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Abstract:

Several problems are encountered in modeling aodepsing of many life science applications such lik
tissue engineering, bioacoustics, and food proegssietection. Recently, various image processing
techniques have been developed in an attempt e sobse problems. Due to the rapid advance ard hig
number of researches included in such field, tieeedways a room for improvement. In this work, adeed
image processing approaches are presented ancedgplidifferent life science applications. The tfirs
approach utilizes image processing in the generatfomicro-scaffolds for tissue engineering modglin
Furthermore, a spectrogram enhancement approatgvédoped to improve the pattern detection of weevi
existence in grain storage, based on their detemedidentified sounds. Finally, a novel edge d&iac
method applied on intramuscular fat recognitiorpiesented based on the energy and skewness as two
smoothed versions of the meat image. Results,mpeaoison to experimental data, offer a maximumreasfo
7.81% in the specified detection process.

1. Material and Method

1.1 Generation of micro-porous approach

The difficulty of modeling such complex micro-sttues always lies in retrieving the geometry irtte t
solver as edges. Edge detection algorithms aredbgsen highlighting discontinuities in images andrev
first developed for satellite images. The technigas become well-known and was further developed an
widely used for other image processing applicatidhging the conventional detection proceduresaligu

all the image size is processed, which leads tain@ant calculations of areas containing no edge
information. In this study a redundant avoidingaaithm is developed which searches for the threshol
value in the image and then propagates aroundaitdsD lattice in eight directions figure 1.1, liath edge

is hit.
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Figure 1.1 The scanning procedure for gradient changes patpagn an eight directional lattice until an edghbit

1.2 Spectrogram enhancement in bioacoustics

This approach is based on detection of the soutidrpsedges in the crest factor image, as showigime
1.2 and 1.3, which behaves as a smoothed versitheo$pectrogram image and avoids the use of edge
detectors prior smoothing filters and their scakingstraints.
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Figure 1.2 Spectrogram with 40 dB limited dynamic range

crest factor distribution The scaled crest factor image
for column nr. 77 of the spectrogram
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Figure 1.3 Crest factor distributions (left), the scaled tffastor image of the spectrogram (right).

1.3 Edge detection for intramuscular fat recognition

A novel edge detection method applied on intramiasdat is presented based on the energy and sleswne
as two smoothed versions of the meat image, asrshothe flow chart given in figure 1.4.
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Figure 1.4 flow chart edge detection



2. Resaults

2.1.Generation of micro-porous Approach

The conventional approach for edge detection isdhapon either thresholding the first derivativeaflient)

of the image or locating zero crossings of its adcderivative (Laplacian).The sample used, figufe fr
this simulation was of size 3 mm, 350n and 350um in z-direction, x-direction and y-direction,
respectively. The geometry was uploaded on theesoby collective segmenting and edge detection
techniques. The method has proven time saving awde enables the possibility of parallel procegspf

the image, as each threshold value can be scamdedealt with independently. After the predictiarighe
edges, the 2-d binary edge images are assembladhfpa 3-D binary file of the scaffolds figure 2.1.

Figure 2.1 From the micro-CT images 430 hundred 2-D binaryeeidtages are assembled forming a 3-D binary file of
the scaffolds

2.2.Spectrogram enhancement in bioacoustics

The spectrogram enhancement approach is comparethéo enhancement approaches, including multi-
band spectral subtraction and wavelet packet deositign, for different structure bioacoustics calls
including bats (ultrasound range) and birds (adowahge), with additive white Gaussian noise adalgdss

a range of signal to noise ratios. Results meassubgectively and objectively, indicate that thegrsed
method is promising for efficiently spectrogram anting while preserving its temporal and spectral
accuracy, as shown in figure 2.2.
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Figure2.2 (a) One of Sitta Canadensis bird calls at SNR dR0and its enhanced spectrogram by (b) BP, (c) BIBS
(d) WF, (e) WPD, and (f) the proposed method apgresa.



2.3.Edge detection for intramuscular fat recognition

The generation of micro-scaffolds approach is @gptin a sample meat image, which is scanned linedy
and every noticeable variance in the color valueshe grey levels is captured and the local thrigisho
values are estimated according to the highest giragient value. The local threshold values areaaest to
estimate the global threshold for the whole imageshown in figure 2.1.

() (b)
Figure 2.3 an image for a meat with fat (a), the x y scarhefitnage which does not show all the fat detajisa(idl the
lattice scan of the image showing more detaildeffat, as circled by red (c).

For intramuscular fat, the developed edge detecjmproach is used to predict the fat content inbfedr
meat images, as shown in figure 2.3.

18.5%

Figure 2.4 (a) original marbled meat images, (b) edges imagewy the proposed method (c) detected fat
regions, and (d) the percentage of fat content

Conclusion

As observed in the different approaches therevimyd a room for improvement that minimize the error
observed in the specified detection process. Thiaodse have proven time saving and as well enahkes t
possibility of parallel processing of the imagettleads to a more efficient performance highly dede for
industrial applications.
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