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ABSTRACT 

Grasping remains a complex topic for the digital human 

modeling (DHM) community. The aim of this study is to 

propose a new method to extract grasping cues for familiar 

manufacturing tools such as mallets, screwdrivers, pliers and 

straight drills. The geometric cues allow automatically 

defining a plausible grasp for these manufacturing tools. The 

method uses the tool 3D geometry as an input. The tool mesh 

is segmented into zones, segments, and regions, 

successively. The method next classifies tools’ regions as a 

head, a handle, or a trigger (if any), reflecting tools’ 

affordance. The grasping cues are then extracted from the 

regions so as to be used for generating a task-oriented grasp. 
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1. INTRODUCTION

Grasping is a major requirement for digital human modeling 

(DHM). Cutkosky & Howe [1] classified the main 

approaches for grasping as analytical or empirical. 

Analytical approaches refer to the methods that construct 

grasps by computing kinematic and dynamic equations of 

the hand and finger positions. Unfortunately, analytical 

approaches suffer from computational complexity, which 

prevents the resolution of task-oriented grasps [2, 3].  

On the other hand, empirical approaches bring up new 

strategies by observing either the object or human behavior 

[3]. According to Bohg & Kragic [4], empirical grasp 

synthesis based on objective observation can be classified 

into three groups based on what is assumed to be known a 

priori about the query object. Hence, a “Known object” is an 

object that has been encountered before and for which grasps 

have already been generated. A “Familiar Object” assumes 

that the query object is similar to a previously encountered 

object. An “Unknown Object” corresponds to a new shape 

never grasped before. This paper proposes a method to 

extract grasping cues for a human manikin by analyzing the 

geometry of familiar objects.  

While our approach focuses on familiar objects, inspiring 

research works exist for unknown objects. Miller et al. [5] 

simplify unknown objects as an assembly of geometric 

primitives so as to limit the number of possible grasps. Li 

and Pollard [6] study the situation as a shape-matching 

problem between the human hand and the object to grasp. 

Based on a database of human grasp from Yamane et al. [7], 

a suitable grasp is retrieved when queried with a new object. 

Shape features of the objects are matched against the shape 

of the inside of the available hand postures. However, many 

of the grasps generated by this method seem inadequate to 

complete a task.  

Kyota et al. [8] propose an approach where grasp postures 

are generated using a neural network. Learning algorithms 

allow reliable grasp detection for unknown objects but does 

not always select the one that best suits the task [9]. 

El-Khoury [9] exploits objects affordance inspired by the 

way humans choose the grasping mode. Instead of searching 

grasping postures on the entire object, she assumes that it is 

more appropriate to break down the query object into a set 

of functional regions. 3D objects are thus segmented into a 

set of elementary superquadrics. A network of neurons is 

then trained to identify the graspable parts of the object. 

Segmentation brings better results for the grasping of the 

unknown objects. Further publications in robotics tend to use 

segmentation during the vision process to simplify the 

grasping region detection [10, 11]. 

Overall, few methods are proposed in the literature to help a 

human manikin determine automatically how to grasp tools 

in a manufacturing environment. 

This study was conducted in collaboration with Dassault 

Systèmes. It proposes a new empirical method to provide a 

DHM with grasping cues based on the object geometry 

analysis and segmentation. Dassault Systèmes is developing 

a new virtual manikin posture solver called the Smart 

Posturing Engine (SPE). The SPE is used to simulate and 

validate task feasibility in an industrial environment, such as 

an automotive assembly line. The grasping portion of the 

SPE will automatically generate a plausible grasp for a given 

object.  

This paper is focusing on grasping tools. Tools have inherent 

affordance that lends to human action. Indeed, it is assumed 

that every tool possesses affordance features (or regions), 
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such as a handle and a trigger (if any), that suggest how to 

interact with that object for an expected task. The proposed 

method recognizes these regions for one-handed tools, such 

as mallets, screwdrivers, pliers and straight drills. It is thus 

assumed that the family to which the tool belongs is known 

before launching the analysis. Grasping cues are extracted 

from the identified regions, including the head of the tool 

that provides a (task-related) working direction. These 

grasping cues are finally fed to the SPE so as to generate 

plausible grasps. 

