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Abstract: The detection of polyps during colonoscopy plays the vital role in colon cancer prevention, but the 

majority of deep learning segmentation algorithms do not provide interpretable confidence estimates and 

significant evaluation across clinical populations. We suggest an uncertainty-aware polyp segmentation model 

that will use EfficientNet-B4 encoder and UNet++ decoder, where weighted Dice and Focal loss should be used. 

Monte Carlo Dropout inference hallucinates pixel uncertainty maps, which can be used to risk-stratify clinical 

visualization. It was zero-shot tested and trained on Kvasir-SEG without fine-tuning and on CVC-ClinicDB. The 

framework was similar to the Dice with similarity coefficient of 0.864 ± 0.167 on internal and 0.713 ± 0.330 on 

external test, indicating 17.5 domain generalization gap. The error-uncertainty correlation was statistically 

significant (Pearson r = 0.335, p < 0.001) with reviewing 20 per cent of high-uncertainty regions leading to 60 per 

cent of the segmentation errors. Deterministic inference attained 41.97 frames per second, which is suitable to 

clinical deployment in real-time. Combining the approaches of measuring uncertainty and cross domain 

assessment results in a clinically feasible segmentation framework that achieves an accurate, interpretable and 

efficient result. Although further refinements of calibration are still required, the suggested methodology brings 

credible medical artificial intelligence to closer to practice. 

Keywords: Polyp segmentation; Uncertainty quantification; Cross-domain generalization; Medical image 

analysis; Monte Carlo Dropout; Deep learning; Computer-aided diagnosis 

. Introduction 

Carcinoma of the colon (CRC) is considered to be among the most common cancer mortality causes in the world 

and polyps are the main predecessors of cancer [3]. In colonoscopy, early diagnosis and removal of polyps are 

effective in preventing the occurrence and death rates of CRC considerably [4]. The successfulness of this process 

is, however, greatly reliant on the experience of the endoscopist, and investigations have shown that miss rates of 

adenomas may be highly variably influenced by fatigue, visual supervision, or minimal polyp morphology [8]. 

Computer-Aided Diagnosis (CAD) systems have also become the most essential equipment to curb human error 

and offer real-time polyp detection and segmentation to help clinicians gain a greater density of diagnostic 

accuracy [5]. 

Recently, Deep Learning (DL) has disrupted medical image analysis, specifically the process of segmenting polyp. 

The initial approaches were based on manual features and shape context features, which could hardly cope with 

changes in lighting and polyp texture [19]. The introduction of Convolutional Neural Networks (CNNs) delivered 

a change of perspective, and the U-Net and its variations became the new standard in semantic segmentation in 

endoscopy [18]. There are significant improvements such as the introduction of ResUNet++, which added residual 

connections and attention mechanisms to enhance the boundary delineation [13] and PraNet, which employed 

parallel reverse attention to extract high-level semantic features [14]. This has been refined further, by the 

Cascaded Contextual Refinement Network, which aims to deal with the issue of multi-scale feature aggregation 

[16]. Although these CNN-based frameworks are very high-performing on the benchmark datasets such as Kvasir-

SEG [12], they are black box in nature, and have no confidence on their predictions. 
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At the same time, the emergence of Vision Transformers (ViT) has provided new medical image modeling 

functions in the long-range scope. Hybrid CNNs with Swin Transformers have been shown to perform better when 

it comes to capturing global information over its counterparts who rely solely on convolutional methods [7]. 

Likewise, it has seen an interest in pyramid vision transformers (Pyramidim-PVT), which can represent features 

at various scales [15]. Recently more basic models, such as Segment Anything (SAM), have been modified to 

medical imaging, but their computational complexity typically prevents real-time use in clinical settings [17]. 

Although this kind of architectural innovation has been made, it remains a controversial issue in critical aspects 

of this domain: high precision on the in-distribution benchmarks does not imply resilience in hidden clinical 

circumstances [1]. 

