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Simple Summary: Body condition score (BCS) is a quick assessment that is extensively used on-
farm to evaluate ewes condition. BCS is an easy and low-cost technique to measure and compare 
sheep body fat by visual evaluation and hand palpation of short ribs of the sheep, directly after the 
final, 13th long rib animal condition. This study investigated the relationship between the BCS, body 
parameters and body carcass fat (BCF). 

Abstract: The objective of this study is to determine the relationship between body condition score 
(BCS) and body carcass fat (BCF) of ewes at two key stages of the production cycle. Data were 
collected from 88 Coopworth ewes including BCS measurements manually evaluated by the farm 
manager, BCF measurements determined by computerized tomography (CT) and body parameter 
measurements automatically determined by an image processing application. Artificial neural 
network (ANN) statistical analysis method was used to develop a relationship between the body 
parameters and the BCF with an r2=0.96 and RMSE=1.01 using all top and side variables.  

Keywords: body condition score; body parameters; body carcass fat; live weight;  
ewes condition; image analysis; Artificial neural network 

 

1. Introduction 

Body condition is an indicator of ewe health and feeding status. Body condition score (BCS) is a 
management tool to evaluate ewe condition on a scale between one and five; one represents poor, 
and five represents obese. BCS is defined to the nearest 0.5 increments with an optimal score is 
between 2.5 and 3.5 [1–3]. BCS can provide an indication of the amount of fat by well-trained 
evaluators; however, it is a subjective measure [4–7].  

BCS was used to describe the condition and estimate fatness of ewes [8] and BCF [9]. In contrast, 
BCS has a limitation of estimating ewes fatness if they have a greater proportion of its body fat around 
the internal organs and require dissection to get a better estimation [3]. BCS can provide a good 
indication of BCF by well-trained evaluators, however, these are subjective measures [4]. One of the 
difficulties of BCS is that, for example, an ewe that might be considered by a lowlands flock master 
to be in only moderate condition (condition 2) could be judged as very good (condition 3.5) by 
someone accustomed to handling hill stock. BCS was found to be unsuitable for evaluating ewes 
condition and the development of a new technique is required to provide a more accurate estimation 
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of percentage of fat for ewes [7]. BCS and BCF were measured at two times (fattening and fasting) 
from four different breeds; Chios (n=80), Lacaune (n=70), Frizarta (n=75), Assaf (n=70). The results 
showed a weak to moderate correlation between BCS with fat, with a different fat among ewes at the 
same BCS with R2=0.69 for Chios, R2=0.38 for Lacaune, R2=0.72 for Frizarta and R2=0.01 for Assaf [7]. 

Medical methods such as ultrasound [10–12], DEXA [13] and CT [14] are used as research 
methods for BCF. The accuracy of CT, compared with dissection for determining body composition, 
achieved r2 values of 0.99 for fat, [15–18]. However, these methods are time-consuming, expensive, 
and require expertise, equipment, and special medical procedures [12,13,19].  

1.1. Background 

Visual evaluations, BCS and Live Weight (LW) are used to monitor the animal's condition and 
estimate the level of feeding needed and the nutritional well-being of the flock. When LW and BCS 
relationships of ewes were investigated, it was found that LW reflects ewes' body size, internal organ 
size and foetal development at the time of weighing whereas BCS indicates body fat only [20]. 
Therefore, BCS is used to evaluate the condition of animal. LW is a combination of body condition 
and size it is used as an indication of ewe condition [2]. Some studies discussed the advantages of 
using BCS in predicting total fat carcass [8,9]. 

BCS is a useful measurement for estimating body fat where the assessment of body condition in 
ewes is a valuable tool for good flock management [21]. BCS is used to optimize nutrition by adjusting 
feeding according to the body condition of ewes, particularly during early lactation and in late 
pregnancy as the most appropriate alternative to LW [5,21,22]. BCS and LW changes are related; if 
BCS needs to be increased by one unit (e.g. score 2.0 to score 3.0), ewes need to gain 7–9 kg for Merino 
ewes. Another study argued per unit change in BCS for mature Churra ewes, an expected change of 
5.57 kg of LW [23].  

Determining the BCS at mating is important to evaluate ewe performance [21]. It is also useful 
to check BCS during pregnancy as an alternative tool management for evaluating ewe condition [5] 
and pre-lambing to ensure lamb and ewe survival [24]. Changes in body condition in the production 
cycle affect ovulation rate and lambing percentage: having a BCS of 3.0 the higher the ovulation rate 
[3]. A higher BCS score means a sheep has a large amount of fat (i.e. obese) and a lower score means 
less fat (emaciated).  