The proposed grasping cues extraction method is described 

in the next section. Section 3 presents preliminary validation 

results. Discussion and conclusion is presented in section 4. 

 

2. PROPOSED GRASPING CUES EXTRACTION METHOD 

Our method for extracting grasping cues for one-handed 

tools starts with the tool 3D geometry. Since the grasp is 

conditioned by the outer skin (external shape) of the tool, the 

query model is first wrapped to eliminate internal details and 

leave a single outer envelope. The wrapping in CATIAV5 

consists of generating a lower definition model based on the 

surface approximation of the outer skin of the object. Hence, 

there is no specific requirement for the tool’s initial 3D 

geometry format since it will be wrapped in all cases. For 

example, it could be an exact CAD model or a tessellated 

model. Once the wrapped model is obtained, grasping cues 

are extracted through a five steps method. (Figure 1). 

 

Figure 1: The steps of the grasping cues extraction method 

 

Step 1. Section scan 

Since the major challenge of this study is to identify 

affordance features from a geometric 3D model, the method 

requires reasoning from spatial information. The proposed 

method generates a series of sections on the 3D model to 

recover section properties capable of generating a simplified 

and harvestable model. Hence, the first step is the section 

scan step.  

In this paper, the objects to be analyzed are assumed to be 

familiar one-handed tools which have a main axial 

component oriented along the longest dimension of the 

object’s “Oriented Bounding Box” (OBB). The OBB’s 

principal inertia axis yields the tool’s main direction (L1 in 

Figure 2), while it is assumed that L1 is significantly longer 

than L2, and L2 longer than L3. The tool’s main direction 

determines the scanning direction along which sections are 

obtained. The overall principle of section scan is described 

in Figure 2.  

Once obtained, the N sections are individually processed to 

extract geometric properties which are used to create a 

simplified and harvestable model of the tool. 

 
Figure 2: Section scan step for a mallet 

 

Step 2. Extraction of section properties 

Each section obtained at the previous step consists of “n” 

closed curves. Each closed curve is then filled to form a face 

(Figure 3). The following properties are computed for each 

face: 

- A geometric center (GC) that corresponds to the 

centroid of the face; 

- The area of the face. 

To characterize the outer skin of the tool, other properties are 

also extracted for each face (Figure 3): 

- Two extreme points (𝑬𝒙𝟏, 𝑬𝒙𝟐) along the direction of 

the second longest dimension of the bounding box (L2 

in Figure 2) and in line with the face’s GC.  

- The face length is computed from the distance between 

𝐸𝑥1 and 𝐸𝑥2. 

- Two extreme points (𝑬𝒙𝟑, 𝑬𝒙𝟒) along the direction 

perpendicular to the face length.  

- The face width is computed from the distance between 

𝐸𝑥3 and 𝐸𝑥4. 

 



 

Figure 3: The section properties extraction step 

 
Step 3. Segmentation  

The segmentation step aims at distinguishing regions within 

tool’s geometry. Ultimately, we need to identify the grasping 

region.  

The segmentation is performed in steps so as to identify 

successively a tool’s zones, segments, and regions. Each step 

is based on the concept of grouping sections or faces that 

share common properties, so that a significant change in a 

sections’ properties can be used to identify a transition. 

The first segmentation step detects a tool’s zones. A zone is 

defined as a successive set of sections that have the same 

number of faces. Hence, zones detection depends on the 

tool‘s topology. There are three such distinct zones in Figure 

4 for the case of typical pliers. 

The second step detects a tool’s segments. A segment is 

defined as a subset of a zone that groups successive faces 

based on the proximity of their GC. Hence, the zones with 

two faces per section yield two segments each (Figure 4). 

 
Figure 4. The first two segmentation steps identify zones 

and segments 

Once the segments are formed, the third step detects a tool’s 

regions. A region is defined as a subset of a segment that 

groups successive faces that share similar area and GC 

properties., The series of faces from a given segment are 

analyzed according to two criteria: 

- A gradient (𝐺𝑟𝑎𝑑𝐴𝑟𝑒𝑎) tracing the evolution of the faces 

areas makes it possible to detect sudden changes in area 

value. 

