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Abstract— Visual inspection involves dimensional inspection 

and surface inspection. Dimensional inspection is usually achieved 

via comparing the scanned model of the inspection target with the 

CAD model to detect dimensional defects such as bending and 

missing material. Surface inspection is usually based on textures 

via image processing and analysis to detect defects such as pitting, 

crack, scratch, and corrosion. Existing systems used fixed 

predefined viewpoints to capture geometry and texture from the 

object. However, defects may appear at different locations, 

distinguishable defect features may not be captured by the fixed 

viewpoints. Thus, dynamical planning of the viewpoints is desired 

to provide better sensing parameters adaptive to actual local 

geometry, appearance and lighting conditions. This paper 

proposes a new robotic sensing framework for adaptive visual 

inspection. Viewpoints are planned based on individual object 

adaptive to different defect locations.  Sensor parameters at each 

viewpoints are adaptive to the surface conditions for optimized 

geometry/image quality. Data from all viewpoints are fused 

together to provide an adaptive model. 
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I.  INTRODUCTION 

Visual inspection involves dimensional inspection based on 
geometric shapes and surface inspection based on images. 
Geometric shapes are usually captured using a positioning 
device holding a depth sensor. Sensor planning, i.e. planning 
sensor locations for capturing different parts of the object with 
the required specifications, is important to acquire the desired 
geometric shapes for dimensional inspection. On the other hand, 
surface inspection relies on the imaging quality of the camera. 
Different views of a target region may need to be acquired for 
analysis in order to decide the existence of a defect. 

Dimensional inspection is achieved via comparing the 
scanned model of the inspection target with the CAD model to 
detect dimensional defects such as bending, missing material, 
etc. [1, 2]. The scanned model can be acquired using a robot with 
a depth sensor. To derive a complete scanned model with high 
accuracy, active sensor planning is widely adopted to plan a set 
of viewpoints and sensing parameters according to inspection 
task [3-7]. The constraint satisfaction approach [8] planed the 
viewpoints satisfying task requirements including resolution, 
focus, FOV, visibility, view angle, and prohibited regions.  MVP 
system [9] synthesized viewpoints based on sensor models, 
object models, illuminator models and task specifications, which 
consists of visibility, FOV, resolution, focus, and image contrast. 
The specification-driven viewpoint planning [10-12]  is based 
on the task and system specifications including the scanning 

objective (precision, density, coverage), performance measures 
(planning quality and efficiency), and imaging environment 
(range sensor and positioning system).  

Surface defects are usually inspected based on textures via 
image processing and analysis, for examples, defects on bearing 
covers (deformations, rusts, scratches, cracks, etc.) [13], fabric 
defects (slub, missing yarn, oil stain, chapped pick, dyed yam, 
broken pick, etc.) [14], defects in semiconductors (pinhole, 
scratch, erosion, ripple, etc.) [15], defects on steel (pitting, crack, 
scratch, corrosion, seam,etc.) [16-18], mura defects on LCD 
(black spot, white spot, line mura, blob mura, etc) [19], cracks 
on ceramic and tiles (pinhole, elipse glaze, scratch, crack, blob, 
edge) [20], and concrete cracks [21]. To achieve better 
inspection result, a defected region is better to be captured with 
optimal  angles, illumination, etc, or be imaged in multi-
view[22]. For small-dimensional inspection targets, automatic 
imaging systems have been implemented to move the target to 
FOV of the camera for image capturing [23]. For large 
inspection targets, a climbing robot may be required to carry the 
camera to capture defect images [24]. 

The two inspection tasks are usually performed separately by 
two different inspection systems, as surface inspection systems 
focus on capturing local defects based on images while 
dimensional inspection systems target to acquire the overall 
geometry. Some inspection system are able to capture both 3D 
geometry and 2D images to enable the dimensional inspection 
and surface inspection  [25, 26]. However, the viewpoints for all 
these systems are predefined before the sensing.  

• For surface inspection of objects of the same type, manually 
teaching is required to define viewpoints for image 
capturing.  