Recent systematic reviews indicate that domain shift and label ambiguity are not resolved yet, and several models 

do not generalize to other hospitals or colonoscopy systems [4]. As Ali et al. pointed out, the biggest limitation in 

the majority of the state-of-the-art techniques is the impossibility to generalize to out-of-sample unseen datasets 

across center’s and populations [1]. Moreover, the absence of uncertainty measurement also implies that clinicians 

do not know when autonomous systems make accurate forecasts and when they make errors, and this component 

limits trust in them [8]. Whereas the ensemble learning idea was utilized in the process of realizing an optimal 

network at the parameter’s level [11], or data augmentation with the objective of preventing small dataset effects 

discussed in [10], not many more adopt the concept of uncertainty awareness and apply it to the process of actual 

inferences without environmental drawbacks. EfficientNet based backbones have demonstrated potential to strike 

a compromise between computational overhead and accuracy [2], but there is a lot of potential that remains 

untapped in integrating them with uncertainty-aware decoders. 

In order to overcome these shortcomings, this paper presents an uncertainty-conditioned polyp segmentation 

framework that uses Monte Carlo Dropout to produce confidence estimates. In contrast to conventional pipelines 

that produce binary masks with no reliability scores, our system produces uncertainty maps (per pixel) as well as 

prediction of the segmentation. To harmonize the efficiency and feature-richness, we use EfficientNet-B4 encoder 

paired with UNet++ decoder to fill the real time applicability requirement that has been observed as one of the 

concerns of previous research works [6]. This research paper has the primary goal to generate a reproducible 

protocol that does not only reach competitive segmentation but measures prediction robustness with the help of 

zero shot cross-domain testing. The explicit quantification of the generalization gap by testing on external data 

clearly, without any fine-tuning, gives a more realistic metric of clinical readiness than testing on internal data 

only [5]. 

2. Materials and Methods 

The overall flowchart, which depicts the overall methodology, such as data preprocessing, model architecture 

(EfficientNet-B4 encoder with UNet++ decoder), training process with weighted loss functions, and uncertainty 

quantification framework using Monte Carlo Dropout are shown in Figure 1.

 

Figure 1: Flowchart of Uncertainty-aware polyp segmentation with Monte Carlo dropout for trustworthy 

cross-domain colorectal cancer detection 
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2.1.1. Dataset and Ethical Compliance 

Three of the publicly available endoscopic datasets, namely Kvasir-SEG as a training dataset and internal 

validation dataset, and CVC-ClinicDB and ETIS-LaribPolypDB as external zero-shot generalization test datasets, 

are used in this research. Each dataset is comprised of anonymized gastrointestinal points of application and binary 

segmentation masks which the author retrieved on Kaggle.  

2.1.2. Data Preprocessing and Augmentation 

Input images 𝐼 ∈ 𝑅𝐻×𝑊×𝟛 are resized to a fixed resolution of 384 x 384 pixels to standardize tensor dimensions 

for the network input. 

𝐼𝑛𝑜𝑟𝑚
(𝑐)

=
𝐼(𝑐) − μ(𝑐)

σ(𝑐)
 (1) 

(1) 

Where 𝐼𝑛𝑜𝑟𝑚
(𝑐)

 is the normalized channel value μ = [0.485, 0.456, 0.406] is the ImageNet mean, and σ = [0.229, 

0.224, 0.225] is the ImageNet standard deviation. 

To mitigate overfitting and simulate clinical variability, a stochastic augmentation function 𝒯(⋅) is applied to the 

training set. 

𝐼aug = 𝒯(𝐼norm) = Elastic (Rotate(Flip(𝐼norm))) (2) 

Where 𝒯 comprises horizontal/vertical flips (p=0.5), rotations (±30∘), brightness/contrast adjustments (p=0.2), 

and elastic transformations (p=0.2). 

 2.1.3. Network Architecture 

The proposed segmentation framework employs a hybrid encoder-decoder structure defined by the mapping 

function ℱ(⋅) 

𝑀̂ = σ (𝒟(ℰ(𝐼aug; θenc); θdec)) (3) 

where 𝑀̂ is the predicted probability mask, ℰ is the EfficientNet-B4 encoder, 𝒟 is the UNet++ decoder, θ 

represents learnable parameters, and σ is the sigmoid activation function. 

The encoder extracts hierarchical feature maps 𝐹𝑖 at five distinct scales using Mobile Inverted Bottleneck 

Convolution (MBConv) blocks. 

𝐹𝑖+1 = MBConv(𝐹𝑖) = SiLU (BN (DWConv(Conv(𝐹𝑖)))) 
(4) 

where DWConv denotes depth-wise convolution, BN is batch normalization, and SiLU is the activation function. 

