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ABSTRACT 

This paper presents a method to understand and reason the spatial configuration of 

individual parts in an assembled model from a 2D ISO sketch for autonomous small-

part assembly. When given disassembled individual parts for a model in a 3D 

environment and an isometric 2D sketch of the assembled model, a human can tell 

visually the spatial configuration (position and orientation vectors) of the parts 

according to the assembly sketch, but it is challenging for a robot to decipher it. To 

understand the isometric drawings, a new reinforcement learning architecture is 

designed, which takes in an isometric drawing sketch as the reference and learns to 

reconfigure the spatial configuration of the parts to minimize the difference from the 

reference. A learning environment framework was created based on FreeCAD for 

reinforcement learning (RL) agent to interact with 3D models. The difference between 

the reference and current isometric sketches is calculated in the reward function, 

which guides the RL agent to move the 3D models to the target configurations. The 

proximal policy optimization (PPO) function was used for the RL agent because of its 

reliability and high training speed. To further augment generalization and robustness 

of the PPO model, an LSTM model was introduced into the RL architecture with a 

continuous action space. The proposed architecture demonstrated convincing 

performance in the experiment in FreeCAD. The performance indices include 

convergence on standard industrial assembly images within an average of about 60 

steps, generalization on different initial configurations, and robustness to subtle 

nuances in a given reference sketch.. 
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CHAPTER 1  

INTRODUCTION 

1.1 Background 

Repeatability and high efficiency is one of the most sort after use of applying 

automation and robotics, this can be applied in every form of infrastructure medical in 

the case of automated surgery or automated pill production, and in the case of finance 

we have prediction algorithms as well as the case of manufacturing industries where 

we have automated assembling robots.  

Focusing on the industrial sector, in order to perform a structured assembly of a part, 

a step by step instruction of how the parts are to be assembled has to be given to be 

able to tell where each individual part belong, this information sometimes come as a 

set of written instructions, a program detailing the spatial coordinate of each part, a 

video showing step by step assembly or as in most cases when it comes to industrial 

part assembly an ISO drawing of the assembly. Humans in general would be able to 

automatically tell the individual location of each part by looking at the ISO image but 

an automated machine does not possess the capability of reading an image to that 

extent. The machines would need to understand human-level abstract instructions 

and planning. Spatial component poses (location and orientation) are a critical 

parameter of robot planning, as the major content of instruction manuals, isometric 

sketches depict spatial constraints (e.g., aligned, concentric, and coincident) and 

relative component poses.  

There is essentially a need to automate the understanding of spatial configurations 

from 2D isometric sketches as it requires the knowledge of spatial projection and 
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drawing conventions, understanding high-level instructions is an ill-posed problem, 

which may even be difficult for non-expert humans [1] .The problem has been 

explored in different directions including computer vision [2], 3D model inference 

from sketches [3] [4] [5] [6], 3D structure from images [7] [8], and 3D shape synthesis 

[9] [10]. The existing work concentrated on generating approximated 3D models or 

constructing 3D volumes, but there lacks an effective approach to reconstructing 

accurate poses from isometric sketches. 

In trying to understand how to derive these spatial configurations from images, we 

must first understand how humans subconsciously derive the location of an objection 

relative to each other in a given scene. Looking at an image containing several objects 

a human with experience can tell the size of each object depending on perspective, 

an object might look smaller if shown from father away and vice versa. By using other 

objects in the background the human is able to place a rough estimate on the 

approximate distance of the object in the image and also the way that object is 

oriented differently from previous ways it has previously been seen. Knowing all these 

we can see that the human brain performs a series of processes with the associated 

decision-making and error-correction task in real time to understand each image it 

looks at but with experience we barely notice the ease at which this is all done. 

Similarly with a trained artificial intelligent agent, we can deploy the same series of 

events in order to understand the placement and orientation of each object, to do this 

we would need to train the agent with vast experience on learned strategies of 

placing said object in a virtual environment. The essence of this study is to not only 

take advantage of computer vision to simulate the understanding of spatial 

configuration of parts in a 2D image so as to utilize this feature in later projects of 
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automating manufacturing robot assembly planning, but to understand the learning 

strategies themselves.  

1.2 Study Overview 

Deriving the spatial configuration of the objects as a way to fully emulate a human 

understanding is a complicated procedure, this procedure can be broken down into 

a few modular steps and for the process to produce efficient results certain criteria 

would have to be met. The generic idea of this process is to first model the objects 

seen in the image, and then move these models together so as to resemble the image 

in the reference sketch. The framework of the proposed approach is shown in Figure 

1. 

 

Figure 1. Framework of the proposed approach 

1.2.1 Sketches 

In order to simulate the assembly of parts, it is essential to start with baby steps that 

mimic general industrial images in contrast to solving general computer vision as a 

whole. A general scene a human sees in a day to day life has a vast amount of 

complications, they contain several thousands of objects in the scene at once, with 

different variation of color and lighting as well as vast number unpredictable action 

that can occur to change the certain scene at that moment, modelling this kind of 

scene would be very complicated and stands as a field on its own, however since this 
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study focuses primarily on industrial part assembly, the sketches used would primarily 

focus on engineering based images as trying to understand the average scene of a 

human would be redundant in accomplishing the set out task of this study. 

In general the images to be used in this study, would have to be engineering standard 

ISO view images, black and white images with a camera placement at an ISO view of 

the model, line width and occlusions would have to be preprocessed before being 

applied to the agent. 

With this model of images we can focus the agent to understand the generic form of 

how the models should look like in contrast to generalizing across all scenes. 

1.2.2 Simulation environment 

Having a reference sketch to which we wish to model is on its own not enough for a 

computer to decipher, we would need a way to feed the algorithm vast experience of 

previous recollections of how these part have been placed and oriented differently 

and how those previous placements compare with the reference image. 