• For dimensional inspection systems, CAD-based active 
sensing is adopted to derive the viewpoints for capturing the 
3D geometry [3-6].   

• Multi-view based inspection systems acquire inspection data 
by combing both shapes and images from different 
viewpoints  [25, 26]. 

Surface defects are better visible with optimized view 
angels, illumination conditions, resolutions, focusing, etc. 
Restricted by limited field of view, at each viewpoint, the 
imaging system can only capture a small region on an object 
with focusing at the center (the red rectangles in Fig.1). Existing 
systems use a same set of viewpoints for objects of the same type 
(Fig.1(d-f)).  However, some surface defects, such as cracks, 
erosions, and corrosions, may appear in any region on the object 
surface (Fig.1(a-c)). Before the sensing, the defect locations are 



unknown to the systems. Thus, the imaging system may not 
focus on the defect regions from the predefined viewpoints 
(Fig.1(f)). As a result, the defect regions may not be captured 
with the desired quality. To achieve optimal data acquisition, 
online planning is desired in order to find adaptive viewpoints 
for each object (Fig.1(g-i)). However, existing online planning 
methods designed for target modeling [27], site modeling, and 
exploration, cannot be directly used for inspections. 

 
Fig. 1. Adaptive viewpoints for imaging defects: (a-c) objects of the same 

type, (d-f) capturing regions using same set of viewpoints, and (g-i) capturing 

regions using adaptive viewpoints 

The adaptive robot inspection of complex parts (ARIKT) 
project [28] proposed an architecture for a robot based visual 
inspection system in order to easy adapt to new tasks. Different 
from our system, ARIKT build up the inspection plan, including 
the viewpoints, offline for each individual object.  The adaptive 
inspection method in [29] used an updatable library to dynamic 
add acceptable deviations to make the system to adapt to 
different defect deviations. The real-time adaptive inspection in 
[30] adopted image processing using absolute or adaptive 
intensity thresholding. These systems are not designed to plan 
viewpoints to adapt to the defects.  

The target of this work is to propose a joint texture and 
geometry analysis (JTGA) solution for visual inspection with 
the following features: 

• Adaptive viewpoints: Viewpoints are placed based on 
individual object adaptive to different defect locations 
(Fig.1(g-i)).  

• Adaptive sensor parameters: Sensor parameters at each 
viewpoints are adaptive to the surface conditions for 
optimized geometry/image quality.   

• Adaptive data fusion: Data from all viewpoints are fused 
together to provide an adaptive model. 

II. JTGA SOLUTION 

A. Preliminaries and notations 

To support both inspection task, the proposed JTGA solution is 
based on the following hardware: 

• A global sensor to capture the overall coarse geometry. 

• A geometry sensor to capture the local fine geometry. 

• A texture sensor with resolution � � � to collect 2D images. 

• A robotic arm to move the texture and geometry sensor. 

A region of interest (ROI) refers to a region on an object 
where defects may exist (Fig.2(a)). In the system, the texture 
sensor and the geometry sensor are mounted together and pre-
calibrated (Fig.2(a)). The texture sensor’s field of view (FOV) 
covers the geometry sensor’s FOV (Fig.2(a,b)). As such, after 
sensing a local region (Fig.2(a)), a new ROI is identified for 
planning next sensing viewpoint (Fig.2(b)). A region on the 
surface may be sensed at different viewpoints with different 
sensing angles (Fig.2(c)). For better inspection result, the 
geometry and texture quality should meet the following criteria: 

• The geometry sensor’s sampling density within ROI should 
be better than a threshold Φ�. 

• The geometry sensor’s sampling density within non-ROI 
should be bigger than a threshold Φ�. 

• The geometry sensor capture each point with accuracy better 
than a threshold Φ�. 

• The texture sensor captures each point with angle smaller 
than a threshold Θ� 

• The texture sensor capture images with pixel size smaller 
than a threshold Θ�. 

 
Fig. 2. Sensors and ROIs: (a) the first ROI, (b) the next ROI, and (c) 

different sensing angles. 

