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Abstract. Reducing image file size by means of lossy compression algorithms 
can lead to distortions inimage contentaffectingdetection of fine detail structures, 
either by human orautomated observation. In the case of microscopic images of 
blood cells, which usually occupy large amounts of disk space, the use of such 
procedures is justified within a controlled quality loss. Although JPEG 2000 
remains as the accepted standard for lossycompression, still a set of guidelines 
need to be established in order to use this codec in its lossy mode and for 
particular applications. The present paper deals with a quality analysis of 
reconstructed microscopic leukocytes images after they have beenlossy 
compressed. The quality loss is investigated near the lower compression boundby 
evaluating the performance of several segmentation algorithms together with 
objective quality metrics. The value of compression rate of142:1 is estimated 
from the experiments. 
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1   Introduction 

Images produced by digital microscopy techniques are characterized by large file 
sizes due,not only to the bit depths employed, but also to the high resolution 
properties of the digital acquisition devices. The amount of such images obtained in 
daily practice, also depending on the type of studies required for every particular 
detection task, can be huge, leading to problems of storage and transmission of the 
image data through communication networks [1], [2]. 

Reducing file size of microscopic images by means of lossy compression 
algorithms, such as the JPEG 2000 codec, can lead to image distortions and therefore, 
to affect their value for diagnosis. Preservation of imagequality is essential, for 
example, the count of white blood cell(leukocyte) structures within the observed field 
of view can lead to identification and/or diagnosis of several pathologies,such as 
acquired immunodeficiency syndrome,cancers, or chronic infections. Fig. 1a) shows a 
typical image where leukocytes are indicated. The fine detail structures, which 
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identify or differentiate among the different leukocyte types, are sensitive to 
distortions, such as noise or artifacts introduced by lossy codecs. 

The JPEG 2000 codec (ISO 15444-1) uses the Wavelet Transform as the kernel 
transformation surpassing the performance of its predecessor, the JPEG codec, based 
on Discrete Cosine Transform [3], [4]. Lossy  codecshave been reported as having 
compression ratio (CR) of one order of magnitude higher thanthose obtained with 
lossless ones. 

Although JPEG2000 has been adopted by DICOM standard, there are still no 
regulations for the use of its lossymode where the higher the CRs are, the more 
distortion is introduced in the image, affecting particularly edge definition and 
therefore, jeopardizing the correct identification of the structures and the diagnosis 
made through these images [5]. Fig. 1 show Regions of Interest (ROIs) containing 
two different types of leukocytes, i.e. monocyte and lymphocyte, extracted from 
image in Fig. 1a) after compression at different CRs. 

 
 

    

    
a)  b) c) d) e) 

Fig. 1. Image in a) shows a bitmap of 1536V x 2048H pixel size, which occupies 9.00 MB of 
disk space. White squares indicate two different types of leukocytes, i.e. lymphocyte 
andmonocyte. Images in columns b) to e) show the two leukocytes extracted from image in 
column a)compressed at different CRs; b) no compression, c) CR=250:1, d) CR=500:1 and e) 
CR=1000:1. The edges, texture and contrast are severely distorted as compression rate 
increases. 

Several researches have been carried out in order to establish a CRlimit for specific 
image types where the overall perceived image quality is not perceptually affected 
when using alossycodec [6], [7], [8]. In this paper, we propose a strategy to estimate 
the maximum allowable CR where deterioration introduced in the images by the 
codec, does not affect the quality of leukocytes images. The estimation is based on the 
performance of several segmentation algorithms. 

2   Materials and Methods 

2.1   The Images 

Images were acquired using a Micrometrics 318CU CMOS digital camera, resulting in 
24-bit color pictures of 2048H x 1536V size. The camera was attached to an  
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Accu-scope 3016PL trinocular microscope with 100x oil immersion objective and 10x 
eyepieces. For the test, we selected 15 images per leukocyte class, where the classes of 
interest were: lymphocytes, monocytes, neutrophils, basophils and eosinophils.Some 
manually cropped images are shown in Fig.2.  

 

Fig. 2. Leukocytes. Left to right: lymphocyte, monocyte, neutrophil, basophil, eosinophil 

2.2   Compression with JPEG 2000 Codec 

For achieving JPEG2000 compression,theJasPersoftware [9]was employed.Images as 
in Fig. 1a) were compressed at 30 different compression factor (CF=1/CR), from 
0.001 (CR=1000:1) to 0.03(CR=33:1), with a step of 0.001. Then, ROIs were 
extracted from the uncompressed and the 30 compressed images. 

The CR was calculated as the necessary memory space (in bytes) for allocating 
uncompressed image divided by the number of bytes necessary for allocating the 
same image in its compressed format. 

2.3   The Segmentation Algorithms and Distance Measures 

Typically, leukocytes identification is based on visual inspection of individual images 
with fields of view wider than the size of individual cells and containing other 
structures as well as noise and/or artifacts. The approach of having experts dedicated 
to this task is time consuming, exhausting and prone to human error, requiring 
frequent repetitions to validate results [11]. These situations, altogether with the great 
amount of images necessary to achieve a diagnosis, encourage scientists to develop 
segmentation algorithms as an early stage for automated classification. 

Three automatic segmentation algorithms were tested over a set of leukocytes images 
each one compressed at 30 different CFs. These were theOtsu’s method [12], Active 
Contours (AC) method [13] and the Mixture of Gaussians (MoG) method [14]. For 
assessing the segmentation results, of each of the proposed methods, applied at a specific 
CF, the contour basedHausdorff distance [15] and the region based Vinet distance [16], 
between Ground Truths (GTs) and segmentation results have been estimated. 
GTsweremanually selected in each ROI at initial state, i.e. without compression. 

