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 Background: 2D human pose estimation is the process of estimating the size, the 

position or the orientation of the human body parts in images. The estimated body parts 
are then represented in an image using specified model such as elliptical or rectangular 

shape. Human pose estimation has been studied by various researchers in computer 

vision field for the past decades and still gained much attention because of its various 

applications such as in human computer interaction and activity recognition.  The main 

objective of this work is to estimate the human head, torso and arms. Multiple features 

extraction are employed to ensure that only essential features are selected. The features 
are silhouette, edge and color feature. From the silhouette feature, the size and position 

of the head and the torso are estimated using histogram analysis. Silhouette and edge 

features are used in the non-occluded arm pose estimation. Meanwhile, color feature is 
used for occluded arm pose estimation. The arms are divided into four parts and then 

estimated by implementing template matching technique. Each of the estimated body 

parts is finally represented by a rectangle shape. 
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INTRODUCTION 

 

 2D human pose estimation is the process of estimating the size, the position or the orientation of the human 

body parts in images. The estimated body parts are then represented in an image using specified model such as 

elliptical or rectangular shape. This research has been studied by various researchers in computer vision field for 

the past decades and still gained much attention becauseof its various applications such as in human computer 

interaction and activity recognition.  

 There are manyhuman pose estimation techniquesthat have been developed and they depends on the 

inputfeatures, the model representation and also the application of the system. Despite many years of research, 

the process of human pose estimation remains a very difficult and still largely unsolved problem since the 

process is not straightforward and the movement of human is non-rigid. The variety of body pose are unlimited 

and the size of the body parts is person dependent. Furthermore, the occurrences of the occlusion, deformable 

body parts, shadows and varying illumination in images also add to the complexity of the process. 

 The process of human pose estimation is generally divided into two stages. The first stage is the feature 

extraction, where single or multiple features from images are extracted in order to detect the human in images. 

The number of features to be extracted is system dependent. Features such as silhouette (Lee and Nevatia, 

2009),colour(Micilotta and Bowden, 2004) and depth (Zhu et al., 2008) can be applied either independently or 

combined with each other for the detection of the body parts. From these features, targeted body parts can be 

estimated using pose estimation techniques (Poppe, 2007).  

 The main objective of this work is to estimate the human head, torso and arms. Multiple features extraction 

are employed to ensure that only essential features are selected. The features are silhouette, edge and color 

feature. From the silhouette feature, the size and position of the head and the torso are estimated using histogram 

analysis. Silhouette and edge features are used in the non-occluded arm pose estimation. Meanwhile, color 

feature is used for occluded arm pose estimation. The arms are divided into four parts and then estimated by 

implementing template matching technique. Each of the estimated body parts is finally represented by a 

rectangle shape. The detail of each stages is explained further in the next sections. 

Multiple features extraction: 

 Most work on human pose estimation assumes the existence of a known background in order to extract 

essential features. Here, multiple features such as silhouette, edge and colour are extracted to detect the present 
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of human in input images. Prior to features extraction, the input images are first processed using Single Level 

Haar Wavelet Decomposition (Mallat, 1996). Wavelet transform provides selective multi resolution analysis and 

can be applied for object detection application (Rao and Bopardikar, 2000). Haar Wavelet is selected as it is the 

simplest wavelet basis and computationally less expensive compared to all wavelet bases. Single Level is a term 

given when the Wavelet Transform Decomposition is performed in selected level.  

 In this work, the single level Haar Wavelet Decomposition is used to decompose the input images at level 

one. The input images are in RGB colour format with 480 x 640 pixels size. The decomposition at level one 

reduces the image size to half of its original size, hence reducing the computational cost (Sarmaet al., 2004). 

From the decomposition process,four types of images referred as approximation, horizontal, vertical and 

diagonal image components are produced. The approximation image component contains more colour 

information than the other images. On the other hand, the horizontal, vertical and diagonal images provide 

information on edges and contours. Only the approximation, horizontal and vertical image components are used 

for further processing. The approximation image component is used to extract human silhouette and skin colour 

of occluded arms. Meanwhile, the horizontal and vertical image components are used to extract the edge of the 

human in the images. 

 

Human Silhouette Extraction: 

 Human silhouette is a key factor to recognize actions and it can be isolated using background subtraction 

technique (Hassan, et al., 2014). For this work, thecolour of the approximation image component is converted to 

greyscale.Then, the absolute difference between two images, referred as the background image, Ib, and the 

foreground image, If, arecomputed. The background image is the first image in the input images. Meanwhile, the 

foreground image is the image which human is present in it. This is expressed in Equation 1,  

𝐼𝑎𝑑 =  𝐼𝑏 − 𝐼𝑓                       (1) 

 whereIad is the absolute difference image. Each pixel of the Iadis then classified either as 0, if the pixel is 

assumed to belong to the background, or as 1, if the pixel is assumed to belong to the human. This is expressed 

in Equation 2, where Isil is the silhouette image and Tad is the threshold for the absolute difference image.  