Parameters Φ	 controls the quality of the geometry data. The 
geometry sensor’s should sense the object with certain density 
Φ� and accuracy Φ� to enable the dimensional inspection [12]. 
To support accurate 3D measurement in the ROIs, the system 
adopts Φ� for ROIs and Φ� for non-ROIs with Φ� 
 Φ� which 
benefits in the following ways 

• Sensing efficiency is improved by avoiding oversampling 
using high density for the whole object  Φ� � Φ�. 

• 3D measurement accuracy in ROIs is higher than that in 
non-ROIs. As such, measurement of defect can be achieved 
with a higher resolution.  

Parameter Θ� defines the quality of the texture data. Surface 

inspection is performed based on the images from the texture 
sensor. The angle Θ� defines the visibility of defects to the 
sensor. If all defects are visible on any view angle by texture 
camera, the threshold can be set as Θ�  0. Otherwise, if there 



is a defect that can only be visible on perpendicular view angle, 
then Θ�  90. The pixel size Θ� defines the minimal defect size 
in the image. If a defect can be detected using five pixels, to 
detect a defect of size 1mm, the system needs to set 
Θ� �0.2mm. With sensor resolution � � �, each ROI covers an 
area �Θ� � �Θ�. Therefore, the smaller the defect to be 
detected, the smaller the ROI regions (Fig.3).  

 
Fig. 3. ROI size according to pixel size: (a) one ROI, and (b) another ROI 

with half pixel size. 

B. JTGA framework 

The proposed JTGA solution consisting of system setup for 
different types of objects, task specification for objects of the 
same type, and online inspection for each object (Fig.4).  

If sensors and the robot are fixed for inspecting different types 
of defects on different objects, system configuration remains 
unchanged, and system setup only need to be calibrated once. 
System setup includes the following modules: 

• Sensor calibration: calibrate different sensors (global 
sensor, texture sensor, geometry sensor) into a same 
coordinate system, i.e. the robotic base coordinate system. 

• System configuration: configure device’s specifications, 
which will be taken into account in viewpoint calculation. 
Specifications includes: 
o Geometry sensor: field of view, clear distance, depth of 

field, precision for each measurement point, point 
density at different sensing distance. 

o Texture sensor: field of view, depth of field, camera 
intrinsic parameters 

o Robot: position accuracy. 

Task specification is to specify the global parameters for objects 
of the same type: 

• Collect and train prior knowledge: Given a new image, the 
system is able to detect the defects as regions of interest 
(ROIs). Given a ROI, the system is able to decide the 
sensing exposure for the geometry sensor to sense this ROI. 

• Set global sensing parameters, Φ	 and Θ�, for the desired 

geometry and texture quality.  

• Prepare the same CAD model for the objects to be 
inspected. 

Online inspection performs sensing and inspection on each 
object: 

• Global coarse level sensing: the global sensor is used to 
acquire a coarse level model of the inspection target to guide 
the online planning of the viewpoints. The CAD model can 
be used to replace the coarse level model by registration.  

• Adaptive viewpoint planning: One viewpoint is planned 
to capture data from one ROI adaptive to defect features. 
The first viewpoint is initialized after identifying an initial 

ROI on the global model. After that, new ROIs are derived 
from the local inspection. Each ROI is used to plan one 
viewpoint and sensing parameters (Section II.D). 

• Local fine level sensing: Before sensing each region, its 
texture image is input to the pre-trained model to select the 
proper sensor exposure. Each non-ROI region is sensed with 
point density Φ�, and each ROI is sensed with point density 
Φ� to increase the 3D defect resolution (Section II.A).  

• Global model updating: Fine level geometry from the 
sensors is used to update the global model. Due to the using 
of different point densities, the global model is represented 
in a multi-resolution way.  

• Local inspection: Defect detection is performed on each 
texture image to identify the defects using the pre-trained 
model. Each defect region acts as an ROI, which is then 
mapped to the global model. JTGA is performed to divide 
the ROI into different ROI for the geometry and texture 
cameras (Section II.C). 