 2.1.4. Loss Function and Optimization 

To address severe class imbalance between polyp foreground and background pixels, we employ a weighted Dice 

loss function ℒ𝒲𝒟𝒾𝒸ℯ. 

𝐿𝑊𝐷𝑖𝑐𝑒 = 1 −
2 ∑ (𝑤𝑗 ⋅ 𝑝𝑗 ⋅ 𝑔𝑗)𝑗 + ϵ

∑ (𝑤𝑗 ⋅ 𝑝𝑗)𝑗 + ∑ (𝑤𝑗 ⋅ 𝑔𝑗)𝑗 + ϵ
 

(5) 

where 𝑝𝑗 and 𝑔𝑗 are predicted and ground truth probabilities at pixel j, 𝑤𝑗 ∈ {𝑤𝑏𝑔, 𝑤𝑓𝑔} are class weights (𝑤𝑏𝑔 =

0.5, 𝑤𝑓𝑔 = 2.0), and ϵ is a smoothing term. 

This is combined with Focal Loss ℒℱℴ𝒸𝒶ℓ to focus training on hard-to-classify examples. 

𝐿𝐹𝑜𝑐𝑎𝑙 = − α (1 − 𝑝𝑡)γ log(𝑝𝑡) (6) 

where 𝑝𝑡  is the model estimated probability for the true class, α is a weighting factor, and γ = 2.0 is the focusing 

parameter. 
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The total objective function γ = 2.0 is minimized during training. 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑊𝐷𝑖𝑐𝑒  +  𝐿𝐹𝑜𝑐𝑎𝑙  (7) 

Model weights are updated using the AdamW optimizer, which decouples weight decay from the gradient update. 

θ𝑡+1 = θ𝑡 − η ⋅ (𝑚𝑡̂ + λθ𝑡)  (8) 

where η = 10−4 is the learning rate, 𝑚𝑡̂ is the bias-corrected first moment estimate, and λ is the weight decay 

coefficient. 

 2.1.5. Uncertainty Quantification Framework 

Uncertainty estimation is performed via Monte Carlo (MC) Dropout during the inference phase without 

retraining. 

𝑀mean̂ =
1

𝑇
∑ ℱ(𝐼test; θ𝑡)

𝑇

𝑡=1

 

(9) 

where 𝑀𝑚𝑒𝑎𝑛
̂  is the final segmentation probability map and θ𝑡 varies per pass due to active dropout layers. 

Pixel-wise epistemic uncertainty 𝒰 is quantified as the standard deviation across these passes. 

𝒰(𝑥) = √
1

𝑇
∑ (ℱ(𝑥; θ𝑡) − 𝑀𝑚𝑒𝑎𝑛

̂ (𝑥))
2

𝑇

𝑡=1

 

(11) 

where 𝒰(𝑥) represents the uncertainty value at pixel location x. 

To assess calibration quality, we compute the Expected Calibration Error (ECE) by binning predictions into B=15 

confidence intervals. 

ECE = ∑
|𝐵𝑏|

𝑁

𝐵

𝑏=1

|acc(𝐵𝑏) − conf(𝐵𝑏)| 
(12) 

where 𝐵𝑏  is the number of samples in bin b, N is total samples, acc is average accuracy, and conf is average 

confidence. 

 2.1.6. Implementation Details 

The experiment was conducted on the basis of PyTorch and the library segmentation-models-pytorch. The training 

was done on an environment of an NVIDIA T4 at 20 epochs and a batch size of 1. The size of the input tensor 

was set to be 3 x 384 x 384. Training on mixed precision was turned off so that metrics could be consistent in 

evaluation. To measure clinical latency constraints, deterministic passes and stochastic MC passes were used to 

benchmark the inference speed.  

3. Results and Discussion 

3.1. Results 

3.1.1. Internal Validation Performance. 

The suggested EfficientNet-B4 + UNet++ architecture was assessed on the in-house validation segment, which is 

Kvasir-SEG (n = 200). Table 1 presents a summary of the important segmentation measures. The model has a 

Dice similarity coefficient (DSC) of 0.8643 ± 0.1666 and IoU of 0.7893 ± 0.1968. The sensitiveness (0.8872 ± 

0.1917) and specificity (0.9830 ± 0.0317) show the equal classification of foreground and background. The 

Hausdorff distance was 64.04 2-100 ± 70.81, which shows variability of deviation of the boundary. 
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Table 1. Kvasir-SEG internal validation measures (n = 200). 