This is where the environment comes in, we need to first model each of the parts to 

be assembled together, and then with these 3d models of the parts we can interact 

with them in such a way that all the 3d models would come together in the 

configuration that directly resembles the image, A virtual environment is thereby 

needed to place these 3D models as well as interact with them. 

For this study, a CAD software environment was used, the environment is able to 

generate the 3d models, assign various positions and orientations (in the form of Euler 

angles) to these models as well as generate ISO view sketches of said models. The 

environment is then interfaced with the learning agent API to create a whole new 

environment modelled specifically for the study. The ISO view image generated in the 
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environment is extracted and used as the generated sketch which would late be 

compared with the reference sketch to evaluate the current state of the environment. 

The generated sketch would also have to follow the guidelines of the reference sketch 

such as line width, occlusion etc. so as to create a standard in order to avoid faults 

derived from inequivalent engineering drawings 

1.2.3 Policy generation 

The most vital part of this study is generating the set of transformation actions, these 

actions are performed by the artificial intelligent agent. The algorithm first compares 

the generated sketch to the ISO sketch and with feature extraction produce a new 

image that details the difference between both images, this image is then fed to the 

agent as the observation, the agent then generates a policy based of off the current 

observation and previous states propagated using an LSTM network and reward of its 

previous actions. The actions generated by the agent is then acted on the models in 

the environment to move the specific part to a more suitable position. 

For this study, after performing deep research on several NN models, a proximal policy 

optimization reinforcement learning agent was used. Research shows that this agent 

generates a more efficient transformation policy across all models, also the model is 

able to work on discrete and continuous action spaces, and training speed is also 

dramatically lower using this agent model. 

1.2.4 Study Outline 

Image feature extraction and Sketch understanding is a highly complex and diverse 

field with a vast amount of research dedicated to respective areas of the field. Sketch 

understanding for automated assembly is an even more complex field, as there is not 

of lot of work done in this area. The contributions of the paper include: 
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We propose the first work addressing the object feature extraction in an industrial type 

Isometric view image 2) We proposed a novel RL architecture that can take a reference 

image and 3D models and perform actions to make the 3D models in the virtual 

environment resemble the reference sketch 3) A highly robust and adaptable RL 

architecture that incorporates LSTM. 

In order to demonstrate this idea, a set of reference sketches are generated and used 

to train the agent. Multiple RL methods and action spaces are experimented with and 

validated. The models are test through simulations and experiments in the virtual 

environment. Results show reasonable progress in this area of research 
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CHAPTER 2  

LITERATURE REVIEW 

Research on sketch understanding is few decades. The study of sketch understanding 

could also fall under object recognition and visual image recognition. Several 

techniques learning techniques have been extensively used to solve object 

recognition. Most of such research [11] was focused strongly on object recognition 

using images or 3D point clouds.  

This study primarily focuses on sketch recognition of industrial standard images and 

deciphering spatial orientations of objects in said sketch primarily for uses in 

automated assembly design, which is an area of research that has barely been 

explored. 

In the following subsections, we will review the previously explored problems 

independently and summarize the contribution of the proposed approach for sketch 

understanding strategy using reinforcement learning. 

2.1 Sketch understanding 

The procedure of sketch understanding is a very complicated task, only 

accomplishable in our time today due to the presence of vast array of machine 

learning tools, Several subsections of sketch understanding have already been 

explored, for example sketch understanding has been used to retrieve facial 

information from sketches [12] [13] which can see applications in crime department 

to help police identify mug shots from victim sketches. Sketch understanding has also 

seen various uses in engineering department where research has been conducted to 

generate algorithms to understand UML diagrams [14]. Several research has also been 
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conducted to address multi-domain sketch recognition [15] [16]. Due to the difficulty 

of understanding sketches multiple approaches have been developed to address 

these difficulties for example Some researchers have explored using hybrid 

convolutional neural networks CNNs to address issues with sketch recognition [17], 

Another approach uses a newly developed programming language specifically to 

tackle and handle sketch recognition [18] programming language. Similar to our 

domain several research has been done to try to understand sketches of industrial 

images [19]. In our study we try to take use of the 3D models of the objects in the 

sketches to try to understand how they are arranged in the sketch which is further 

discussed in following sections. 

2.2 Automated CAD model assembly 

To combat the difficulty of sketch understanding, we explore the uses of 3D CAD 

models assembly to mimic the shape and localization as seen in the reference sketch. 

In order to accomplish this there would need to be automation integrated into the 

CAD design , several similar work has been explored were researchers are able to 

model CAD model using automation and algorithms [20] [21] [22] [23], a similar 

research also explores an approach to extract the liaison graph from a 3D CAD model 

and analyze a method to find at least a feasible assembly sequence for the product. 

The method could be useful to search the optimal sequence of assembling for a 

product, by comparing different sequences extracted in automatic mode from a 3D 

CAD model [24]. More commonly research explore integrating CAD and CAM design 

to automate process planning [23] 

During our research into automated CAD assembly, in order to address the integration 

of the CAD software to the ML learning agent, we only explored CAD design that can 
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be implemented using MACROs [25] [26], specifically MACROs in python to do this we 

used FreeCAD [27] 

2.3 Reinforcement Learning 

There is considerable body of work related to reinforcement learning [1312.5602] 

.Specific to robotics, reinforcement learning has been explored to aid in mobile robot 

navigation whilst avoiding collision [28], Reinforcement learning has also been 

explored in robotic arm movement to generate precise movement [29] [30]. Whilst 

researching for this study we also had to conduct research on which RL method that 

is most robust, several researchers have developed and tested several RL methods 

environments [31]for this study we chose the PPO method integrated with LSTM, 

similar to research work conducted by [28]. To boost generalization and scene 

recognition a goal driven RL agent, the agent receives the goal image and the current 

image at each step to predict an action, researchers have explored this method and 

showed the effectiveness of this goal driven approach in boosting performance [32]. 