𝐼𝑠𝑖𝑙 =  
1; 𝐼𝑎𝑑 ≥ 𝑇𝑎𝑑

0; 𝐼𝑎𝑑 < 𝑇𝑎𝑑

                (2) 

 The threshold is obtained using Equation 3 and its optimal value is determined through experiment by 

setting Rad between 0 and 1 (Porle, 2011). 

𝑇𝑎𝑑 = 𝑅𝑎𝑑 ×max  𝐼𝑎𝑑               (3) 

 The pixel in the silhouette image, which are assumed to belong to the human, are further evaluated. This is 

done by labelling these pixels and pixels with similar label are then grouped together and herein referred as 

object. The area, height, width and centroid of each object are computed. If the image contains more than one 

object, the biggest object is selected as reference object. The pixel value of other objects will be set to 0 if it is not 

satisfying the following three conditions. If the image contain only one object, the pixel value of that object will 

be set to 0 when Condition III is not satisfied. 

 Condition I: The horizontal distance between the centroid of object and reference object must be less than 

the maximum preferred width of the silhouette. 

 Condition II: The height of the object must be higher than the minimum preferred height. 

 Condition III: The height and width of the object are within acceptable ranges to avoid small human 

silhouette (in case the human is far from the video camera) or big human silhouette (in case the human is too 

near to the video camera).  

 

Human Edge Extraction: 

 Human edge extraction is performed after the human silhouette is extracted since the silhouette image will be 

used in this process. Edges in an image are usually found where there is a sudden significant change due to 

various effect such as depth, reflectance, shadow, boundaries and discontinuity in surface orientation (Russ, 

1995). The wavelet transform modulus, Mw, as in Equation 4 is applied to the horizontal image component, Ih, 

and vertical image component, Iv. 

𝑀𝑤 =   𝐼ℎ  
2 +  𝐼𝑣 

2             (4) 

 The local maxima of the modulus, or wavelet modulus maxima is estimated by comparing the wavelet 

modulus to the local average (Qureshi, 2005). The resultant edge image is finally superimposed with the 

silhouette image so that unwanted edges can be eliminated. 

 

Skin Colour Extraction: 

 Skin colour extraction is performed to segment occluded arms of the human. The colour format of the 

approximation image component is converted to CIELAB. Then only the A and B colour components of the 

CIELAB are further analyzed (Porleet al., 2009). The skin colour distribution, which is extracted from the head 

region, is the colour range that is specific to the human in the image. It is assumed that the non-skin colour 
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region in the head region is relatively small and thus is ignored. The location of the head region is estimated 

using head pose estimation. 

 The skin colour distribution is analyzed using histogram, where each bin represent one colour value. From 

the histogram, low threshold, Tl, and high threshold, Th, are obtained using Equation 5 and Equation 6 

respectively.  

Tl = min [Hb(fc>fcmin)]             (5) 

Th = max [Hb(fc>fcmin)]             (6) 

 The histogram bin, the frequency in the bin and the minimum frequency in the histogram are denoted as Hb, 

fcand fcmin respectively. The minimum frequency in the histogram is calculated using Equation 7, where the 

frequency percentage and the maximum frequency in the histogram are denoted as Pf and fcmax. 

fcmin=  Pf × fcmax               (7) 

 After the thresholds are obtained, the colour image components are segmented. The colour pixel in the 

colour image components is detected as skin colour if its value lies between the low threshold and the high 

threshold values. If the colour pixel value is outside of this range, it is detected as non-skin colour. The colour 

pixel value is then set to 1 if it is a skin colour. Otherwise, it is set to 0, if it is a non-skin colour. 

 The finalized skin region image is obtained by combining the segmented colour image components using 

logical AND operator. The resulting image is then superimposed with the silhouette image to eliminate colour 

pixels in the background. The colour pixels in the head region are also set as background so that only occluded 

arms regions remained in the image. Finally, morphological opening (Russ, 1995)is performed to smooth the 

boundary of the occluded arms regions. 

 

Head and torso pose estimation: 

 The head and torso of the human are modelled by rectangle shapes. These rectangles are parameterized with 

rXi and cXi, where r and c are the row and column positions of the body part corners respectively, X is the 

targeted body part and i is a reference number. Figure 1 shows the head and torso models along with their 

corners parameters. 