Dataset  Images Modality Resolution 

Kvasir-SEG 1000 Endoscopy Variable 

CVC-ClinicDB 612 Endoscopy 384 × 384 

ETIS-LaribPolypDB 196 Endoscopy 384 × 384 

 

3.1.2. Cross-Domain Generalization 

Zero-shot performance on CVC-ClinicDB (n = 612) was 0.7133 with a standard deviation of 0.3304 (Table 2), 

which is a 17.5% worse performance compared to internal validation. This domain shift is visualised in figure 2. 

Higher standard deviation (0.3304 vs. 0.1666) indicates more variability in prediction in domain shift. 

Table 2. Zero-shot performance and characteristics of datasets. 

Component Specification 

Backbone EfficientNet-B4 

Decoder UNet++ 

Total Parameters 20,813,113 

Input Size 3 × 384 × 384 

Output Activation Sigmoid 

 

 

Figure 2. Gap in cross-domain generalization. Comparison of Dice scores in Kvasir-SEG validation (internal) 

and CVC-ClinicDB zero-shot testing (external) to bar charts. Standard deviation is expressed as error bars. The 

performance degradation of 17.5 percent indicates actual change in domain at cross datasets that covered 

different endoscopic equipment, light settings, and annotation procedures. 
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3.1.3. Uncertainty Quantification 

Equation (1) was used to generate pixel-wise uncertainty maps, Monte Carlo Dropout (T = 20). The Pearson r 

between error and uncertainty is = 0.3354 (p < 0.001). The Failure Mode Taxonomy scatter plot demonstrates 

threats prediction in four quadrants according to the error rate and uncertainty thresholds (Figure 2). In Figure 3, 

the visualization of uncertainty heatmap is presented with respect to a representative sample. 

Table 3. Performance of MC Dropout iterations. 

Parameter Value 

Learning Rate 1e-4 

Batch Size 1 

Optimizer AdamW 

Scheduler ReduceLROnPlateau 

Loss Function Weighted Dice + Focal 

Epochs 20 

Image Size 384 × 384 

 

Note: Inferencing time estimated using NVIDIA T4 networking; relationship between pixel by pixel error and 

uncertainty. 

 

Figure 3. CCVC-ClinicDB data on failure modes. 

Figure displaying the correlation between the mean uncertainty (standard deviation) and the mean error rate of 

612 test images. The high error threshold (0.2) is depicted by the red dashed line and the high uncertainty threshold 

(0.2) is depicted by the blue dashed line. Confident correct predictions would be on the bottom-left quadrant, 

conservative prediction on unclear areas would be on the bottom-right, overconfident failure (critical safety issue) 

would be at the top-left, and proper uncertainty about difficult cases would be at the top-right. 
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Figure 4. Uncertainty heatmap plot of a sample of CVC-ClinicDB. 

The heatmap represents pixel-level epistemic uncertainty calculated through Monte Carlo Dropout (20 

repetitions), where dark colours (confident predictions) and bright colours (red-yellow spectrum) represent the 

regions of high and low uncertainty respectively. The high uncertainty area on the local coordinates (Excellence, 

at point 250, 200 ) is where the polyp line or specular reflection is vague. 

 

Figure 5. Human Effort Savings Curve of CVC-ClinicDB data. The curve is a cumulative plot of segmentation 

errors captured (y-axis) versus uncertainty sorted percentage of image area reviewed (x-axis). Review of the 20 

percent most unsure regions best illustrates that 60 percent of the overall segmentation errors are achievable 

with reviewing the top 20 percent of most uncertain regions rather than the optimal benchmark of 80 percent 

(blue curve). 

3.1.4. Calibration and Efficiency 

Expected Calibration Error (ECE) calculated through Equation. (2) yielded 0.9083 ± 0.0732 on CVC-ClinicDB. 

The Reliability Diagram presented in Figure 7 compares the mean predicted confidence with actual percent of 
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positives. Table 4 compares performance in terms of computational efficiency: deterministic inference had the 

highest performance with 41.97 FPS and MC inference (20 iterations) with 2.19 FPS. 

Table 4 should be included here. 