 

There is considerable body of work on sketch understanding. In researching for this 

study, we encountered so many different approaches to solve this problem. It was 

both inspiring and informative. To the best of this research, the overall idea of using a 

goal driven RL agent that takes in the ISO sketch of 3D objects in a virtual environment 

and assembles it in a way as to resemble the reference sketch is a novel one. 

 



 

10 
 

CHAPTER 3  

METHODOLOGY 

The goal is to reconstruct the accurate spatial configuration of 3D models from the 

given reference isometric sketches. In this task, the 3D component models are 

assumed to be known, built and loaded into the environment and isometric sketches 

of different configurations can be generated for arbitrary viewpoints. In the case of 

building an assembly model with several parts we only need to investigate sequential 

pairwise relations by considering all previous parts as a whole, since instruction 

manuals specify step-by-step sketches for each component. The ill-posed 

reconstruction problem can be transformed into a search problem, i.e., optimize 

spatial configurations such that the generated sketches match the reference. For this 

we construct a Deep Reinforcement learning agent that takes in the Black and white 

image of both the current and target ISO 2d sketch image and outputs the most 

efficient action to take that minimizes the difference between both images. 

3.1 Problem Formulation 

To combat the understanding of industrial standard sketches, we use an approach 

where we randomly place the objects in an environment and then gradually build the 

objects so that they resemble the assembly structure in the reference image pf the 

sketch. In order for this approach to work certain issues have to be tackled. First in 

order to gradually build the object to resemble the image we need an environment to 

work in, this environment should be able to hold and memorize the precise position 

and orientation of each part according to a reference frame, this environment would 

also need to have that spatial configuring acted on, in a sense the agent should be 
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able to update the location and orientation of each part in the environment, and also 

the environment should be able to produce observations similar to the reference 

sketch in order to perform comparison, In a real world environment this would be very 

tedious as we would have to develop a system that holds the object in certain spatial 

configuration according to a given state and also be able to update this state 

accordingly in real time, this can be accomplished using a robotic arm system , but the 

amount of time and effort that would go into programming and developing such a 

system would be too much, we would also need to observe the assembly in such a 

way that resembles the reference sketch which is another difficulty of using the real 

world environment, this is why we develop a new virtual environment framework, this 

object takes in the model and is able to act on the spatial configurations of the models 

and produce the needed standardized observation in real time or even faster. 

However with a virtual environment we would also have to combat the issue of how 

to transfer the object into the virtual system, for this we had to model or import the 

3D CAD models of each object into the environment. We also had to tackle the issue 

of interface we needed an environment that could directly interact with the provided 

agent, with the new environment framework, the interface is able to easily allow 

interaction between agent and environment in real time. 

 

Another technical problem that would need to be solved is the representation of the 

assembly scene, we would need to represent the observation of the assembly 

structure in a way that computation of the similarities between two images can be 

carried out easily and also contain the needed information of the state of each part. If 

we try to use the general scene a human views or an observation from a camera, each 
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scene could contain thousands of object in just one given frame, each scene is also 

splashed with different color variations and lighting and there are also a vast variety 

of ways the scene change instantly and unpredictably change states, using a scene 

like this would be too computationally expensive or close to impossible given current 

technology and algorithms, which is why we focus our observation reference images 

to standardized industrial isometric view images, images represented like this contain 

all the needed information to decipher the location and orientation of each part in the 

environment while at the same time delivering the information in a standardized view 

(camera position, occlusion and line sizes) and with only black and white pixels, this 

greatly simplifies the computational cost of observing the changes of each part in the 

scene. Deciphering the changes of state of each part between two images is also a 

technical problem to solve as this is required for the agent to compute the reward of 

each action step taken, there are several algorithms that explore a means of observing 

the difference between two images, for example [33] uses Structural Similarity Index 

to decipher how similar two images are, and also [34] uses CNN to observe the 

changes within two images, however none of this algorithm focus on the change of 

spatial configuration of a specific part in a given scene, this is why we developed a 

new algorithm to extract the feature of the objects in the image, our framework works 

by subtracting the current image from the reference image to produce a new diff 

image, since both reference and current images are represented as black and white 

ISO view images this new diff image contains pixel values in the range [-1,1] with 1 

denoting where the part should be and -1 denoting where the part is incorrectly 

placed in the current image, the varying location of each -1 and 1 pixel values in the 

new image can then be summed up and average to create a value within the range 
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0,1 to show how similar the current image is from the reference, this can then also be 

used to calculate the reward of each action step. 

 

In order to properly convert our current state into a more desirable state that more 

closely resembles the reference image, we would need to develop an artificially 

intelligent system that can decipher what action to take to make the current image 

more similar to the reference image in real time, for this we experimented with vast 

majority of reinforcement learning agent DQN, AC, A3C etc. we also experimented 

with the two various action spaces, to achieve a highly reliable , robust and efficient 

agent we had to develop a new reinforcement learning architecture, this framework 

combines a continuous space proximal policy optimization RL method with an LSTM 

system to produce a neural network architecture that takes in a log of previously 

explored states and produces an action to move the object in the environment. 

3.2 Environment 

 

Figure 2. Environment 
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In order to represent the model in an 3D space a suitable environment had to be 

chosen, the chosen environment would need to check specific requirement, one of 

this requirement is that the environment would need a means to have part models 

loaded at specific points and orientation given by an agent and fuse them as one, 

secondly the environment would need to have a means to extract an isometric view 

from the loaded parts and most importantly the environment should be able to 

interface with the RL agent. The rule of the sketch generation i.e. projection models, 

the representation of occlusion and view angle would need to be selected dependent 

on the reference sketch this should be able to be adjusted in the environment. 