 

 
(a)                                                                              (b) 

 

Fig. 1: The model of (a) head and (b) torso with their parameters 

 

 Histogram analysis is employed for the head and the torso pose estimation.  The column histogram of the 

human silhouette is evaluated to obtain the torso width along with its rightmost and leftmost positions. The 

maximum frequency of the column histogram refers to the maximum height of the human silhouette. The range 

where the frequency of the histogram is more that 40 percent of the maximum frequency is considered as torso 

region.  The minimum and maximum values of the torso region are referred as the rightmost and leftmost torso 

positions respectively. Once the rightmost and leftmost positions are obtained, the torso width is calculated. 

Then, basedon the width of the torso, the initial head width is calculated. The low and high thresholds for the 

torso width are denoted as wltT  andwhtT respectively. If the torso width is less than wltT , the initial head width 

is calculated  as: 

iwH= 0.7 x wT              (8) 

 If the torso width is more than whtT , the initial head width is calculated using: 

iwH = 0.35 x wT              (9) 

 Otherwise, the head width is calculated as half of the width and torso. The value of 0.7 and 0.35 are 

obtained through experiments using trial and error method.  

 The row histogram of the human silhouette is evaluated to obtain the top and bottom position of the human 

silhouette. The peak or the first row of the row histogram is considered as the top position of the human 
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silhouette. The bottom or the last row of the row histogram is considered as the bottom position of the human 

silhouette. 

 The row histogram is divided into three regions and the top region is further analyzed to locate the head 

position. The bottom of the head is estimated as the last row in the top region. The leftmost and rightmost 

position of the head is the first and the last column of the column histogram of the top region with the condition 

that the range of the head is 45 percent of the maximum frequency of the column histogram. 

 The head ratio, its total pixel, area and width are further evaluated to ensure the estimated head position is 

fitted to the head image.   

 

Arms Pose Estimation: 

 The arms are divided into four parts, which are Upper Right (UR), Lower Right (LR), Upper Left (UL) and 

Lower Left (LL). Each part is represented by a rectangle and parameterized by four corner points, AXi a 

rotational point, AX and a rotational angle,θX where X is the targeted body part and i is a reference number. 

Figure 2 shows the diagram of the left arm model and its parameters. The arms pose are estimated by 

implementing template matching technique. Firstly, the upper right arm is located followed by the lower right 

arm. Next, the upper left arm is located followed by the lower left arm. The process of template matching is 

divided into six steps as follows: 

 

 
 

Fig. 2: The left arm model and its parameters. 

 

Step 1: Arms pose classification: 

 Firstly, the arms pose is classified either as non-occluded or occluded pose. The non-occluded arms pose 

refers to the arms that are located outside the torso region. Meanwhile, the occluded arms pose refers to the arms 

that are located within the torso region. The classification is performed by evaluating the regions outside the 

head and torso regions. If the length of these regions is more than a certain value, the arms are classified as non-

occluded pose. Otherwise, the arms are classified as occluded pose. Skin colour extraction is performed if the 

arms are classified as occluded pose. 

 

Step 2: Arm Size estimation: 

 The arms size is estimated based on the torso size. In this case, the height, Aheight, is approximately 25 

percent of the torso height and the width, Awidth, is approximately 35 percent of the torso width. 

 

Step 3: Targeted arm extraction: 

 For the right arm pose estimation, the right arm has to be extracted from the feature image. The pixels in the 

head, torso, and left arm regions are set as background. For the left arm pose estimation, the left arm is extracted 

and the pixels in other regions are set as background. 

 

Step 4: Arms regions classification: 

 Arms regions classification is developed to minimize the search area for the targeted arm and each 

classified region will influenced by the range of rotational angle to be used in the pose estimation stage. The 

regions for the non-occluded upper right arm detection are denoted as UR1, UR2 and UR3. Meanwhile, the 

regions for the upper left arm detection are denoted as UL2, UL3 and UL4. The top torso corners are the 

reference points for dividing the regions. The size for UR1, UR2, UL3 and UL4 is given as Aheight × Aheight. As 

for the UR3 and UL2 regions, the height is given as Aheight and its width is the range between the top torso 

corners to the centre of the head. The location of all the regions is illustrated in Figure 3 (a).  

 In the case of occluded arms, regions UR4 and UL1 are assigned for the right and left upper arm 

respectively. These regions are illustrated as in Figure 3 (b). 

 For the lower right arm, the regions are denoted as LR1, LR2, LR3 and LR4. Meanwhile, for the lower left 

arm, the regions are denoted as LL1, LL2, LL3 and LL4. The size for all regions is given as Aheight × Aheight. The 

location of all the regions is illustrated in Figure 3 (c). The origin axis of the lower arm is set as the reference 

point for the region division. Therefore, depending on the poses of the targeted lower right arm, the location of 

the region division is also varied.   