Name Val Dice Uncertainty Correlation 

Baseline_UNet 0.829127 - 

Proposed_UNet++ 0.859093 - 

Proposed_MC_Dropout 0.823118 0.335492 

Note: FLOPs are estimated with EfficientNet-B4 + UNet++ MC inference has 20 stochastic forward passes. 

 

Figure 6. CVC-ClinicDB Reliability diagram. Mean predicted confidence versus actual fraction of positives 15 

confidence bins compared. The dashed diagonal line indicates ideal calibration. The model curve (blue) crosses 

above the ideal line, which does show systematic overconfidence. 4 = 0.9083 ±0.0732 expected calibration 

error(ECE). 

3.1.5. Qualitative Results and Official Analysis of Errors. 

 

Figure 7. Sample results of CVC-ClinicDB data indicating performance in the computation of segmentation at 

varying levels of confidence. Per row, it has: (left) original endoscopic image, (second column) ground truth 
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binary mask, (third column) model prediction with Dice score and (right) error map with red representing false 

positives and blue representing false negatives. High (High): The highest confidence prediction with Dice=0.983 

where the precise polyp segmentation with the lowest boundary error was observed. Middle row (Medium): Our 

performance is moderate Dice=0.886, there are few boundaries violations evident in the error map. Bottom row 

(Failure): Meeting no segmentation with Dice=0.000, at which point the model could not see the polyp. 

 

 

Figure. 8. Illustrations of ETIS-LaribPolypDB dataset of cross-domain generalization. The rows include: (left) 

original endoscopic image, (second column) ground truth binary mask, (third column) model prediction, which 

incorporates Dice score and (right) error map (red=false positives, blue=false negatives). High (Top) Good 

performance and Dice= 0.975 on a clear polyp where the boundaries are clear. Middle row (Medium): Medium 

performance characterized by Dice=0.757 which represents the hypothesis that the model was able to predict 

multiple polyp regions with few false positives observed in the error map. Bottom row (Failure): Failed 

segmentation due to Dice=0.000 as the model had not noted the polyp at all. 

 

Figure. 9. Visualization of error map of Kvasir-SEG validation sample. Four-panel display including: (a) original 

endoscopic image, (b) ground truth binary mask, (c) model prediction with Dice=0.946 and (d) error map with 



 

Tuijin Jishu/Journal of Propulsion Technology 

ISSN: 1001-4055 

Vol. 47 No. 03 (2026) 

23 

 

false positives (red) and false negatives (blue). Boundary errors are most common in areas which are reflected 

whitely on the surface or unclear margins of polyp. 

3.2. Discussion 

The attained Dice score of 0.864 on Kvasir-SEG is compatible with modern encoder-decoder models and is still 

faster to infer (41.97 FPS compared to 28-32 FPS of PraNet/MSNet) [17][18]. The observed 17.5% performance 

decrease on CVCClinicDB, although significant, is less than similar approaches (23.8-25.4) [17][18], indicating 

that the weighted loss and UNet++ skip connections provide better generalization. This observation complements 

Ali et al. [1], who pointed out that the dominion of domain shift not only benchmark accuracy, but also defines 

clinical viability. 

3.2.1. The Ambiguity of Clinical Signals. 

The statistically significant error-uncertainty correlation (r = 0.335, p < 0.001) fills a very serious gap found in 

systematic reviews [6][14]: most polyp segmentation methods do not have interpretable error/uncertainty 

measures. Through our uncertainty maps, unlike other forms of black-box predictions, we can review risk-

stratified. This utility can be coupled in the Human Effort Savings Curve (Figure 5) which quantifies the pie chart 

in 20 percent of image area rather than randomly 40 to 60 percent, though that range of redundancy captures 60 

percent of errors; it provides a dominant point at workflow integration. This follows the principles of clinical 

decision-support whereby uncertain cases are limited by triaging to less cognitive load without exhaustive study. 

Table 6. Comparison of cross-domain generalization performance on zero-shots. 

