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Abstract 15 

Background: Since whole slide images (WSIs) are widely used in clinical diagnosis, 16 

assessing the quality of these images has generated considerable interest. We divided the 17 

evaluation process into different sections focusing on specific issues and developed an 18 

approach based on computer technology to assess the quality of WSIs and provide details 19 

corresponding to specific issues. 20 

Methods: We focused on three issues in this work: position deviation, cover slip 21 

misplacement and wrong focus. Our approach revolves around these issues. We collected two 22 



2 

datasets from Guangdong Provincial People’s Hospital to develop the approach, discovered 23 

three issues and provided details corresponding to these issues. 24 

Results: We designed experiments based on two datasets to validate the effectiveness of the 25 

approach. The experiments show that using our approach, existing issues can be discovered 26 

and corresponding details are provided at a high accuracy. In the training set, the accuracy of 27 

the discovered three issues reaches 0.998, 0.987 and 0.988. In the validation set, the accuracy 28 

of discovering all issues reaches 0.914. 29 

Conclusions: We proposed an approach focusing on the following specific image issues: 30 

position deviation, cover slip misplacement and wrong focus. Using this approach, issues 31 

were discovered with high accuracy, and reports were produced that provide details regarding 32 

existing issues discovered by our approach. However, a dataset of WSIs with more issues, 33 

including stain concentration and poor microtomy, should be established, and methods 34 

discovering these issues must be developed in the future. 35 

 36 

Keywords: Whole slide images (WSI), Digital pathology, Quality assessment 37 

 38 

Background 39 

Although pathology is considered the gold standard of clinical diagnosis, the use of 40 

microscopy has limitations in that microslides are difficult to store, archive and share. The 41 

newly developed whole slide image (WSI) is proposed to solve these limitations. WSIs can 42 

digitalize microslide information. In other words, we could use computer technology for 43 

clinical applications. Therefore, WSIs are widely used in clinical diagnosis [1-4]. To 44 
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guarantee the accuracy and efficacy of WSIs in place of the direct observation with a 45 

microscope, assessing the quality of WSIs has generated considerable interest [5-8]. 46 

Initial attempts have focused on assessing the clarity of WSIs. The pathologist’s 47 

opinion on image quality is the most straightforward choice. Nevertheless, the difference 48 

between pathologists in this work results in stability issues due to subjectivity. Furthermore, 49 

owing to the massive number required to be evaluated, this method is time-consuming for 50 

pathologists [7]. Consequently, automated methods for assessing image quality should be 51 

proposed. Walkowski and Szymas [9] showed that the gray level co-occurrence matrix 52 

(GLCM) could well represent the sharpness of WSIs. Hashimoto et al. [10] added noise into 53 

the analysis model to assess image quality. Other studies have made great effort using 54 

different features based on computer technology to represent the quality of WSIs [11-14]. In 55 

addition, several tools have been developed to assess image quality automatically. Ameisen et 56 

al. [15] developed a method that integrates features including saturation, contrast, and 57 

brightness and then used a picture to display the distribution of blurred areas. Janowczyk et 58 

al. [16] developed an open source tool to calculate image metrics and identify artifact-free 59 

regions with supervised classifiers. 60 

Previous studies demonstrated the effectiveness of methods based on computer 61 

technology. However, one common issue of the methods mentioned above is that they fail to 62 

address the fact that the clarity is not the unique standard to measure image quality. Even 63 

though it is simple for a person to evaluate a single WSI by providing a numeric score or a 64 

simple description of the quality, such as good or poor, it is a complex task for computer-65 

based methods. In addition, a numeric score or a simple description of the quality is not 66 
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meaningful enough compared to providing information regarding specific issues in WSIs. 67 

Hence, we divide the evaluation process into different sections focusing on different specific 68 

issues and develop an approach based on computer technology to not only judge the varieties 69 

of issues that exist in WSIs but also provide the details corresponding to specific issues. 70 

 71 

Methods 72 

The most essential idea in this work is to divide the evaluation process into sections focusing 73 

on specific issues. Each section provides a result that contains whether a corresponding issue 74 

exists and details related to the issue. These results are integrated into a report that provides a 75 

reference to evaluate and enhance the quality of a single WSI. We claim three issues in this 76 

work: position deviation, cover slip misplacement and wrong focus [17]. Position deviation 77 

means that the scanner failed to obtain complete information due to the deviation between the 78 

virtual position and real position on a slide. Cover slip misplacement means that a black line 79 

exists and leads to a serious blur problem around the black line. Wrong focus means the 80 

failure of obtaining glass slides’ texture information due to the wrong focus setting. Figure 1 81 

shows an example of the 3 varieties of issues. Our approach addresses these three issues. 82 

 83 

Datasets 84 

We collected two datasets in this study. Both datasets are from Guangdong Provincial 85 