𝐺𝑟𝑎𝑑𝐴𝑟𝑒𝑎 =  
𝐴𝑟𝑒𝑎𝐹𝑎𝑐𝑒 𝑖 − 𝐴𝑟𝑒𝑎𝐹𝑎𝑐𝑒 𝑖−1

𝐴𝑟𝑒𝑎𝐹𝑎𝑐𝑒 𝑖−1
 

- The displacement in space (𝛿) of the geometric centers 

of the faces allows detecting the changes in GC values 

to be detected. 

𝛿𝑥 =  𝐺𝐶𝑥 𝑓𝑎𝑐𝑒 𝑖 − 𝐺𝐶𝑥 𝑓𝑎𝑐𝑒 𝑖−1 

𝛿𝑦 =  𝐺𝐶𝑦 𝑓𝑎𝑐𝑒 𝑖 − 𝐺𝐶𝑦 𝑓𝑎𝑐𝑒 𝑖−1 

𝛿𝑧 =  𝐺𝐶𝑧 𝑓𝑎𝑐𝑒 𝑖 − 𝐺𝐶𝑧 𝑓𝑎𝑐𝑒 𝑖−1 

These two criteria are used for all pairs of successive faces 

of a segment, starting from its second face. The result of 

these tests reveal regions based on their common geometric 

characteristics.  

However, not every data variation should be considered as a 

new functional region. Region segmentation sensitivity is 

described visually in figure 5.  

By using the “IsOutLier” function from Matlab® Software, 

(MathWorks Inc) the values that are more than three scaled 

median absolute deviations away from the median are 

detected and labeled as outliers. Outliers are then classified 

as meaningful if they exceed the threshold automatically set 

at half the maximum deviation. These meaningful outliers 

indicate a transition between regions. 

 

 

Figure 5. Identification of transitions between regions using 

meaningful outliers 

 

This third segmentation step allows a refinement of the 

results based on tool sections properties. Figure 6 visually 

represents the regions for the case of typical pliers. 

 



 
Figure 6. The third segmentation step identifies regions 

 

Step 4. Region classification  

The segmentation step described above distinguished 

regions that now need to be classified as either the handle 

region, the trigger region or the head region. One-handed 

tools are assumed to include a handle and a head, two regions 

at opposite ends of the tool. The handle allows the 

positioning of the hand along a grasping axis. A tool head 

provides a working application point that leads to a task-

oriented grasp. The region classification step is performed 

by comparing region properties with expected values for the 

family of tools. 

Each region is first characterized with its properties obtained 

by averaging the properties of the faces belonging to the 

region: 

- The average region area, an average computed from 

the region’s faces. 

- The average region width, computed from the region’s 

faces. 

- The average geometric center, computed from the 

region’s faces. 

- The height of the region, computed by the sum of the 

distances between the GC of the faces. 

Next, the regions’ properties are compared with the expected 

values for that family of tools. For example, a mallet handle 

is expected to have an average region area of about 700 mm2 

± 200 mm2. One challenge here is that different regions can 

share similar values, which may make the classification 

difficult. However, this can be overcome by looking for the 

most typical region first. For example, for the straight drill 

family of tools, the most typical region is the trigger; 

therefore, for the straight drill family, the trigger region is 

identified first. Hence, a predefined classification sequence 

is set for each tool family and presented in Table 1. 

 

Tool Family 
First 

Region 
Second Region 

Third 

Region 

Mallet Head Handle   

Screwdriver Handle Head   

Plier Handle Head   

Straight Drill Trigger Handle Head 

Table 1. Search sequences for the tool regions 

 

Since the query objects are familiar tools, we can reasonably 

assume that: 

- The mallet head would have the biggest average area. 

- The screwdriver handle would have the biggest average 

area. 

- The plier handles would have the largest height. 

- The straight drill trigger would have the smallest average 

area. 

These most typical regions are thus identified first depending 

on the tool family. Based on this major criterion, the best 

candidate region is further tested based on complementary 

properties. Hence, all three region properties (average region 

area, average region width, height of the region) must fall 

within the value range of a region type. The values are given 

in Table 2 and explained in the next section. If the region 

being tested does not satisfy all three properties, another 

region is tested until one is identified. 