 

For this purpose, we propose a new framework, which is designed by integrating a 

CAD software engine (FreeCAD) with a python API which in turn is connected to the 

deep learning framework The general idea is that the python software holds the states 

and passes these states as coordinates containing the position and orientation of each 

individual part to the CAD software, the CAD software assembles the parts with the 

coordinates provided by the python code and produces an image of the assembled 

parts according to the required view, scale, view box and line width provided by the 

python code. The rendered images of the CAD software are streamed to the deep 

learning framework through the python code, and the deep learning framework 

issues a control command based on the visual input and sends it back to the agent in 

the python code with in turn sends it to the CAD software. 
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The python and the CAD software communicate using MACROs, first the CAD 

software is initialized in the CPU background and then the python code passes a 

prewritten macro at each time step to the CAD software, the MACRO handles passing 

the state variables as part coordinates and also handles exporting the rendered image 

back into the python software. in details the python code uses the following steps, 

first a new document is opened in the CAD software, then a file containing the 3D 

models of all parts used in the assembly is merged onto the new document, the parts 

are assembled and fused into one new object according to spatial coordinates 

provided in the MACRO which is a result of the state generated by the actions of the 

RL agent, in next step the new 3d model is converted into an SVG drawing and saved 

at a file path and finally the macro closes the CAD software. The python code then 

converts the SVG drawing saved at the file path into a PNG image which is then 

preprocessed and fed to the RL agent. All of these happen in the CPU background so 

no new Window is opened each time the MACRO is run. 

 

Similar frameworks to integrate a modelling software to a programming API such as 

[35] [36] [37]have been proposed but the main advantages of our framework are (1) 

The environment and the RL agent are in direct communicate, this direct 

communication leads to a more rapid and online decision making with minimal user 

interaction, the whole process is automated in code. (2) The adaptability of the 

framework, the environment is able to produce images for all types of objects, the view 

and scale can also be chosen with respect to the reference image, there is a lot of 

variability and this can all be controlled by tweaking some value in the python API. 

One major drawback of the environment however is that all the individual parts have 



 

16 
 

to be modelled or provided according to the standards of the CAD software, so if given 

a new assembly the user would be required to create all necessary parts needed in 

the assembly. 

3.3 Reinforcement Learning Agent 

In order to learn the spatial configurations we use a RL agent to move the parts in the 

environment so that the current state input of the environment resembles or is 

equivalent to the reference image provided, in this project a Proximal Policy 

Optimization algorithm is used to determine an action to take (move part 1 to location 

0, 0, 2) when presented with the current state of input (an image showing the current 

state of the environment). 

3.3.1 Proximal Policy Optimization Method 

With supervised learning, we can easily implement the cost function, run gradient 

descent on it, and be very confident that we’ll get excellent results with relatively little 

hyper parameter tuning. The route to success in reinforcement learning isn’t as 

obvious — the algorithms have many moving parts that are hard to debug, and they 

require substantial effort in tuning in order to get good results. PPO strikes a balance 

between ease of implementation, sample complexity, and ease of tuning, trying to 

compute an update at each step that minimizes the cost function while ensuring the 

deviation from the previous policy is relatively small. 

The new variant uses a novel objective function not typically found in other 

algorithms: 

𝐿𝐶𝐿𝐼𝑃(𝜃) = 𝐸𝑡[𝑚𝑖𝑛(𝑟𝑡(𝜃)𝐴𝑡, 𝑐𝑙𝑖𝑝(𝑟𝑡(𝜃),1 − 𝜀, 1 + 𝜀)𝐴𝑡) ] 

𝜃 Is the policy parameter 

𝐸𝑡 Denotes the empirical expectation over timesteps 
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𝑟𝑡 Is the ratio of the probability under the new and old policies respectively 

𝐴𝑡 Is the estimated advantage at time t 

𝜀 Is a hyper parameter, usually 0.1 or 0.2 

 

This objective implements a way to do a Trust Region update which is compatible with 

Stochastic Gradient Descent, and simplifies the algorithm by removing the KL penalty 

and need to make adaptive updates. In tests, this algorithm has displayed the best 

performance on continuous control tasks and almost matches ACER’s performance on 

Atari, despite being far simpler to implement. [38] 

 

Figure 3. Plots showing one term (i.e., a single time step) of the surrogate function LCLIP 
as a function of the probability ratio r, for positive advantages (left) and negative 
advantages (right). The red circle on each plot shows the starting point for the 

optimization, i.e., r = 1. Note that LCLIP sums many of these terms. 

 

In this study a Proximal Policy agent model is used as the agent, we focus on learning 

the goal driven function π, which corresponds to the action to be taken at any given 

current state of the environment. A new deep reinforcement learning model was 

created to approximate the function. 

𝐚 =  𝚷(𝐬, t|𝐮) 
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Where 𝑢 denotes the model parameters. In our study, the target state t and the current 

state 𝒔 of the environment are both used as factors to train the model, This is beneficial 

to allow the model to generalize its data, encouraging flexibility to new target state 

and eliminating the hassle of retraining each time a new goal image is desired. Overall 

the input to the network are two black and white images representing the goal 2D 

sketch and the current 2D sketch which is gotten from the environment. The PPO 

algorithm is one of the forefront of deep RL algorithm it combats the issue of policy 

training stability and data inefficiency, it uses a loss function that deprives the model 

from adjusting too much to a certain policy and losing its stability. 