There is increasing demand for understanding BCF distribution and prediction in sheep as it has 
links to many production outcomes. Capturing such data requires the use of full-body dissection data 
collected after slaughter or the use of computerized tomography (CT) scanning. CT scanning is used 
in the New Zealand sheep industry to estimate the BCF of live animals [25]. The best way to estimate 
animal condition is by calculating the amount of BCF using CT [16]. Because of a direct relationship 
between X-ray attenuation and tissue density, CT scanning provides an accurate prediction of BCF 
[26].  

Body parameters have been used to evaluate the characteristics of sheep that may vary due to 
the influence of breed evolution, environment and nutrition and have been studied to predict body 
size and LW [27]. Body parameters can be measured by hand, measuring stick or tape measure where 
the sheep must stand in a place with correct posture (the sheep body is straight and the head is not 
turned to the left or the right) [28,29].  

Body parameters such as body length, height and heart girth have been used to estimate the LW 
of sheep instead of using scales [30]. The feasibility of using image processing to estimate the LW of 
sheep was investigated, and the research indicated that image analysis using body parameters can 
be used as a reliable guide for estimating the LW and body size of sheep. The sheep were divided 
into five age groups between 2-6 years in mating time with the highest R2 of 0.79 found in the LW 
estimation using body length [29]. Body parameters of heart depth, height at wither, chest width, 
heart girth and rump width were used to estimate sheep body weight. The highest R2 of 0.75 was 
found using the heart girth to estimate the body weight [31]. Body parameters have been used for the 
determination of yak and ewe LWs using image measurements [27,32,33] and using physical 
measurements [29,31,34,35]. Body parameters determined by image analysis have been used as a 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 5 April 2024                   doi:10.20944/preprints202404.0438.v1



 3 

 

reliable guide for estimating the body size of sheep [30,36–38], newborn lamb size [39,40], predicting 
fat for pigs [41], and carcass characteristics estimation of sheep [42].  

Although the relationship between BCS and BCF was investigated at mating [21], at pregnancy 
[5] and at pre-lambing [24] but it has not been investigated at other important production cycle stages. 
Therefore, this study investigated the relationship between BCS and BCF at weaning and pre-mating 
using ANN. 

2. Materials and Methods 

2.1. Data Collection 

BCS and BCF data were collected from 88 ewes aged 2–4 years at Lincoln University sheep farm 
at weaning and pre-mating. The wool length of the wool was tested and taken into account [43]. BCS 
was evaluated by a farm manager and BCF was determined by CT licensed operator. LW was 
measured using electronic scale manufactured by Prattley.  

Ewes were standing in a metal crate while taking body measurements and capturing top and 
side images. The ewes were fasted with the water removed for 12 hours. 

The body parameters were measured using a custom-made ruler that has measurements in 
millimeters, with one side fixed and the other movable to accurately measure body parameters. Top 
body parameters of body length, chest width, width and rump width where the side body parameters 
were front height, back height, depth, body length and side length. The side camera used was Cannon 
DSLR 750D with 24.2 megapixel sensor, the top camera was GoPro 7 with 12 megapixel sensor. 

Two CT scout scans were taken for each ewe: one from the top half of the body and another from 
the bottom half Error! Reference source not found.. The first scout scan captured three slices of the 
ribs. Slice 1 was taken at the first rib, slice 2 at the fifth rib and slice 3 at the last rib. The second scout 
scan captured four slices: one at the second to last vertebra in the spine; the second slice at the fifth 
rib in the middle of the pelvis; the third slice at the end of the pelvis; and the last slice was taken at 
the ischium. Once the scanning procedure was completed, the wooden stretcher was carried out and 
the ewe was released to the recovery room. The ewe was placed in the sternal recumbency recovery 
position and ensured that it was kept warm. Ewes were CT-scanned using a CT750 HD machine 
manufactured by GE Healthcare. The CT slice measurements were measured by the CT operator 
using the STAR 6.15 software. CT images were then analyzed by an experienced CT operator to 
determine the amount of fat, lean and bone for each slice based on the color (body carcass fat in dark 
grey areas, lean in light grey areas, bone in white and in air black areas) by drawing around these 
areas. These areas were measured using linear measurements or irregular drawings traced manually 
by the operator. The CT scanning operator held a current license to use ionizing radiation (National 
Radiation Laboratory) and was an accredited person (as approved for competency by the Lincoln 
University Animal Ethics Committee). 