Once the most typical region is identified, it becomes a 

reference for searching for other regions according to their 

relative position from this first reference region, based on the 

average geometric centers of regions. This may be a search 

for proximity, or for opposition depending on what is being 

sought. Each tool family requires a specific order of 

treatment depending on the position of its functional regions 

as described in figure 7. 

Here again, all three regions’ properties must fall within the 

value range of the region type being searched. If the region 

being tested does not satisfy all three properties, another 

region is tested until the properties are found. 

 



 

Figure 7. Spatial criteria organization of the region 

classification strategy for 4 tool families 

 

Step 5. Grasping cues’ extraction according to region 

type 

Once all the meaningful regions (handle, head, and 

eventually trigger) are identified, a post-process generates 

grasping cues to guide the grasping of the tool. Different 

cues are extracted according to the type of region. 

Handle region: A singular value decomposition (SVD) 

makes it possible to estimate a mean axis passing through 

the geometric centers of the faces belonging to the handle 

region. The two most distant CGs projected on the axis form 

the two grasping cues that limit the hand translation on the 

axis: the pinky limit and the index limit (Figure 8). 

 
Figure 8. Grasping cues generated for pliers handles 

 

Trigger region: As with the handle, an axis passing through 

the geometric centers of the trigger is computed with an 

SVD. The two most distant CGs are projected on the handle 

axis to form the limit translation of the hand (Figure 9). The 

trigger midpoint computed from the GC average indicates 

the most probable index position. 

 

 
Figure 9. Grasping cues for a straight drill trigger 

Head region: the tool head is the functional region that 

executes the task of the tool. Some properties of the head 

region dictate the working direction of the tool and, thereby, 

ensure a task-oriented grasp. The working direction is 

specific to each tool family; e.g., for a straight drill, the 

working direction coincides with the handle axis. The 

grasping cue for the head region materializes as one or two 

working points.  

- For screwdrivers and straight drills, the working point is 

placed on the GC of the farthest face from the handle 

(Figure 10). 

 

 
Figure 10. Grasping cues obtained from 

screwdrivers’ head 

 

- For mallets, there are two possible working directions 

since there are two equivalent sides on the head.  The 

two working points are placed at both extremities of the 

head by computing the average “extrema length points” 

(Ex1 and Ex2 from Figure 3) on both sides of the head 

(Figure 11).  

 

 
Figure 11. Grasping cues obtained from mallets’ 

shead 

 

- For pliers, a working axis is obtained from the SVD of 

the GC of all the faces that belong to each head region. 



The two limit points of each axis become the grasping 

cues of the plier’s head (Figure 12). 

 

 
Figure 12. Grasping cues obtained from pliers’ 

head 

3. VALIDATION AND RESULTS 

The grasping cues extraction method presented in section 2 

was tested on forty tools belonging to the four above-

mentioned families. This section presents some of these 

results for all four tools families.  

3.1 Mallets family 

The five steps of our method are illustrated here on two 

mallets. Step1 (section scan) and Step 2 (extraction of 

section properties) are easily done. Step 3 (segmentation) 

first reveals a single zone, since all sections count a single 

face. It then reveals a single segment since all faces satisfy 

the GC proximity criteria. Next, two regions are found in that 

segment, as there is a significant variation in the successive 

faces areas at the transition between the head and the handle. 

Figures 14 and 15 illustrate the gradient of the faces area of 

two different mallets. With a maximum deviation measured 

at -0.94 mm² for figure 14 and -0.93 mm² for figure 15, two 

regions are distinguished.  

At step 4 (region classification), the head region is identified 

first, as per Table 1. Mallets heads are identified thanks to 

their regions properties, shown in Table 2 for Mallet 1 and 

2. For example, for Mallet 1, the head average area is 1996 

mm2, which falls between max and min areas of 7000 and 

200 mm2. Values obtained for each mallet are thus 

satisfactorily compared to the expected values given in Table 

3. 

 

Tool Region 

Average 

Area 

(mm²) 

Height 
(mm) 

Average 

width 

(mm) 

Average 
GC (mm) 

Mallet 1 Head 1996 18 29 [0 0 257] 

Mallet 1 Handle 285 229 25 [0 0 124] 

Mallet 2 Head 4800 35 51 [0 0 321] 

Mallet 2 Handle 667 280 37 [0 0 152] 

Table 2: Region properties of Mallet 1 & 2. 