3.3.2 LSTM - PPO 

In addition to the natural vanilla PPO model structure we use a long short term 

memory (LSTM) implementation. This is done to include the previous states, actions 

and rewards in the decision making of the agent, sort of like adding a flow of how the 

state got to where it currently is in determining what the next best action to take is. 

The model was able to work more efficiently with the inclusion of the LSTM layers 

3.3.3 Network Architecture 

The first layer of the network is an input layer which takes in the black and white image 

of the two image input, the two inputs streams are passed down to several stacks of 

trainable convolutional network which share their weights, the output of both 

convolutional neural networks are then concatenated into one flattened layer which 

is then passed through several dense layers to produce the output stream of the policy 

and value data. The layers are initialized with mean value of 0 and standard deviation 

of 0.5 which is shown to be the optimal initializer for continuous PPO algorithms, each 
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layer is activated with a tanH function and the loss function of the policy output stream 

is governed by the PPO loss function with a clip value of 0.2. We train this network 

with an Adam optimizer with a learning rate of 1.0 ∗ 10^ {−5} 

 

Figure 4. Network architecture 

 

3.3.4 Transformation Actions 

In order for the agent to relay the information back to the environment, we need to 

use an action representation that would correspond to the desired change in the 3d 

environment. For our 3d environment we manipulate the parts by manipulating the 

location and orientation variables in the environment part load function, at every loop 

of the RL training the parts are loaded into the environment with predestined spatial 

configuration variable we can modify this variable according to NN output that would 

produce the maximum reward. The load function of the part requires seven state 

variables given in the form 

𝐬 =  [𝐨, 𝐩] 

Where 

𝐩 =  [𝐩𝐱  𝐩𝐲  𝐩𝐳] 
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corresponds to the spatial position of the part, x, y and z state variable representing 

the x, y and z load point in the environment, translation of the part can be made by 

either increasing or decreasing any of these variables this gives us 3 discrete individual 

actions: move up or down in the (x, y or z) axis a certain value between -1 and 1. And 

𝐨 =  [𝐨𝐱 𝐨𝐲 𝐨𝐳] 

Corresponds to the orientation of the part, the x, y and z variable are Euler angles 

representing the orientation of the part respective to the environments world frame. 

This gives us another 3 discrete actions: rotate clockwise or anti clockwise in the x, y 

or z axis theta value. In total translation + rotation leads to 6 possible values meaning 

at every time step the agent would adjust these 6 values in order to achieve the most 

efficient move towards the goal. The actions are a product of the RL agent they 

correspond to a value between -1 and 1 for all state variables, since the action is 

chosen to be continuous the network determines the mean and standard deviation 

of the action variable a for that state 𝒔. 

𝒂𝒔 =  ∏(𝒂|𝒔) = 𝑵(µ|𝝈) 

3.3.5 Observation and Goals: 

Contrary to the approach taken by other RL agents where only the current state image 

is used, in our approach the agent takes both the current ISO 2d sketch view of the 

environment and the reference sketch as input. Using a feature extraction algorithm 

the both images are concatenated and sent to the input nodes of the agent the 

benefit of using the both images rather than a single image is the flexibility in 

specifying new task images, since the specific goal(reference) image is considered in 
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the input the agent tends to respond well if a new goal sketch is given, If only the 

image of the current state was used rather than the union of both current state and 

reference state the model would need to be retrained for each new goal image. The 

goal of the agent is to manipulate the parts in such a way that the both reference 

image and current image are equal.  

 

Figure 4. Samples of images fed to neural network 

The figure in [fig: Samples-of-images]shows a sample of images sent to the input nodes 

of the RL agent the objects at the top represent the current state of the environment 

while the image below show the reference image both images are concatenated and 

fed to the neural network. 

3.3.6 Reward Function 

The reward function used plays a very vital role for the convergence of the model, if 

the agent were to use sparse reward the model would most likely not converge since 

the total number of possible states is very high and the reward is only gotten from one 
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state, it would be close to impossible to get that reward value to train the model for 

this we had to implement reward tuning on the model. The agent uses a complex 

reward function. Unlike other Reinforcement learning tasks where the agent is given 

a reward after achieving the goal, our agent is given a reward at every action taken 

this eliminates the possibility of sparse reward allowing the model to converge at a 

faster rate, for each time step the algorithm would need to find how far the part in the 

current image is from the target location in comparison with how far it was in the 

previous image. 

 

The algorithm does this by first taking the difference between the current image and 

the target image, since both images are black and white (meaning all pixel values are 

with 0 and 1) this creates an image with the pixel values in the range (-1, 1) the pixel 

with the negative value denotes the part in the current image where the part is 

ACTUALLY supposed to be and the pixel with positive values show where the part is 

in the current image that it is not supposed to be at. Using the equation below the 

algorithm can then calculate the average distance (D) between the parts current 

location (i) and the actual location (j). This value denotes how far the part is in the 

current image from its actual location in the target image. The difference between a 

current image and the reference image is represented as. 

𝑑(𝐺, 𝐶) 

Where 𝐺 represents the matrix of the goal image and C represent the current image. 