• Termination check with quality control: Each point on 
the global model should be scanned with the desired high 
geometry quality and texture quality (Section II.E). 

• Global inspection: Dimensional inspection is performed 
automatically in a global scale comparing with CAD model. 

• Standardized reporting: The summary of defects, such as 
location, size, and appearance  

 

Fig. 4. Online adaptive sensing and inspection solution. 

C. JTGA for ROI refinement 

An ROI region detected using the trained model (the Y-joint 
region between two pipes in Fig.5) is mapped on the the 3D 
model. The pixel resolution can be estimated as Θ � S/����, 
where � is the area of the mapped 3D region. If Θ � Θ�, the 
detected ROI may need to be refined into smaller ones (Fig.5) 
taking into account both the texture and geometry information. 
A viewpoint will be planned for each refined ROI for high 
quality imaging.  

 

Fig. 5. Joint texture and geometry analysis for ROI refinement. 



UpdateΘ � Θ�/Θ and initialize the remnant Ω � � 
(corrosion region in Fig.6(a)). The ROI refinement algorithm 
will iteratively reduce the size of Ω to zero, and produce several 
smaller ROIs (Fig.6(b)).  Each iteration consists of three steps: 

• Horizontal segmentation: a horizontal segment is derived 
which starts from the first pixel on the first row of � with 
height �Θ (Fig.7(a,d)).  

• Coarse refinement: each horizontal segment is refined into 
several smaller ROIs of width smaller than �Θ (Fig.7(b,e)). 

• Fine adjustment: each refined ROI is moved vertically to 
fit the remnant Ω while keeping its size �Θ � �Θ (Fig.7(c,f)). 

In such a way, the i-th iteration produces several ROIs �	,�, 

and the remnant Ω  is updated as 

Ω � Ω − ��	,�
�

. 

The size of the remnant is reduced after each iteration, and 
the refinement algorithm terminates until Ω � ∅. As such, the 
original ROI in Fig.6(a) is replaced by a set of refined ROIs in 
Fig.6(b) 

� ⊆ � �	,�
�, 

. 

 
Fig. 6. ROI refinement: (a) ROI, and (b) refined ROIs. 

 
Fig. 7. ROI refinement: (a,d) horizontal segment, (b,e) coarse refinement, 

and (c,f) fine adjustment. 

D. JTGA for viewpoint planning 

One viewpoint with adaptive sensing parameters is planned 
for each ROI for high quality sensing (Fig.8). The viewpoint is 
planned such that the geometry sensor and image sensor will 
capture the high quality data according to the quality 
requirement in Section II.A. 

 

Fig. 8. Joint texture and geometry analysis for the next viewpoint. 

Point density around a point on the object can be estimated 
according to its position and normal [12]. However, it is 
difficult to plan the sensing distance in order to achieve the 
desired point density based on the given formulae in [12]. Thus, 
JTGA solution proposed a new estimation of the point density 
based on the model of the geometry sensor (Fig.9). The frustum 
of the geometry sensor is defined by 

• !"# : the angular field of view on the $%-plane, 

• !&# : the angular field of view on the '%-plane, 

• (" : sampling number in the $-direction, 

• (& : sample number in the %-direction, 

• Clearance distance, and 

• Measurement range 

The solid angle of the right rectangular pyramid is [31] 
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Fig. 9. Geometry sensor model. 



E. Full coverage sensing with desired high quality  

The fully coverage is achieved by checking the status of 
each point on the global model. If all points are sensed by the 
sensors with the desired quality, the object is fully scanned. 
According to Fig.10(a), the capturing regions of the geometry 
sensor and the texture sensor are different. As such, points on 
the global model will have different status: 

• Points that not scanned by both sensors (A in Fig.10(a)) 

• Points that scanned by texture sensor but not scanned by 
geometry sensor (B in Fig.10(a)) 

• Points that scanned by geometry sensor but not scanned by 
texture sensor (C in Fig.10(a)) 

