0.0% −0.3% +7.0% +6.5% +5.8% 
HitNet [13] +5.2% +6.6% −0.5% +0.7% −0.2% −0.5% +6.7% +6.3% +5.8% 
PCNet [32] +5.4% +7.7% −0.6% +3.1% +1.8% +0.5% +8.4% +7.3% +5.9% 
ARNet [28] +2.2% +4.6% −0.3% +2.6% −0.7% −0.3% +6.9% +4.9% +4.0% 
CHNet [29] +5.4% +8.6% −0.7% +1.5% +1.2% +1.1% +7.9% +8.2% +7.5% 
CTF-Net [34] +6.0% +9.4% −0.8% +2.8% +1.9% +1.8% +8.6% +8.7% +8.4% 
DRRNet [26] +6.2% +11.6%−0.8% +2.8% +2.4% +1.9% +11.4% +10.4% +9.1% 
Improv.(%) +4.6% +7.0% −0.5% +1.5% +0.9% +0.7% +6.7% +6.3% +5.9% 

change of 6.3% and 84.5% overlap between annotations, showing the quantita-
tive differences between the original and re-annotated datasets. Figure 2 (left) 
shows a histogram with the percentage distribution of change of areas betw een 
original and re-annotated labels. In addition, Fig. 2 (right) shows a scatter plot 
where the number of pixels, per image, added and remove d is shown. On t he
other hand, Fig. 3 visualizes the annotation differences, showing that improve-
ments primarily involve boundary refinement and detection of previously missed 
instances rather than wholesale changes to existing annotations. This indicates 
that improvements stem from both additional instance detection and refined
boundary precision.

Figure 4 provides clear visual evidence of the improvements achieved through 
the re-annotation process. It offers a qualitative validation, showing that the 
13 models trained with the re-annotated dataset deliver superior results. The 
comparison images demonstrate that models trained with re-annotated labels 
achieve more accurate segmentations, characterized by sharper boundaries and 
fewer false negatives ( smaller blue areas). Notably, the improvement is partic-
ularly evident in the detection of small, highly camouflaged instances that are 
consistently missed by models trained with the original annotations.

On the other hand, to validate the qualitative results, Table 2 presents com-
prehensive performance metrics for all 13 evaluated models on both original 
and re-annotated datasets. The re-annotated labels consistently enhance model
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performance across all metrics. The average improvements observed are: Sα 
increased by 4.6%, F w 

β by 7.0%, M decreased by 0.5%, Eadp 
φ improved by 

1.5%, and F adp 
β enhanced by 6.7%. CHNet and CTF-Net demonstrate the high-

est performance on the improved dataset, achieving Sα scores of 0.9274 and 
0.9235, respectively, with corresponding F w 

β scores of 0.9140 and 0.9133. These 
recent architectures effectively leverage the enhanced annotation quality. DRR-
Net shows the most substantial relative improvement with 11.6% increase in 
F w 

β and 6.2% in Sα on improved annotations. This suggests that newer archi-
tectures may be more sensitive to annotation quality improvements. All models 
demonstrate consistent improvements across multiple metrics, with particularly 
notable gains in boundary-related measures (F w 

β ) and structural similarity (Sα),
indicating that improved annotations primarily benefit precise localization and
edge detection.

Also, to measure the difference in improvement using each model and the re-
annotated one vs. the original dataset, t he percentage improvements are shown 
in Table 3, where it is demonstrated that all models benefit from re-annotating 
labels, with improvements ranging from 2.2% to 6.2% for Sα and 4.6% to 11.6% 
for F w 

β . The consistency of these improvements across diverse architectures con-
firms the importance of annotation quality in COD tasks.

5 Conclusion 

This study provides compelling evidence for the critical importance of high-
quality annotations in COD. Through comprehensive evaluation of 13 SOTA 
COD models o n both original and re-annotated labels of the Cotton Boll-
worm dataset [21], we demonstrate that enhanced annotation quality consis-
tently improves performance across all evaluated metrics and architectures. The 
key findings include: 1) performance improvements across all 13 evaluated mod-
els, with average gains of 4.6% in Sα and 7.0% in F w 

β ; 2) Particularly signifi-
cant improvements in boundary-related metrics, indicating that annotation qual-
ity primarily affects precise localization capabilities; 3) Validation of the data-
centric AI approach, showing that systematic annotation improvement can be 
more effective than architectural modifications alone. The improved annotations 
resulted in 1.4% more detected instances and a 6.3% average area refinement. 
This demonstrates that the improvements stem from both additional instance 
detection and enhanced boundary precision, rather than fundamental changes to 
the e xisting annotations. These findings have important implications. First, this 
suggests that many existing datasets may have annotation quality limitations 
that artificially constrain model performance. Second, this validates the impor-
tance of investing in systematic annotation improvement processes. Finally, this
demonstrates that the data-centric AI paradigm can provide substantial perfor-
mance gains in challenging computer vision tasks like COD.
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