The subtraction of the two images is performed straightforwardly in a single pass. The 

output pixel values are given by: 

𝑄(𝑖, 𝑗) = 𝐺(𝑖, 𝑗) − 𝐶(𝑖, 𝑗) 
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𝑄(𝑖, 𝑗) corresponds to the new image gotten from the subtraction between reference 

image and current image, the image would contain pixels value within the range -1, 

1 since the original two images only had pixel values 0 and 1. For all negative pixels N 

where 𝑄(𝑖, 𝑗)  =  − 1 and all positive pixels P where𝑄(𝑖, 𝑗)  =  1. For all the pixel values 

with negative values N in the differnce image sum up the euclidean distance between 

that respective pixel and all other pixels with a positive value in the difference image 

P, add all the sums together then return the average of that sum. This average value 

corresponds to the difference 𝑑(𝐺, 𝐶) between the reference image and the new 

current image. The reward of each action can then be calculated by finding the 

differnece betweeen how far the part is in the current image than the previous image 

 

𝑟(𝒔𝑛, 𝒔𝑛−1, 𝑎) = 𝑑(𝐺, 𝐶𝑛) − 𝑑(𝐺, 𝐶𝑛−1) 

 

𝑟(𝒔𝑛, 𝒔𝑛−1, 𝑎) represents the reward value between  𝒔𝑛 and 𝒔𝑛−1 after action 

𝑎, 𝒔𝑛represents the current state and corresponds to the image 𝐶𝑛 and 𝒔𝑛−1 represents 

the previous state and corresponds to the image 𝐶𝑛−1.To motivate shorterning 

amount of steps to the reach the target state a discounted reward is applied at the 

end of each training episode, where 𝛾 denotes how far along the states leading to the 

target state we want the value of final reward to spread  

𝑟𝑑(𝒔𝑛, 𝒔𝑛−1, 𝑎, 𝑡)⃪𝑟(𝒔𝑛, 𝒔𝑛−1, 𝑎) + (𝛾𝑡) 
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𝑟𝑑 Represents the discounted reward value between 𝒔𝑛 and 𝒔𝑛−1 after action 𝑎 

assuming time t has passed since the training session began. 

3.4 Generation of Assembly Actions 

This study is designed in line with mechanical assembly robots, The algorithm assumes 

the presence of a robotic arm manipulator with a reach to cover the entire state space 

of the environment, it is also assumed that there are no collision objects in the 

environment, the robot is to be controlled by feeding the current state space which 

can be gotten from the action generated by the RL agent as explained in 3.3.4 into an 

inverse kinematics function to the manipulator. With the spatial configuration gotten 

from the proposed method in the study, the final state of all parts are known. 

 

The program assumes all parts are initialized with their reference position and 

orientation before the assembly process begins, the agent(robot) proceeds to by 

following each step as shown in the algorithm which is explained in ALG 1 

 

In this study we are using a virtual environment to demonstrate the ideology, 

Assuming all the part have been modeled and imported in the virtual and the final 

configuration has been constructed and given to the agent the path planning training 

process can begin, the final configuration comes in the form of an array that holds the 

state of each individual part in their predestined location, this array is saved in the 

program as the goal state. The first step of the training procedure is to check if the 

assembly is complete , this is done by comparing the current state array and the final 

state array and checking if the difference between both arrays is between the margin 

of error given in the program code, the current state array is an array that holds the 
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state of each of the current and previous individual part states that have been added 

to the assembly and this array is constantly updated while the program trains, at the 

moment since the training just begun the current state array is an empty array. 

 

The program then determines its next action depending on if the assembly is complete 

or not, if the assembly is complete, the program returns the final state and ends, if the 

program is not complete the program append the next part to the current state array, 

this update the current state array by adding in a new array contain the initial position 

and orientation of that added part. the next step of the procedure is by far the most 

important step of the program, the program has to update the position and 

orientation of that added part till that part is in its final predestined position, the 

program does this by performing an action on the given part at every time step and 

checks if the part is at its goal state, the action updates the position and orientation 

values of the part and that action mapping is a determinant of the network training 

algorithm, this could be search algorithm , a reward based algorithm etc. . Once the 

series of actions performed has led the part to its goal state the program then 

continues by going back to the first step and checking if the assembly is complete, the 

process cycle repeats until the final configuration is reached. The general algorithm of 

the path planning; 
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Algorithm 1: path planning algorithm 

Input: goal_state_image: reference sketch 

Output: Array of states: s = [o,p] 

Initialize cur_state 

while not done: 

 cur_state.append(new_part) 

 if cur_state_image == goal_state_image then 

  break 

 else: 

  while new_part.state != part_goal_state 

   new_part = new_part(action) 
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CHAPTER 4  

EXPERIMENTS AND RESULTS 

In order to test the ideology we performed a complete assembly of a model part in a 

virtual system using the proposed methods in different configurations, by varying the 

input data set, reward function and the error margin we got varying training results 

and accuracies. We used an ISO view image of the part to observe the assembly as the 

updates were made, we went with the model table approach in order to simulate an 

assembly of a typical home furniture. We also compared our underlying model 

algorithm with several state of the art RL learning algorithms and compared the 

reaction of the model in discrete and continuous action space. Lastly we evaluated the 

generalization of the model to new targets and work pieces to compare how much 

knowledge is transferred between states.  

4.1 Experiment Setup 

The DNNs in this work were implemented using an integration of Tensorflow in 

Python, the environment was modeled using a CAD design software were the parts 

are loaded in at specific arbitrary position and orientation, the current state of the 

environment can be extracted in an ISO image data form which is fitted to resemble 

the ISO of the goal state image. The input to the network requires both the current 

state and target state 224 x 224 black and white image. The network takes in a batch 

of 100 data at an instant on average, the RL converges in about 12 hours for each of 

the DNNS on a computer with an NVIDIA RTX3060 graphics card. The training time is 

limited by the low learning rate required for a stable convergence of the model. 

Reward is computed as the discounted reward of each batch of the rewards 
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accumulated in each episode, averaged across all actions taken by the agents in that 

episode. Reward is a measure of how similar the current image is from the target and 

it includes a discount feature of time to enable shortening of the trajectory to the goal 

state. The agent is also given additional reward represented as a factor of the original 

reward when the episode is done, this factor is either negative or positive depending 

on if the episode fails i.e. if the object was moved so far from the goal that there is no 

longer a chance of convergence or succeeds if the agents reaches the goals state. 