 

Figure 1. CT scout scans and the seven slices. 
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ANN works by determining the input layers based on the weights. Once the weights are 
assigned, the input variables that contribute significantly to the output will be determined [44]. All 
inputs are then multiplied by their respective weights and summed. Afterwards, an activation 
function is used to determine the correct output. If that output exceeds a given threshold, it activates 
the node, transforming data to the next layer. This results in the output of one node becoming the 
input of the next node. To get the best results, ANN relies on training and validating the data to 
improve accuracy. This process of passing data between layers defines this as a feedforward neural 
network [45]. 

2.2. Statistical Analysis 

Over the two weaning and pre-mating experiments, data from 88 ewes were used; 74 ewes were 
scanned in both experiments and 14 ewes were scanned only once. For the ewes that were scanned 
in both experiments, each animal has two records. The data of these two experiments were combined, 
generating 162 records or observations to cover different body compositions during weaning and 
pre-mating. The percentages and number of observations were 162 observations, which were divided 
into three groups: 70% for training (114 observations), 15% for validation (24 observations) and 15% 
for testing (24 observations).ANN is divided into two groups: first, where the network structure does 
not have loops called feed-forward and secondly, called recursive network, which has loops through 
feedback connection [46]. A statistical method called a two-layer feed-forward neural network was 
used using MATLAB 9.10 and utilizing the Levenberg-Marquardt back-propagation algorithm 
trained to predict the dependent variable BCF [47]. The statistical methods were applied to all data, 
ANN statistical models were compared to find the best model to estimate BCF in terms of R2 value 
and error percentage. 

3. Result 

3.1. Weaning and Pre-Mating Scans Data Changes 

CT scan results showed the amount of BCF increased for ewes at pre-mating by an average of 
823g, where 64 ewes gained BCF and only 10 ewes lost BCF in the pre-mating scan as shown in the 
data in Error! Reference source not found.. The ewes lost LW by an average of 2877g, out of 74 ewes, 
46 ewes lost LW and 28 ewes gained LW due to physiological changes and the size of the 
gastrointestinal tract size is known to change, this could substantially change the LW of ewes. 
Therefore, a drop in LW was expected. 

Table 1. Data of body changes in pre-mating scan compared to weaning scan. 

Body parameter Mean changes 
BCF +823 g 
BCS -0.18 
LW -2877 g 

Angle length +52 mm 
Body length +66 mm 
Side length +59 mm 

Height +13 mm 
Back height +24 mm 

Depth +25 mm 
Top length +9 mm 

Abdominal width +14 mm 
Rump width +36 mm 
Chest width +34 mm 
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3.2. Application Uncertainty Test 

The results showed that top image parameters were better than side image parameters to 
estimate BFC. An average mean difference of 1% for application measurements of two top images for 
the same animal of 12 ewes is shown in Error! Reference source not found.. The results show a 
variance of less than +/-21 mm for all top body measurements, with more than 95% of the results 
having a variance of +/-10 mm. The maximum variance was +20.7 mm on top length. The results show 
uncertainty of -9.43 to 9.22 mm for chest width, which was used to predict the BFC. 

Table 2. Variance test of multiple images for each ewe (mm) for top measurements. 

Top length Rump width Chest width Width 
1st 2nd Δ 1st 2nd Δ 1st 2nd Δ 1st 2nd Δ 

770.08 770.08 0 300.92 300.81 0.11 290.83 300.05 -9.22 310.58 310.47 0.11 
790.25 800.88 -10.63 300.70 310.68 -9.98 290.94 300.37 -9.43 320.78 330.10 -9.32 
820.62 820.62 0 320.98 330.20 -9.22 300.16 300.16 0 330.43 330.32 0.11 
840.90 850.01 -9.11 310.68 310.68 0 290.07 290.18 -0.11 320.23 320.23 0 
850.34 850.34 0 320.76 320.87 -0.11 290.07 280.85 9.22 330 320.67 9.33 
790.58 800.23 -9.65 280.09 280.53 -0.44 250.59 250.81 -0.22 290.19 290.41 -0.22 
850.01 850.88 -0.87 320.22 320.66 -0.44 280.63 280.42 0.21 320.02 320.13 -0.11 
790.68 780.82 9.86 330.42 330.42 0 270.87 280.20 -9.33 310.58 310.69 -0.11 
880.92 860.32 20.6 330.96 350.37 -19.41 320.00 320.44 -0.44 350.71 360.15 -9.44 
870.29 870.62 -0.33 350.92 360.03 -9.11 320.11 320.22 -0.11 350.28 350.39 -0.11 
830.27 830.27 0 340.29 340.50 -0.21 320.98 330.31 -9.33 350.82 350.93 -0.11 
830.16 830.49 -0.33 320.33 320.33 0 270.98 280.20 -9.22 310.58 310.69 -0.11 