Given two finite point sets A = {a1,…,ap}and B = {b1,…, bq}, the Hausdorff 
distance is defined as , max , , ,  (1)

where , max min , (2)
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and .  is some underlying norm on the points of A and B (e.g., the L2 or Euclidean 
norm). Thus, it measures the maximum mismatch between two sets by measuring the 
distance of the point of A that is farthest from any point of B and vice versa. 

The Vinet distance between two images is computed as , ∑ , , (3)

for weight ωpand various resemblance functions between regions , 1 ,, , (4)

where , are regions in the left (L) and right (R) images respectively and Apis some 
attribute of a region, for example, intensity mean, intensity variance, special moment, 
etc. 

2.4   Quantitative Measures 

For our particular research the following bi-variate measures were calculated in order 
to have an estimate of image quality according to CF[1], [2], [10]: 

- The Peak Signal-to-Noise Ratio (PSNR):considering X(i,j)as the uncompressed 
image and Y(i,j)the restored one, PSNRis defined as: 10 · log  , (5)

whereMAXp=2B-1,B is the image bitdepth and MSE (mean square error) is defined as: 

· ∑ ∑ , ,  , (6)

wherem and n are the number of rows and columns in the image, respectively.  

- The spectral distance (SD):a measure of distance between uncompressed and 
reconstructed Fourier domainimages given by: 

· ∑ ∑ | , | | , | , (7)

where , and , are the imaginary parts ofFourier transforms of uncompressed 
and restored images, respectively.  

- The gain in Contrast to Noise ratio(gCNR) is defined as:  10 · log , (8)

whereCNRX and CNRY are the contrast-to-noise ratios in the uncompressed and 

reconstructed images respectively calculated as  ⁄ , with  and 

 being the mean values of intensity from two different regions in the i-thimage and 

 the standard deviation of noise in the same image. 

- The structural similarity index (MSSIM):a powerful measure proposed by Wang et 
al. [10] was also employed. It can be calculated as: 
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, ∑ , , , (9)

whereMis the number of image blocks xiand yiof uncompressed and reconstructed 
image respectively and SSIM calculated as: , , (10)

where and are the luminance values, and the contrast estimation values for 
uncompressed and reconstructed images respectively, and ∑

. The constants C1 and C2are placed to avoid instability:Ci=(KiL)2 where 
L= 255, for 8bpp images and Ki<< 1. 

All bi-variate calculations are made between the uncompressed image and every 
reconstructed image after being compressed at eachCF value in the interval studied.  

3   Results 

The normalized Hausdorffdistances for the three segmentation algorithms tested are 
shown in Fig. 3. As we can see, the three methods show a similar behavior as quality 
metrics, with Otsu’s method having lower Hausdorff distance to the GT in general. 
The Hausdorff distance for CF higher than 1/142, has a standard deviation below 5% 
of the Hausdorff distance for the maximum CR tested. 

 

Fig. 3. Normalized Hausdorff distance (HD) for the three segmentation algorithms tested. 
Dotted line at CF=0.007(CR=142:1) indicates the estimatedlower bound, at this point not 
normalizedHDAC = 10.3,HDOtsu = 4.5 and HDMoG = 8.3 Hausdorff distance units. 

Fig. 4 shows the normalized Vinet distances for the three segmentation algorithms. In 
this case, the curves are smoother; due to Vinet distance capture better perturbation in 
edge (introduced by JPEG2000 Codec) than Hausdorff distance, which is more tolerant 
to those variations, because it measures proximity rather than exact superposition.  
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Fig. 4. Normalized Vinet distance (VD) for the three segmentation algorithms tested. Dotted 
line at CF=0.007(CR=142:1) indicates the estimated lower bound, at this point not 
normalizedHDAC = 1.0, VDOtsu = 1.1 and VDMoG = 2.3 Vinet distance units. 

 

Fig. 5. The calculated objective metrics are shown in a compression interval from 1 to 15. At 
CF=0.007(CR=142:1), gCNR=13.7 dB, PSNR=78.7 dB, SSIM = 0.99 and SD=0.02. 

The nick point in the curves at CF=0.007 (CR=142:1) suggests a lower CR bound. 
For CR values bigger than this, image quality is severely distorted, as we can 
corroborate in Fig. 5 with quantitative measures.At this CR, file size is reduced from 
9 MB to approximately 65 KB. Metrics such as PSNR and gCNR show a stronger 
dependency with variation in CR while metrics such as SD and SSIM show less 
dependence with CR. 
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4   Conclusions 

The analysis with the automatic segmentation algorithms tested suggestedan interval 
of CR values from 33:1 up to 142:1 where is safe to use JPEG 2000. This initial and 
partial result is later confirmed by objective metrics,which agrees in the upper most 
CR value of 142:1.   

Both, metrics for evaluating the performance of segmentation algorithms and objective 
quality distortion, are considered representative for estimating quality degradation caused 
by the lossy codec. 

The result presented are preliminary and lack of subjective experience in 
interpreting this type of images. A more complex investigation including subjective 
evaluation should be carried out in order to precise the bounds for lossy compression. 
Nevertheless, a CR limit of 142:1 was estimated through both metric types as a limit 
for using JPEG 2000 compression in leukocytes identification tasks. 
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