Some vital hyper parameters are: learning rate = 1 * 10-4, discount factor (gamma) = 

0.975, training batch size = 100, and we use the Adam optimizer. 

4.1.1 Environment setup 

For our framework the FreeCAD open source software merged with Tensorflow was 

used, the models were loaded and modified using MACROs, this software was chosen 

because unlike other CAD software the MACROS in FreeCAD can be written using 

python enabling us to easily integrate our agent with the environment. To interact 

with the environment a load function is called this function takes in the orientation 

and spatial location of the part to be loaded as variables, the agent is able to modify 

these variables thereby changing the current state of the parts in the environment, 

the load function is called each time the agent perform an action on the part. To get 

the current state image, the camera view of the environment is exported to an SVG 

file, modifications such as camera angle and position, occlusions or projection model 

can be made to the SVG file, the SVG file is then converted to a PNG image which is 

then used together with the target state image as the current state for the network 

learning phase. Here we discuss the implementation of those learning models on the 
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agents. We also discuss the results of running the test data through these trained 

models and the respective observations and findings. 

4.1.2 Object Dataset 

The dataset consists of both the 3D CAD models and their respective 2D ISO reference 

sketch. 
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Figure 5. Data set sample (Part 1 of 2) 
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Figure 6. Data set sample (Part 2 of 2) 
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A. CAD models 

The final training consisted of performing training on 10 different object pairs, the 

assembly comprise of two individual object, each modeled individually and they can 

be placed at any orientation to train for different initial configurations. So as to mimic 

industrial assembly we modelled parts that are very similar to mechanical tools and 

parts. The shape and size of the entire assembly doesn’t contribute much to the 

general assembly, however the size of the individual parts should be relatively similar 

to each other, so that the agent detects changes on each object, if the size of one of 

the individual object were large relative to the other changes made in the small object 

would not be detected by the agent.  

B. ISO reference sketches 

For the ISO representation of the models we went with a relatively similar view box 

across all the 3D models so as not to deter generalization by the agent, The line width 

of the sketches are varied depending on the size of the objects, the objects that are 

smaller use a much thinner line width, because a much thicker line width would make 

the image unintelligible as the lines would dominate the sketch. The objects in the ISO 

sketches were chosen to include hidden lines so as to pass as much information to the 

RL agent. Finally the assigned scale of the 3d models is also chosen dependent on 

their size, a smaller model is given a bigger scale and vice versa, so as to have a 

standard view for the agent in order to encourage generalization. 
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4.2 Model Evaluation 

To test our proposal we trained various state of the art Reinforcement learning 

algorithms and compared the success rate and training speeds, we trained each DNN 

using 1000 iterations of episodes. The models are loaded into the environment at 

arbitrary random positions. The result of each episode if the model failed or succeeded 

and the amount of actions it took to reach the goal state were collected and plotted 

to evaluate which model has the most suitable training speed. The models we 

compared were; 

 

1. Deep Q Neural Network: This is the standard variation of the off policy Q neural 

network, the images where fed in as the input and the network determines the next 

discrete action to take and assigns a Q value to that current state. 

 

2. PPO: This is a variation of the A2C that implements a loss function that enables a 

stable training session. 

 

We also evaluated the effect of action space style for the PPO method. A non-discrete 

action space enables more precise movements toward the goal and also allows for a 

quicker trajectory. We illustrate this by perform the PPO algorithm using a discrete set 

of action, that is move or rotate a specific axis 1 or -1 unit and a continuous sets of 

actions move or rotate a specific value between -1 and 1 across all axis. 
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Figure 7. Trajectory length comparison 

 

 

The data in the graph shows that using a PPO method has a higher chance of 

producing a converging model as seen by the decrease in amount of training steps as 

the episodes progresses. The data also contains perturbations due to the random 

initializing of the state at each episode, an episode might start with a start state father 

than the goal state from another episode. 

 

For all learning models, we report their performance after being trained over a 

thousand episodes. The performance is measured by the average trajectory length 

(i.e., number of steps taken) over all targets. An episode ends when either the agent 

reaches the target, or after it takes 10,000 steps. The results are listed in Table 
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Table 1 MODEL EVALUATION 

 

 

4.3 Generalization across Goal spatial configurations 

 

 We evaluate how our agent reacts when given a different goal point on the same 

work piece. We evaluate this by training the agent on multiple goal points for the part 

and comparing the success rate when run on a different goal points. To evaluate how 

the agent reacts to varying orientation and position we train the agent with 3 different 

set of goal points. The first set uses the same orientation but varying positions across 

all goal points, the second set uses different positions but varying orientations across 

the goal points and the final set uses both different orientations and positions. The 

agent is trained on varying number of target points to evaluate the effect of the 

number of trained points to the success rate of generalization. 
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Figure 8. Generalization across Goal spatial configurations. 

From the graph, it can be deduced that the agent generalizes more when the new 

goal point shares the same orientations as previously trained goal points, it also shown 

that increasing the number of trained points greatly increases the success rate. 

4.4 Generalization across different initial configuration 

In addition to generalization across different targets the model is able to transfer 

knowledge across different initial configurations, this varies on how similar the new 

configuration is from the trained models, in order to evaluate the effect of object 

similarity we train the agent on three different sets of work piece pair, the first set uses 

the same base object(the object that acts as reference zero point) with a varying 

moved object, the second set uses a varying base object while the moved object stay 

the same and the last set uses two completely different objects as base and moved 
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objects. The graph shows the success rate depending on how many work pieces were 

previously trained on the model. 

 

Figure 9. Generalization across different initial configuration 

4.5 Model execution and Validation 

Once we had achieved acceptable performance from our learning models, we tested 

it on the validation set consisting of the trained ten objects. The 10 objects from the 

validation set were assigned reference sketch configurations not included in the 

dataset used to train any of the learning modules. As such these 10 objects were 

familiar to learning model however the configuration of their ISO image is new to the 

agent. 