• Points that scanned by both sensors (D in Fig.10(a)) 

The viewpoints are planned based on ROIs to capture 
textures and geometries with the desired high qualities. After 
sensors move to planned viewpoints and capture the data, the 
actual data will be checked to see whether they meet the desired 
quality. Thus, during the sensing, all points can be further 
divided into the following groups: 

• Points that not scanned by both sensors (A in Fig.10(b)) 

• Points that scanned by texture sensor but not scanned by 
geometry sensor  
o Texture qualifies (B1 in Fig.10(b)) 
o Texture does not qualify (B2 in Fig.10(b)) 

• Points that scanned by geometry sensor but not scanned by 
texture sensor  
o Geometry qualifies (C1 in Fig.10(b)) 
o Geometry does not qualify (C2 in Fig.10(b)) 

• Points that scanned by both sensors 
o Texture qualifies and geometry qualifies (D1 in 

Fig.10(b)) 
o Texture qualifies and geometry does not qualify (D2 in 

Fig.10(b)) 
o Texture does not qualify and geometry qualifies  (D3 in 

Fig.10(b)) 
o Texture does not qualify and geometry does not qualify 

(D4 in Fig.10(b)) 

Before scanning, only group A is not empty. The sensing 
will continue until only group D1 is not empty, i.e. all points 
meet the desired qualities. If FOV of the texture sensor covers 
FOV of the geometry sensor, groups C, C1 and C2 in Fig.10 are 
always empty. 

 
Fig. 10. Full coverage sensing: (a) coverage with texture and geometry, and 

(b) coverage with desired high quality texture and geometry. 

III. EXPERIMENTS 

Experiment is conducted with the setup presented in Fig.11. 
A Kinect is used for global sensing. The geometry sensor and 

the texture sensor are mounted together to the TCP of the 
robotic arm. All sensors are calibrated to the base coordinate 
system of the robotic arm. The inspection target is a Y-joint pipe 
placed on the desk with the area facing up to be inspected. 

 

Fig. 11. Experimental system setup with the robotic arm and sensors. 

The global sensing results, both geometry and texture, are 
presented in Fig.11. Only data locating on the desk is collected. 
Fig.12(b,c) show the textured point cloud in two different 
views. After data processing, the global coarse level point cloud 
and surface can be derived in Fig.12(d,e).  

 
Fig. 12. Global coarse level sensing: (a) color image, (b,c) different views of 

textured point cloud in the working area, (d) textured point cloud of the Y-

joint pipe, and (e) the reconstructed coarse level surface. 

The system is trained to detect the groove region and the 
scratch on the pipe. During fine level sensing, there are four 
different viewpoints planned to cover the groove. Fig.13 
presents the texture images for the groove. Fig.14 presents the 
fine level geometry data compared with the coarse level 
geometry data. The area in the red dots in Fig.13 indicates a 
detected scratch. Thus, a new viewpoint is planned to capture 
the fine texture and geometry as shown in Fig.15. 

 

Fig. 13. Four texture images from the texture sensor at four different 

viewpoints. 



 
Fig. 14. Fine level sensing of the groove: (a) point cloud data from the global 

sensing, (b) coarse level geometry from the global sensing, (c) high resolution 

in non-groove region and higher resolution in groove region, and (d) fine level 

geometry after sensing. 

 
Fig. 15. Fine level sensing of the scratch: (a) fine level geometry for 3D 

measurement, and (b) high resolution texture image for analysis. 

IV. CONCLUSIONS 

JTGA solution is proposed in this paper to acquire high quality 
data to support both surface inspection based on texture data 
and dimensional inspection based on geometry data. The 
texture data quality is controlled by parameters Θ� and the 

geometry data quality is controlled by parametersΦ	. The 
surface inspection tasks are performed during the sensing to 
detect defected ROIs. Each ROI are refined based on joint 
texture and geometry analysis until each ROI reaches the 
desired data quality. Adaptive viewpoints are planned for 
refined ROIs to acquire image and geometry data. The solution 
is adopted for Y-joint inspection.  
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