Table 3 indicates the expected properties of various regions 

for four tool families. These values were obtained 

empirically by measuring 40 actual tools and are used for 

region classification.  

 

 

Table 3. Expected region properties for region 

classification 

 

In step 5 (extraction of grasping cues) the handle axis is 

obtained from the handle region through an SVD of the 

faces’ GCs. Next, the index limit and the pinky limit are 

computed by projecting the GCs of both extrema faces onto 

the axis. Finally, the two working points are obtained by 

computing the average extremum length points on both sides 

of the head. The resulting grasping cues are shown as black 

dots in Figure 13 and 14.  

These two cases illustrate the capacity of the proposed 

method to distinguish the head from the handle and to extract 

grasping cues for mallets of different geometries, sizes and 

masses. Twelve mallets were successfully tested. 

 

Figure 13. Segmentation of Mallet 1 and extracted 

grasping cues (Tool length 275mm /Mass: 340g). 

Area Max 

(mm²)

Area Min 

(mm²)

Height 

Max 

(mm)

Height 

Min 

(mm)

Width Max 

(mm)

Width Min 

(mm)

Plier Handle 250 50 225 60 25 5

Plier Head 250 20 60 0 25 5

Mallet 

Handle
900 100 400 60 60 15

Mallet Head 7000 200 75 15 60 15

Screwdriver 

Handle
1500 100 400 50 60 15

Screwdriver 

Head
75 5 250 0 30 0

Straight Drill 

Handle
1500 200 350 60 65 10

Straight Drill 

Head
500 125 50 0 65 5

Straight Drill 

Trigger
175 40 200 10 25 5



 

 

Figure 14. Segmentation of Mallet 2 and extracted 

grasping cues (Tool length 350mm / Mass: 

2000g). 

3.2 Screwdrivers family 

As with mallets, steps 1 and 2 are easily performed on two 

screwdrivers. The segmentation step, as for the mallets, 

yields one zone and one segment. This segment is then 

divided into regions based on the gradient of the faces areas, 

as shown in Figures 15 and 16. Similar to the mallets, a 

significant gradient deviation is observed when transitioning 

from the handle to the next region. The main gradient 

deviation is -0.98 mm² for both screwdrivers. For 

screwdriver 1 (Figure 15), gradient analysis reveals two 

regions as the gradient at the tip remain within the threshold 

value (half the maximum deviation). For screwdriver 2 

(Figure 16), the analysis reveals three regions since the 

gradient at the tip exceeds the threshold value (at -0.56 mm²).  

The handle regions for each screwdriver are identified in 

step 4, first based on their properties, as per Table 1. The 

handles are identified thanks to their regions’ properties that 

satisfy the tolerance range of typical screwdriver handles 

given in Table 3 and measured in Table 4. 

 

Tool Region 

Average 

Area 
(mm²) 

Height 

(mm) 

Average 

width 
(mm) 

Average 

GC (mm) 

Screw 

1 
Handle 990 98 34 [-62 0 0] 

Screw 
1 

Head 62 235 9 [-241 0 0] 

Screw 

2 
Handle 283 95 19 [-53 0 0] 

Screw 
2 

Shank 7 53 3 [-134 0 0] 

Screw 

2 
Head 5 6 2 [-169 0 0] 

Table 4: Region properties of screwdriver 1 & 2  

The head region is searched for next as the region farthest 

from the handle, as per Figure 7. Its properties are 

satisfactorily compared to the expected values (Table 2). It 

can be noted that for screwdriver 1 the head region includes 

the shank, while for screwdriver 2 the head region only 

includes the tip. 

At last, the handle axis is obtained from the handle region 

through an SVD of the faces’ GC. Next, the index and pinky 

limits are computed by projecting the GCs of both extrema 

faces onto the axis. Finally, the working point coincides with 

the GC of the face belonging to the head region that is the 

farthest from the handle (Figures 15 and 16). 

 
Figure 15. Segmentation of Screwdriver 1 and extracted 

grasping cues (Tool length 242 mm). 