People’s Hospital. The first dataset is composed of 276 gastric cancer WSIs, including 90 86 

normal WSIs and 186 WSIs with abnormal quality issues. This dataset is used for training. 87 

Actually, multiple types of issues may exist in a WSI. In the training process, each WSI is 88 
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labeled by its most apparent issue. A total of 186 WSIs with abnormal quality issues consisted 89 

of 74 with position deviation, 38 with cover slip misplacement and 74 with wrong focus. The 90 

second dataset is composed of 58 colorectal cancer samples. This dataset is used for 91 

validation. As described above, the aim of this work is to generate result reports of issue 92 

details. Therefore, WSIs in the validation set are not divided into specific issue types. 93 

Datasets are defined as follows: 94 𝐼𝑎𝑙𝑙 = {𝐼𝑡𝑟𝑎𝑖𝑛, 𝐼𝑣𝑎𝑙𝑖𝑑} 95 𝐼𝑡𝑟𝑎𝑖𝑛 = {𝐼𝑃𝐷, 𝐼𝐶𝑆𝑀, 𝐼𝑊𝐹, 𝐼𝑁} 96 

where 𝐼𝑡𝑟𝑎𝑖𝑛 represents the first dataset and 𝐼𝑣𝑎𝑙𝑖𝑑 represents the second dataset. In 𝐼𝑡𝑟𝑎𝑖𝑛, 97 

we use the first letter of each word to represent the problem. For instance, PD represents a 98 

position deviation issue. 99 

 100 

Position Deviation 101 

It could be easily observed that if a WSI has position deviation, at least one edge has tiles 102 

containing useful information for clinical diagnosis. Thus, the number of tiles with clinical 103 

information on one edge can represent whether position deviation exists on such edges. With 104 

the purpose of calculation, the following steps are required: 105 

1. We trained a deep convolutional network to judge whether tiles contain useful 106 

information for clinical diagnosis. 107 

2. We collected tiles on the four edges of WSIs from 𝐼𝑁 and 𝐼𝑃𝐷. 108 

3. We calculated the count vector of each WSI and selected a suitable threshold to judge 109 

whether the WSI has a position deviation issue. 110 
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In the first step, our aim is to gain a model that can identify whether tiles split from 111 

the WSIs contain useful information for clinical diagnosis. We selected fifteen WSIs and split 112 

them into tiles using Openslide [18]. The tiles we collected for training this classifier model 113 

are 256×256 in size at 20× magnification. We chose samples from the split tiles and trained a 114 

deep convolutional network [19] to judge whether tiles contain useful information for clinical 115 

diagnosis. 116 

Position deviation may exist in more than 1 orientation. Hence, we need to calculate a 117 

vector consisting of four values to represent whether position deviation exists and to 118 

determine its orientation. In our experiments, we used this method on all WSIs from 𝐼𝑁 and 119 𝐼𝑃𝐷 to acquire the vectors mentioned above. Tiles we collected on edges are 64×64 in size at 120 

10× magnification. Finally, we selected a suitable threshold that could distinguish whether 121 

position deviation occurs most accurately. 122 

 123 

Cover Slip Misplacement 124 

For a WSI with cover slip misplacement, an obvious black line appears. We use a method 125 

based on template matching to generate a mask displaying the position of the cover slip. We 126 

used the area threshold, the minimum area that we consider as the black region to adjust the 127 

masks segmented from the thumbnails of the WSIs to judge whether cover slip misplacement 128 

exists. In this study, we extended this method to obtain results that consist of classification 129 

outcomes and position information. To obtain the results of cover slip misplacement, the 130 

following steps are required: 131 

1. We collected thumbnails of the WSIs from 𝐼𝑁 and 𝐼𝐶𝑆𝑀. 132 
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2. We selected a thumbnail from 𝐼𝐶𝑆𝑀 obtained in step 1 and artificially drew the cover 133 

slip area as the template mask. 134 

3. We generated masks through the template mask and corresponding features. 135 

4. We removed the edge pieces of masks generated in step 3 and calculated the mean of 136 

each mask represented by a matrix obtained by computer technology. Then, we 137 

selected a suitable threshold to judge whether a WSI indicates cover slip 138 

misplacement. 139 

The existence of black areas on the border of WSIs may influence the result. Figure 2 140 

is an example in which black areas on the border are detected on the border. Therefore, it is 141 

necessary to remove the border pieces to exclude the effect of the existence of black areas on 142 

the border. The masks are all binary images. The masks of WSIs with cover slip 143 

misplacement contain more white pixels than masks of normal WSIs. Therefore, we chose a 144 

threshold to judge whether WSIs have cover slip misplacement issues. In addition, the result 145 

returned information on the position of the cover slip location to provide a reference for 146 

correcting cover slip misplacement. 147 

 148 

Wrong Focus 149 

Figure 3 shows a comparison of a tile from a normal WSI and a WSI with wrong focus. We 150 

could speculate that if a WSI is composed of tiles with lower information richness, it is more 151 

likely to be a WSI with wrong focus. With the purpose of judging whether a WSI has wrong 152 

focus, the following steps are required: 153 

1. We collected thumbnails of WSIs from 𝐼𝑁 and 𝐼𝑊𝐹. 154 
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2. We split thumbnails collected in step 1 into pieces. 155 