The objective of this experiment was to take in the 3D models and the reference sketch 

of each of these objects and translate that into a state vector comprising of the position 
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and orientation of one of the objects in the assembly relative to the other. To 

accomplish this, it was required to seamlessly connect all the previously trained models 

in Python so that output from one model can transfer its predictions to the next one 

– all the way up to deciphering the state vector for the new assembly. 

We also conducted experiments on different 3D CAD models that were not familiar to 

the learning models, we made 2 pairs of new objects that the model have not been 

trained on to test generalization on different set of CAD models. 

4.5.1 Results 

In our experiments, for all the 10 objects of the validation set that were among the 

objects seen in the training stage, the agent was able to completely match the spatial 

configurations used to create the reference sketch. Regardless of the initial 

configuration used when starting the procedure the model converges to the assigned 

state vector, however it is observed some initial configurations lead to quicker 

convergence relative to other configurations. 

For the 2 CAD objects that were unfamiliar to the trained networks, the model always 

failed to reach a convergence. An interesting observation we saw, for the unfamiliar 

CAD objects that look similar to some of the trained objects, the model tries to 

assemble them in the same configuration as the similar objects in the trained data set, 

however after it fails to match it , it proceeds to make completely random actions 

which leads to failure. 
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Figure 10. Three consecutive snapshots of successful trial for three objects in the 
environment using the reference images 
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CHAPTER 5  

DISCUSSIONS 

The objective of this study was to derive the spatial configuration of objects in an 

image and predict the state vectors of the objects. Just as in humans, this involves a 

series of prediction and recall of previous experiences seeing similar object placement 

from memory. 

Using data and various probabilistic machine learning models, we were able to 

replicate the understanding of spatial configurations in images. Along the way we 

made few significant observations that aided the selection and evolution of our 

learning models and helped in making few novel contributions to the reinforcement 

learning models, CAD design and robotic assembly. Following are some such 

important observations and contributions coming out of this research. 

Image understanding by using objects in the image In this study we show that if we 

have an image and an environment that contains all the 3d models of all the objects 

in that image, with sufficient technology and a capable agent we can able to decipher 

how all the objects in that image are placed relative to each other. 

Algorithm development for Interaction between CAD models and ML. CAD models 

are a vital part to the conceptualization and production industrial products, with this 

study we have introduced ML into the world of CAD design, Artificial intelligence can 

been used to make the most optimal arrangement and design of assembly models. In 

this study we developed a method to collect information from sketches by making an 

interaction between the models in the sketches and an artificial intelligent agent. 
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Reducing information overload. Simply using an image of the object assemblies in real 

world would not help a model tell how the objects are placed, we would have to 

reduce the information overload of the objects in a form that is easily readable by an 

algorithm in real time while still containing all necessary information of the objects. 

For the study we chose to use industry standard ISO image view of the object assembly 

to properly represent the assembly as a sketch 

Deep learning model to predict grasps. The intent of this study was to use the latest 

developments in AI and Machine Learning area in an attempt to solve sketch 

understanding. In this endeavor, it was required to take unstructured information 

related to 2D images and 3D models and translate into a structured state vector in a 

cycle between the agent and the environment. In the course of modeling the 

problem, we have formulated and solved several sub-problems involving choosing a 

robust and simple RL method, identifying the most efficient action space for CAD 

design. Many of these concepts can be re-used for future studies. 

Managing generalization be using a Memory Recall. By integrating LSTM into the 

vanilla RL model design we were able to promote the agent to use previous visited 

states to predict the new state, thereby boosting the ability to generalize as well as 

increase the speed of convergence, this concept can be explored fully in other studies.  

5.1 Conclusions 

This paper have explored the application of Reinforcement learning to the assembly 

of virtual model objects so as to derive the spatial component of the parts in a 2D ISO 

image sketch such as the ones provided in industrial assembly manuals, the assembly 

parts were imported into a virtual environment and a reinforcement learning agent 

was programmed to assemble the part in accordance with the predefined goal state 
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of each part. the experiment has shown great promise in the integration of artificial 

intelligence to automate assembly process, in future we plan to move the trained 

model from the virtual environment to the real world, this could be done by having 

the trained neural network provide the position and orientation vectors for a 6DOF 

robotic arm like the SCARA robot using a camera visual information as the input of the 

network. 
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CHAPTER 6  

FUTURE WORK 

The objective of this study was to conceive a methodology to solve robotic grasping. 

A methodology that can be applied in the short to medium term, using the latest 

available machine learning tools. The results show that the model proposed based on 

emulating human grasping behavior can perform reasonable well.  

There are obvious limitations to this model in its present state. There are several ways 

this research could be extended to address some of the limitations. Few of the 

potential research directions are discussed below. 

One of the key limitations is that the model is not able to converge for objects it has 

not seen before due to the limitation of robustness of the current RL model and 

possibly the lack of enough train objects. Further research on the design of the agent 

DNN architecture could help address this limitation and also training on a vast majority 

of objects could help the agent easily decipher a new object. 

The other area of exploration could be to expand the images to include real world 

images, with more information in each of the reference image, Addressing this would 

require a system with reliable and fast image computation and the environment 

would also need to contain all the objects in that image.  

Another future work that can be explored is the use of the methodology explored in 

this paper to actually build an assembly in the real world using a robotic arm, Since 

while building the objects together in the virtual environment we move from specific 

state continuously we can translate this to a real world robotic system by applying the 
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states to an inverse kinematics function for the robotic arm, at each point the robot 

arm moves the part to that location assigned by the RL agent. 
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