AUL1 

AUL4 

AUL2 

AUL3 

(AUL, θUL) 
ALL1 

Ah 

ALL2 

ALL3 

(ALL, θLL) ALL4 
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(a)                                                (b)                                                 (c) 

 

Fig. 3: The location of arm region classification for (a) non-occluded upper arms, (b) occluded upper arms and  

(c) lower arms 

 

Step 5: Rotational Angle Classification: 

 The range of rotational angle that will be used in the pose estimation stage is influenced by the location of 

the specified regions. For regions UR1, UL1, LR1 and LL1, the rotational angle is set between 0° to 90°. For 

regions UR2, UL2, LR2 and LL2, the rotational angle is set between 91° to 180°. For regions UR3, UL3, LR3 

and LL3, the rotational angle is set between 181° to 270°. Finally for regions UR4, UL4, LR4 and LL4, the 

rotational angle is set between 271° to 360°. For each arm part, the total ON pixels in the defined regions is 

compared. The region that has the maximum total ON pixels is selected and its range of rotational angle is used 

for the pose estimation. 

 

Step 6: Arm Pose Estimation: 

 The upper right arm is first estimated by rotating the constructed template along the origin axis. For every 

rotational angle, the template image is superimposed with the feature image and these two images are then 

multiplied. The multiplication result indicates how well the template correlates with the feature image. High 

value of the multiplication result shows that the template is highly matched with the feature image in terms of 

position. On the other hand, low value of the multiplication result shows that the template poorly matches the 

feature image. To determine the best angle that gives the highest matched position, the highest total pixel value 

among the computed angles is selected. 

 Once the desirable angle is selected, the four corners of the finalized template can be extracted for creating 

the finalized model. After the position of upper right arm is computed, the pose of the lower right arm is 

estimated. Before the pose can be estimated, the ON pixels of the upper arm in the feature image are set to OFF 

pixel to avoid it to be overlapping with the template for the lower arm. To rotate the template of the lower arm, 

the origin axis for the lower arm can be computed using the corner points of the upper arm. The pose estimation 

procedure is similar to the pose estimation of the upper right arm. The only difference is the region to be 

evaluated; in this case four regions are involved. After the pose of right arm is estimated, the next step is to 

estimate the pose of the left arm. Similar procedure described earlier is applied to the different location on the 

region to be evaluated. 

 

RESULTS AND DISCUSSION 

  

 The proposed estimation techniques are applied to image sequences captured in indoor area. The video 

camera model is SONY DCR-PC115E PAL and the size of input images is 480 x 640 pixels. Two conditions are 

set in the experimentation. The first condition is that the user must be standing upright and facing the video 

camera for the pose to be correctly estimated. The second condition is that the user wears short sleeves shirt to 

enable occluded arms to be detected. The pose estimation performance for the head and torso are shown in 

Table 1. 

 
Table 1: Performance for the Head and Torso Pose Estimation. 

Performance Criteria Accuracy (%) 

Correct head size 98 

Correct head position 98 

Correct torso size 98 

Correct torso position 99 

 

LR2 LR3 

LR4 LL1 LL4 

LL2 LL3 

LR1 

UL1 UR4 

UR1 

UR2 

UL2 

UL4 

UL3 

UR3 
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 Table 1 shows that the correct head size, correct head position, correct torso size and correct torso position 

are estimated to be 98 percent, 98 percent, 98 percent and 99 percent respectively. Figure 4 shows the some 

results of head and torso pose estimation using histogram technique. 

 The pose estimation performance of arms is shown in Table 2. From Table 2, the template base matching 

using the edge feature has better performance than using the silhouette feature. Therefore, the edge feature is 

selected as the best feature for non-occluded arm pose estimation. Figure 5 shows some results of arm pose 

estimation using template matching technique. 

The overall performance of the upper human body pose modeling is performed to 30 videos in the database. 

The average accuracy for the given database (total of 2168 frames) is 85.83 percent. 

 

 
 

Fig. 4: The results of head and torso pose estimation using histogram analysis. 

 

 
 

Fig. 5: The results of arms pose estimation using template matching. 

 

Conclusion: 

  Pose estimation of human head and torso is performed using histogram analysis. The arms pose estimation 

is performed using template matching techniques. Each of the body parts is modeled by rectangle shape. By 

using these techniques, the average accuracy for the given database is 85.83. Future work focuses on improving 

the performance of the occluded arms pose estimation and omitting certain condition to allow robust estimation.   

 
Table 2: Pose Estimation Performance for the Arms. 

 Percentage of correct estimation for Arms Pose Estimation 

 Silhouette feature Edge feature Color feature 

Performance Criteria Non-occluded Occluded 

Correct arms  size 96 96 92 

Correct upper right arm position 96 95 90 

Correct lower right arm position 93 93 86 

Correct upper left arm position 91 96 88 

Correct lower left arm position 90 95 88 

Correct lower left arm position 90 95 88 
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