Max, min Δ  
+20,  -
10.63 

+0.11,  -19.98 +9.22, -9.43 +9.33,  -9.44 

Mean diff. 1% 1% 2% 1% 

3.3. BCS and BCF Ranges 

The purpose of this analysis was to quantify how the same BCS reflected the range of fat amount. 
The BCS results of 88 ewes showed a range between 2.0 and 4.5, while the amount of fat showed a 
minimum amount of 0.88 kg and a maximum amount of 17.65 kg. The results show a range of fat of 
0.88-3.86 kg for condition 2.0, 1.29-8.54 kg for condition 2.5, 1.98-12.47 kg for condition 3.0, 3.31-13.86 
for condition 3.5, 9.11-12.44 kg for condition 4.0 and 14.47-17.65 kg for condition 4.5 Error! Reference 
source not found.. 

Table 3. BCS and BCF range. 

BCS Fat range - kg Average fat Number of ewes 
2.0 0.88-3.86 2.25 18 
2.5 1.29-8.54 4.57 67 
3.0 1.98-12.47 6.45 33 
3.5 3.31-13.86 8.25 13 
4.0 9.11-12.44 11.89 3 
4.5 14.47-17.65 16.51 3 

Most of ewes were given a BCS between 2.5 and 3.0, which is the optimal condition score, but 
had higher BCS and less fat or lower BCS and more BCF. For example, one ewe had a BCS of 2.5 with 
an 8.54 kg amount of BCF, but another had a 3.0 score but 1.98 kg of BCF. Furthermore, one ewe had 
a score of 4.0 with 12.44 kg BCF but another ewe had 12.47 kg BCF with a score of 3.0 or 13.86 BCF 
with a score of 3.5 Error! Reference source not found.. This result confirms that there is a high range 
of fat for a given BCS in this experiment. 
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Figure 2. Relationship between BCS and BCF – training data. 

3.4. BCF Prediction 

The predicted model of BCF with highest R2 value was the model using all variable with an r2 = 
0.95 and RMSE = 1.19 for the training data. This model had 12 inputs which are chest width, angle 
length, body length, side length, front height, back height, depth, top length, width, rump width, top 
area and side area with one hidden layer and one output (BCF). 

The known amount of BCF was tested, and a relationship was found to validate the BCF 
prediction model using the testing data, with an r2 = 0.96 and an RMSE = 1.01 Error! Reference source 
not found..  

Table 4. Relationships between LW and body parameters to estimate BCF—ANN. 

Independent Variables r2 RMSE 
BCS 0.72 3.33 

LW, Chest width 0.89 1.12 
LW, Angle length 0.85 1.55 
LW, Body length 0.84 1.29 
LW, Side length 0.83 1.29 
LW, Front height 0.82 1.61 
LW, Back height 0.83 1.53 

LW, Depth 0.86 1.34 
LW, Top length 0.86 1.31 

LW, Width 0.85 1.16 
LW, Rump width 0.85 1.15 

LW, Top area 0.86 1.13 
LW, Side area 0.87 1.23 
All variables 0.95 1.19 

The average body parameter changes at pre-mating scans are shown in Error! Reference source 
not found.. The increase in BCF amount explains the increase in body parameters, while the changes 
on the gastrointestinal tract could substantially change the LW of ewes.  

Additionally, the age of the ewes would affect LW as an increase in body parameters would 
normally expected for younger ewes whereas the increase is less for older ewes.   

Table 5. Body composition changes in pre-mating compared with weaning. 

Body parameter Mean changes 
BCF +823 g 
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F 

kg

BCS
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BCS -0.18 score 
LW -2877 g 

Angle length +52 mm 
Body length +66 mm 
Side length +59 mm 

Height +13 mm 
Back height +24 mm 

Depth +25 mm 
Top length +9 mm 

Abdominal width +14 mm 
Rump width +36 mm 
Chest width +34 mm 

Top area +69000 mm2 
Side area +81600 mm2 

The maximum difference between BCF determined by CT and estimated by ANN data was 1.352 
kg where the minimum difference was 0.013 kg. The BCF has a minimum BCF of 3.742 kg and a 
maximum BCF of 13.867 kg Error! Reference source not found.. 