3. We calculated each piece’s Laplacian gradient function to represent the information 156 

richness. For each WSI, we selected the ten largest values of the Laplacian gradient 157 

function and appended them to a vector. 158 

4. We calculated the mean of each vector obtained in step 3 and chose a suitable 159 

threshold to judge whether the WSI had the wrong focus. 160 

In this part, it is very important to use an appropriate feature to represent information 161 

richness. Some methods of image quality assessment in natural images may be helpful in this 162 

section [20, 21]. In this work, we use the Laplacian gradient function to represent information 163 

richness of pieces from the thumbnails of the WSIs. The formula of the Laplacian gradient 164 

function is as follows: 165 𝐷(𝑓) =  ∑ ∑ |𝐺(𝑥, 𝑦)|  𝑠. 𝑡. 𝐺(𝑥, 𝑦) > 𝑇𝑥𝑦  166 𝐺(𝑥, 𝑦) = √𝐺𝑥2(𝑥, 𝑦) + 𝐺𝑦2(𝑥, 𝑦) 167 

where 𝐺𝑥2(𝑥, 𝑦) is the convolution of the Laplacian horizontal edge detection operator at 168 

pixel (x,y) and 𝐺𝑦2(𝑥, 𝑦) is the convolution of the Laplacian vertical edge detection operator 169 

at pixel (x,y). T is a constant representing the edge detection threshold. 170 

We calculated the mean of the ten largest values of the Laplacian gradient function of 171 

each WSI and then chose a suitable threshold to judge whether the WSIs have the wrong 172 

focus issue. 173 

 174 

Results 175 

We designed experiments on two datasets to validate the effectiveness of the approach. We 176 
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implemented the methods of each section and integrated these sections into an application. 177 

 178 

Training Set 179 

 180 

Position Deviation 181 

An essential premise in this section is the accuracy of the classifier. We collected 1200 tiles, 182 

including 900 for training and 300 for testing. The accuracy of the training set reaches 0.995, 183 

and the accuracy of the testing set reaches 0.989. Such accuracy is sufficient to guarantee the 184 

proceeding of the left experiment in this section. An essential factor affecting the result is the 185 

size of the tiles that we collected on the edge. Table 1 illustrates the effect of the tile size on 186 

the results of this section. 187 

Table 1. The relationship between the tile size and the performance of the method. 188 

 Tile_Size=32 Tile_Size=64 Tile_Size=128 Tile_Size=256 

N PD N PD N PD N PD 

Actual      

    N 89 1 90 0 87 3 85 5 

    PD 2 72 2 72 9 65 13 61 

Accuracy 0.982 0.988 0.927 0.890 

Time 2175 1726 1649 3013 

If the size of tiles is too large, then the accuracy will decrease because it may be more 189 

possible that tiles we collected contain tissue areas. In contrast, if the size of tiles is too small, 190 

then the accuracy may no longer ascend with a higher time consumption. The best value of 191 

the tile size is 64. 192 

 193 

Cover Slip Misplacement 194 



10 

Due to the disturbance of the existence of other black areas, the selection of the area 195 

threshold in segmenting the black line area from the thumbnail of the WSIs mentioned in the 196 

Methods section is significant. Table 2 indicates the relationship between the area threshold 197 

and the accuracy of judging whether WSIs have the cover slip misplacement issue. 198 

Table 2. The relationship between the area threshold and the accuracy. 199 

Area Threshold 500 1000 2000 3000 5000 

Accuracy 0.896 0.934 0.974 0.987 0.842 

If the value of the area threshold is too small, then the prediction may be affected by 200 

other black areas of thumbnails. In contrast, if the value of the area threshold is too large, 201 

then the actual cover slip misplacement issue could be ignored. The best area threshold is 202 

3000. 203 

 204 

Wrong Focus 205 

In this section, we experimented with three features, including the Brenner gradient function, 206 

variance function and entropy function [22], compared with the Laplacian gradient function. 207 

Table 3 illustrates the comparison of the accuracy using different features to judge whether 208 

wrong focus exists in the WSIs. 209 

Table 3. The contrast of the influence of different features on the prediction of wrong focus. 210 

