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Abstract 
 

ImageJ is a Java-based open source code created by NIH to obtain clinically 
meaningful information from biological images through elaborate 
quantification. However, for our purposes of image analysis involving a large 
volume of images (28,000) with varied background and signal strength, use of 
ImageJ required laborious manual background correction resulting in 
significant data loss. Therefore, we designed a new macro to the basic ImageJ 
such that we achieved significant automated background correction that was 
individualized for each image with fast analysis time. After analyzing several 
images including some from an open source database, we conclude that our 
current ImageJ extension gives us reliable and reproducible results for 
complex analysis of fluorescent and non-fluorescent images. 
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Introduction 
Scientists studying biological mechanisms are constantly using novel imaging tools to 
generate visually appealing and versatile images with multiplexed information 
thereby retrieving a whole array of complex clinically useful information (1). Most 
studies generate a large number of images to ensure statistical validity making image 
analysis laborious and time-dependent. Attempts for prompt and valid image analysis 
resulted in the development of several programs including ImageJ (2). ImageJ is a 
Java based open source code created by Wayne Rasband at NIH for biological image 
processing and subsequent analysis (3). ImageJ can display, permit extensive editing, 
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processing, and analysis of images with elaborate geometric and arithmetic operations 
for image quantification (4). ImageJ users can incorporate customized macros and/or 
plug-ins to suit their individual needs (5, 6). 
 Image analysis in biological settings, especially in the industrial setting, is often 
limited by the large volume of images captured at different times, resulting in 
variability, low throughput, and high noise. We came across several images in our 
dataset either with an overwhelming background or a normal background but weak 
signal. We used the “Batch Measure” macro of ImageJ 
(http://rsb.info.nih.gov/ij/macros/BatchMeasure.txt) for batch type analysis and then 
incorporated the auto threshold functionality for analysis. However, the issues of 
background and relative signal strength were unresolved thereby requiring manual 
intervention for each image. This resulted in individual bias, significant data loss, and 
throughput reduction. To circumvent these issues, we designed our own macro to the 
“Batch Measure” ImageJ for automated background correction. 
 
 
Materials and Methods 
The background correction in our new macro consists of 3 steps: (1) Calculating mean 
stained area and the standard deviation for each image (2) Taking the sum (A) of this 
mean area and 3 times the standard deviation (3) Setting “A” as the threshold, such 
that values above threshold were quantified for signal intensity. For florescent images, 
we used the “Batch Measure” ImageJ, incorporated the auto threshold functionality 
and the newly designed macro to achieve automated background correction for each 
image. For non-fluorescent images, we employed the “color deconvolution” plugin 
for ImageJ, which can analyze only one image at a time (7) along with the “Batch 
Measure” ImageJ macro and modified it to incorporate our own macro for automated 
background correction. 
 We generated fluorescent immunohistochemistry images of pancreas from an in 
vivo mouse model. The resulting enormous dataset of 28,000 images was then subject 
to analysis using our new macro for color fluorescent images (submitted as 
“Batch_Measure_color_mean_std.txt” file). The macro for B&W fluorescent images 
is submitted as “Batch_Measure_bw_mean_std.txt”. For simplicity, we show data 
from 443 pancreas images stained for insulin (β cell area) and DAPI (total pancreas 
area). All images were analyzed by 4 methods including manual outlining, manual 
threshold, auto threshold, and our new macro automated background correction 
technique. 
 