Table 6. Relationship between BCF, ANN and BCS test data in (kg). 

CT BCF ANN BCS 
13.867 13.951 3 
12.479 11.931 2.5 
7.249 7.236 3 
4.390 3.895 4 
6.674 6.342 3 
9.066 8.168 2.5 
6.209 6.139 2.5 
7.919 6.869 3.5 
12.329 11.937 2.5 
7.242 6.736 2.5 
5.117 4.932 3 
5.943 5.835 3 
13.034 12.673 2.5 
4.451 4.243 2.5 
3.742 3.664 2.5 
4.513 4.461 2.5 
10.940 11.015 3 
7.403 6.051 2.5 
6.301 6.563 2.5 
5.148 5.135 3.5 
5.595 5.456 3 
7.114 6.620 2.5 
6.616 6.411 2.5 
3.525 3.666 2.5 

4. Discussion 

An alternative methodology has been explored (with the potential to create an automated 
approach) further to predict the BCF of ewes during their production life cycle. This method provided 
an accurate estimation of BCF during the weaning stage when ewes had lost body condition. It also 
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showed that body composition changes after pre-mating, which shows that ewes had gained BCF. 
The ewes showed a slight loss in BCS and LW in the pre-mating scan, but all other body parameters 
increased. The reason ewes lost BCS could be due to BCS is a manual process that is subjective 
depending on the operator as well as ewes losing LW. This estimation helps the farmer to make 
decisions about the appropriate nutrition intake for each animal to make it ready for mating. 
Condition is used by farmers to describe the amount of fatness a sheep has. BCS is used to evaluate 
the condition of sheep by farmers [1–3]. This study investigated the relationship between BCS and 
BCF for Coopworth ewes at the pre-mating and weaning stages of production cycle. The correlation 
between the amount of BCF determined by CT and the amount of BCF predicted by BCS was R2=0.72. 
This correlation confirmed that BCS was not a significant predictor of BCF and has inaccuracy when 
predicting the BCF [13]. 

The changes of BCF between pre-mating and weaning are crucial as it describes the condition of 
ewe during its lowest and best condition. The increase of BCF reflects the improvement of ewes 
condition. The BCF increased by 823g at pre-mating compared to the BCF at weaning. However, the 
BCS decreased by 0.18 score and the LW decreased by 2877g. The result also showed an increase for 
all body parameters with a minimum increase of 9mm for top length and a maximum increase of 
66mm for the body length. 

The results showed a range of BCF for BCS 2.0 of 0.88 to 3.86 kg, 1.29-8.54 kg for BCS 2.5, 1.98-
12.47 kg for condition 3.0, 3.31-13.86 kg for condition 3.5, 9.11-12.44 kg for condition 4.0 and 14.47-
17.65 kg for condition 4.5. The results also showed 106 ewes out of 138 ewes had BCS between 2.5-
3.0, but other ewes have higher BCS and less BCF or lower condition score and more BCF. For 
example, one ewe had a BCS of 2.5 with 8.54 kg of BCF, while another had a BCS of 3.0 but the BCF 
was only 1.98 kg; another ewe had a BCS of 4.0 with 12.44 kg of BCF, compared to another ewe that 
had more BCF (12.47 kg) but a lower BCS (3.0) and one with 13.86 kg of BCF with a BCS of 3.5. 

BCS was found as a good indication of BCF [4] and as an alternative method to the LW to 
evaluate ewe condition [5]. By contrast, the development of a new BCS is essential to assess ewe 
condition [7]. Similarly, the findings of this study showed a weak relationship between BCS and BCF 
were the BCS provided inaccurate results of BCF compared to body parameters which are in 
accordance with the recommendation of Termatzidou’s study [7]. 

5. Conclusions 

In conclusion, the result of this study showed that BCS is not suitable to evaluate ewe condition 
at weaning and pre-mating as it provided inaccurate results of BCF estimation. Where the use of body 
parameters might provide more accurate results of BCF during ewe production cycle. Future work 
could involve the use of a fully and quick automated method to body parameters and LW from the 
images then do mathematical models to estimate BCF for the whole flock within minutes. A larger 
data set representing different breeds (e.g. Merino) will be used to test the effect of wool on the 
different breeds, ages, and different stages of the production cycle and use new statistical models. 
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