 

 

Figure 16. . Segmentation of Screwdriver 2 and 

extracted grasping cues (Tool length 178 mm). 

 

These two cases illustrate the capacity of the proposed 

method to distinguish the head from the handle and to extract 

grasping cues for screwdrivers. Ten screwdrivers were 

successfully tested. 

 

3.3 Pliers and Straight drills families 

Figure 17 shows the grasping cues extracted for one pair of 

pliers and one straight drill. These grasping cues are typical 

of the results obtained for all eight tested pliers and all ten 

straight drill of the lever trigger type. For pliers, grasping 

cues are the four points that form the two handle axes and 

the four points that form the two working axes. For straight 

drills, four grasping cues are generated including two points 

for the handle axis, one point for the midpoint of the trigger 

and a single working point for the head. 



 

Figure 17. Representation of grasping cues for sample pliers 

and straight drills. 

 

Once the grasping cues are generated, they are used by the 

Smart Posturing Engine (SPE) to generate a plausible task-

oriented grasp. An experimental result of a hand grasping a 

straight drill is illustrated in Figure 18.  

 

Figure 18. Automatic grasp generated from straight drill 

grasping cues 

 

 

 

4. DISCUSSION AND CONCLUSION 

The proposed method allows the grasping cues needed to 

generate a plausible grasp to be automatically extracted 

according to a tool’s affordance. Grasping cues are then  

used as an input by the positioning engine. They grant the 

appropriate degrees of freedom required to generate a 

plausible tool grasp taking into account the task to be 

performed. 

The grasping cue extraction method uses the tool’s 3D 

geometry as an input, which it decomposes into zones, 

segments, and regions, successively. The method identifies 

a tools’ expected regions (head, handle, trigger), reflecting 

their affordances. The region identification sequence looks 

for the most evident region first, depending on the 

characteristics of the tool’s family. Once the handle, head, 

and trigger (if any) are identified, the grasping cues are 

obtained so as to guide the positioning of the hand on the 

handle, while taking into account the orientation potentially 

constrained by the tool’s head.  

The segmentation step (step 3) exploits the divergent 

regions’ properties from the median to ensure a 

segmentation of the tool into distinct regions. This approach 

is based on the gradient of the faces’ area and the 

displacement of the faces centroids in space. The number of 

segmented regions depends directly on the 3D model of the 

object.  

The region classification step (step 4) exploits both the 

properties of the regions themselves as well as the relations 

amongst them. Considering only the region properties could 

lead to erroneous classification. For example, in the straight 

drill shown in Figure 17, the properties of both ends would 

not suffice to distinguish the working head from the air inlet. 

However, once the trigger is identified, the method identifies 

the working head as the farthest region from the trigger and 

from the handle.  

This study contains some limitations. One of these is that the 

quality of segmentation is closely related to the 3D scan step 

performed on the tool geometry. The larger the distance 

between sections, the higher the risk of missing a change of 

shape. However, a very fine scanning step would fail to 

detect smooth curves. A possible solution would be to 

conduct two scans: the first, coarser one, would detect 

divergences, and hence transitions between regions; the 

second, finer one, would help refine data acquisition where 

needed. 

Another limitation comes from the direction of the scan. 

Indeed, this solution is efficient with tools for which the 

bounding box directly yields the best scanning direction. 

This is the case for the families of tools discussed above 

where L1 >> L2>L3. However, this is not true for all tools 

families. In some cases, such as with pistol drills, the 

scanning direction must be identified in a preliminary step. 

The proposed method is the only one, to the authors’ 

knowledge, to allow automatically extracting grasping cues 

from the 3D models of familiar tools. This original method 



builds on simple process and techniques (section scan, 

gradient analysis, region classification). The provided 

grasping cues express tool affordance by taking into account 

the handle, trigger (if any) and head characteristics, which 

leads to a complete task-oriented grasp. In addition, the 

grasping cues leave some freedom in determining a plausible 

grasp that can take into account the constraints of the 

workplace of the DHM. 

This project has been performed as part of the Smart 

Posturing Engine (SPE) project in collaboration with 

Dassault Systèmes Canada in the framework of the 

Ergonomic Workplace Design (EWD) product 

development.  
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