Method Backbone Dice IoU FPS Year 

U-Net - 0.818 0.692 45 2015 

ResUNet++ ResNet34 0.873 0.775 38 2019 

PraNet Res2Net 0.898 0.815 32 2020 

MSNet ResNet50 0.905 0.827 28 2021 

Ours (Proposed) EfficientNet-B4 0.864 0.765* 44.4** 2025 

3.2.2. Calibration Limitations and Clinical Translation. 

The large ECE (0.908) means that there is systematic overconfidence and this restricts the direct application of 

probability thresholds to make automated decisions. Nevertheless, uncertainty rankings can be considered clinical 

actionable, as seen by the correlation measure. This difference between calibrated probabilities and sound 

uncertainty ordering recommends that future research should use temperature scaling, or isotonic regression [8], 

without impacting the error-flagging properties of the existing framework. The inference mechanism of dual mode 

(41.97 FPS when based on determinism, 2.19 FPS when based on Monte Carlo) is flexible to deploy: real time 

screening with an option of uncertainty analysis on keyframes. 

Table 7. Comparison of metrics of uncertainty quantification. 

Method Kvasir-SEG CVC-ClinicDB CVC-ColonDB ETIS-LIB Avg Drop 

PraNet 0.898 0.709 0.678 0.623 -25.4% 

MSNet 0.905 0.721 0.691 0.638 -23.8% 

Ours 0.864 0.710 N/A 0.549 -27.2% 

Note: ECE prices of DeepLabV3 and U-Net are taken in literature, our ECE in CVC-ClinicDB and 

ETISLaribPolypDB, correlation coefficients are Pearson correlations between pixel-wise error and uncertainty. 
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3.2.3. Wider Medical AI Implications. 

The findings fall into three more general medical image analysis themes. To begin with, they illustrate that 

uncertainty quantification can be incorporated into segmentation pipelines without updating its architecture, as 

demanded by calls of trustful AI in clinical practice [9]. Second, reporting of cross-domain performance 

differences explicitly creates a repeatable evaluation procedure that transcends single-dataset benchmarks, which 

agrees with the findings of Ali et al. [1] multi-center challenge study. Third, its computational efficiency (20.8M 

parameters, 2.1 GB memory) facilitates running on the mid-range clinical hardware, between research prototypes 

and the tools used in clinical settings. 

As much as absolute Dice scores will not go away, overall measures of uncertainty correlation, generalization 

gap, and inference speed would offer a more comprehensive evaluation of clinical preparedness. This multi-

dimensional assessment model can be considered a model to future medical segmentation research that attempts 

to trade between accuracy, robustness, and deployability. 

Table 8. Architectural and loss functional ablation problems. 

Method MC Dropout ECE (CVC) ECE (ETIS) Correlation (CVC) Correlation (ETIS) 

DeepLabV3+ No 0.142 - - - 

U-Net + MC Yes (30) 0.089 - 0.21 - 

Ours Yes (20) 0.908 0.954 0.335 0.424 

Observation, difference between baseline UNet and proposed UNet variants Proposed variants implement UNet++ 

including skip connections and delivered within a round-repeat block; MC Dropout variant introduces uncertainty 

measures. 

4. Conclusions 

To summarize, in this paper we confirm the hypothesis that the mode of many core Monte Carlo Dropout-based 

uncertainty quantification and cross-domain analysis can be used to achieved a clinically practical polyp 

segmentation model. Proposed EfficientNet-B4 + UNet++ architecture displayed similar competitive performance 

on Kvasir-SEG (Dice: 0.864) and provided decent performance under observed-to-unseen domain generalization 

(CVC-ClinicDB zero-shot Dice: 0.713). The contributions will include: (1) statistically significant error-

uncertainty correlation (r = 0.335, p < 0.001) that provides the opportunity to conduct risk-stratified clinical 

review; measurement of the 17.5% domain generalization gap; and the ability to demonstrate that a 60% of errors 

in segmentation are in high-uncertainty regions reviewed 20 percent of the time. 

There are weaknesses such as high levels of calibration lack (ECE = 0.908), error variability (Hausdorff Distance: 

64.04 ± 70.81 pixels), and testing that was conducted on two public datasets. It is also a model that is difficult 

with sub-5mm polyps and has low inference speed when analysing video in real-time using MC Dropout (2.19 

FPS). 

Priority in future work should be on temperature scaling of probability calibration, temporal scaling of video 

sequences, multiple center prospective validation, and Bio-data structure optimization of edges deployment. These 

results propel uncertainty-sensitive medical image segmentation to clinical transfer and develop reproducible 

guidelines of strong assessment beyond the precision of the benchmarking. 
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