 
Results and Discussion 
Figure 1 gives representative images of mouse pancreas stained for insulin to 
determine the β-cell area. In figure 1A (left panel), the background signal was too 
strong to detect signal from the area of interest, which upon application of the auto 
threshold setting highlighted the entire pancreas instead of β cells alone (middle 
panel). Figure 1A right panel shows the same image but with the background 
correction using the new macro threshold setting such that only area above the 
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computed threshold positive for the stain is highlighted. In another example we 
observed weak signal strength against a normal background (figure 1B left and middle 
panels). However, with our current threshold correction technique applied to the same 
image, we rectified the issue and obtained excellent signal strength (figure 1B, right 
panel) enabling quantification. 
 Data obtained with the new macro was compared with other methods of 
quantification. Here we report pancreatic β-cell mass (pancreas weight (mg) x ratio of 
insulin stained area to total pancreas area) for all 4 methods (Figure 2). When 
compared with β-cell mass reported in literature (~2 mg) (8; 9), the percent error for 
the manual outlining, manual threshold, auto threshold, and the new macro methods 
was 9.9 ± 47.2, 146 ± 29, 32805 ± 5698, and 221.4 ± 30.5 (all values are mean ± SD) 
respectively. Despite a high percent error with the new macro method, the variation 
was very low compared to the manual outline technique, indicating inconsistency and 
operator bias in the latter method. The high percent error in the new macro method 
can be attributed to a higher estimation of the pancreas weight during tissue harvest 
resulting in deviation from normal. The auto threshold method however showed a 
significantly higher β cell mass compared to the other 3 methods (figure 2, p<0.05) 
with a markedly high percent error and variance suggesting the unreliability of the 
former. The manual threshold method is closest to the new macro method in 
computing the β-cell mass (figure 2) and also demonstrated a similar percent error. 
 To further confirm the validity of our macro; we obtained endometrial cancer 
images stained for DAB-labeled estrogen receptor α (ERα) from the Human Protein 
Atlas database (www.proteinatlas.org) (10, 11). Per the database, these images were 
categorized into 6 groups based on stain intensity (representative images depicted in 
Figure 3). We downloaded these images, obtained RED channel images for the DAB 
stain, and processed them with our new macro for non-fluorescent images (submitted 
as “Batch_Measure_color_deconvolution plugin_mean_std.txt” file) to estimate 
stained area, which was plotted against the manual call-outs from the database (Figure 
4). Spearman’s rank correlation coefficient for this dataset was found to be 0.86 
(p<0.001), thereby suggesting a good association between our quantification 
technique and the manual call-outs from the database. 
 Thus, with this simple modification to the existing ImageJ, we were able to 
achieve several goals: (1) Automated background correction for each image without 
manual intervention (2) Quick processing times (1 hour for 28,000 images as opposed 
to 1900 hours by the manual outline method) (3) Conversion of images to grayscale 
before processing thereby maintaining uniformity and enabling analysis of RGB and 
B&W images (4) Background correction for each RGB channel possible; useful for 
multiple protein staining. In conclusion, our newly designed macro allows for rapid 
and automated analysis of large image datasets with better precision that is 
independent of operator bias. 
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Figure 1: Representative images of pancreas sections stained for the islets with 
insulin. The top panel shows a representative image of pancreas with normal signal 
intensity but against a high background on the left panel; middle panel is highlighted 
for quantifiable area based on auto threshold, which as seen considers the entire 
pancreas area due to the background; right panel is after adjusting threshold as mean + 
(3xSD), thereby highlighting only the insulin stained area. The bottom panel depicts a 
representative pancreas image showing no background interference but with low 
signal intensity on the left panel; upon auto threshold application, the islets are 
highlighted insufficiently thereby resulting in data loss in the middle panel; right 
panel is after the application of the new threshold setting adjustment. 

 

 
 

Figure 2: β cell mass calculated for pancreas sections by 4 different methods. Data 
are mean ± SD, n=6, * p<0.05 compared to the auto threshold method. 
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Figure 3: Representative images of human endometrial cancer stained for DAB-
labeled estrogen receptor α (ERα) categorized into 6 groups based on stain intensity 
obtained from www.proteinatlas.org.  

 

 
 

Figure 4: Quantification of intensity density using our macro method for the images 
obtained from www.proteinatlas.org. Data are presented as a scatter plot with their 
mean indicated as the horizontal line. Spearman’s correlation coefficient r=0.87 
(p<0.001). 
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