Prediction of Different Features Actual Normal Actual Wrong Focus 

Brenner   

       Normal 87 1 

       Wrong Focus 3 72 

Laplacian   

       Normal 88 0 

       Wrong Focus 2 73 

Variance   

       Normal 79 15 

       Wrong Focus 11 58 



11 

Entropy   

       Normal 84 14 

       Wrong Focus 6 59 

 211 

Validation Set 212 

This dataset includes 10 WSIs with position deviation, 17 WSIs with cover slip 213 

misplacement, 24 WSIs with wrong focus and 20 normal WSIs. A WSI may have multiple 214 

types of issues. Figure 4 illustrates the comparison between the results using the approach we 215 

proposed in this work and the facts. In addition, the approach could produce a report to 216 

provide results describing whether three issues exist and details related to existing issues. 217 

 218 

Discussion 219 

Previous studies have paid more attention to evaluating the quality of WSIs through clarity, 220 

but they ignored the fact that other factors could also influence the quality. We proposed an 221 

approach dealing with specific issues including the position deviation, cover slip 222 

misplacement and wrong focus to evaluate the quality of WSIs and provided the details of 223 

issues as references. We confirmed that issues could be discovered at a high accuracy. The 224 

most significant consideration of this work is that we focus more on specific quality issues 225 

rather than look for a single numeric value to represent the quality of WSIs. This work is the 226 

first research study that regards the evaluation of WSIs as a project of discovering several 227 

specific issues. This approach can be more meaningful than using only the clarity to represent 228 

the quality of WSIs. 229 

However, more work should be done. Limited specialized datasets with issues exist 230 
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due to the lack of attention on the quality evaluation of WSIs. For instance, inappropriate 231 

stain concentrations could affect the efficiency of clinical diagnostics. Previous studies 232 

proposed some methods of evaluating the color reproducibility of WSIs [23-25]. However, it 233 

is difficult to discover areas of improper stain concentrations in the WSIs. In addition, 234 

methods of discovering areas with poor microtomy have not yet been proposed. Therefore, 235 

we will collect WSIs with inappropriate stain concentrations and poor microtomy. In 236 

addition, we will make an effort to develop methods to detect these issues. 237 

 238 

Conclusions 239 

In this paper, we proposed an approach to deal with several specific image issues including 240 

position deviation, cover slip misplacement and wrong focus. The approach could discover 241 

issues with high accuracy and produce reports providing details of the existing issues 242 

discovered. However, the limitation of specialized datasets with issues and methods of 243 

discovering such issues restrict the development of a quality evaluation. A dataset of WSIs 244 

with more issues including stain concentration and poor microtomy should be established, 245 

and methods discovering these issues should be developed in the future. 246 

 247 
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WSI: whole-slide imaging; PD: position deviation; CSP: cover slip misplacement; WF: 249 
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Figure Legends 356 

Figure 1. Examples of three issues claimed in this work. Figure 1(a) shows an example of 357 

position deviation. Figure 1(b) shows an example of cover slip misplacement. Figure 1(c) 358 

shows an example of wrong focus. 359 

Figure 2. An example of a normal WSI that contains black areas on the border. Figure 360 

2(a) is a normal thumbnail, and Figure 2(b) is a mask generated by the method. The white 361 

area on the border may influence the classification results. WSIs with white areas on the 362 
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border may be wrongly classified as WSIs with cover slip misplacement. Therefore, it is 363 

necessary to remove the edge of the original mask. 364 

Figure 3. Comparison of pieces from the thumbnails of normal WSIs and WSIs with 365 

Wrong Focus. Figure 3(a) shows a piece from a normal WSI thumbnail, and Figure 3(b) 366 

shows a piece from a thumbnail of the WSI with wrong focus. It is apparent that pieces from 367 

normal WSIs contain more useful information for clinic than pieces from WSIs with wrong 368 

focus. 369 

Figure 4. The contrast of the prediction provided by our approach and the facts. 370 



Figures

Figure 1

Examples of three issues claimed in this work. Figure 1(a) shows an example of position deviation.
Figure 1(b) shows an example of cover slip misplacement. Figure 1(c) shows an example of wrong focus.



Figure 2

An example of a normal WSI that contains black areas on the border. Figure 2(a) is a normal thumbnail,
and Figure 2(b) is a mask generated by the method. The white area on the border may in�uence the
classi�cation results. WSIs with white areas on the border may be wrongly classi�ed as WSIs with cover
slip misplacement. Therefore, it is necessary to remove the edge of the original mask.

Figure 3

Comparison of pieces from the thumbnails of normal WSIs and WSIs with Wrong Focus. Figure 3(a)
shows a piece from a normal WSI thumbnail, and Figure 3(b) shows a piece from a thumbnail of the WSI
with wrong focus. It is apparent that pieces from normal WSIs contain more useful information for clinic
than pieces from WSIs with wrong focus.



Figure 4

The contrast of the prediction provided by our approach and the facts.


