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Automatic feature recognition (AFR) is essential for transforming
design knowledge into actionable manufacturing information.
Traditional AFR methods, which rely on predefined geometric
rules and large datasets, are often time-consuming and lack gener-
alizability across various manufacturing features. To address these
challenges, this study investigates vision-language models (VLMs)
for automating the recognition of a wide range of manufacturing
features in computer-aided designs (CAD) without extensive train-
ing datasets or predefined rules. Instead, prompt engineering tech-
niques, such as multiview query images, few-shot learning,
sequential reasoning, and chain-of-thought, are applied to enable
recognition. The approach is evaluated on the proposed CAD
dataset containing designs of varying complexity relevant to
machining, additive manufacturing, sheet metal forming, molding,
and casting. Five VLMs, including three closed-source models
(GPT-4o, Claude-3.5-Sonnet, and Claude-3.0-Opus) and two
open-source models (LLava and MiniCPM), are evaluated on this
dataset with ground truth features labeled by experts. Key metrics
include feature quantity accuracy, feature name matching accu-
racy, hallucination rate, and mean absolute error (MAE). Results
show that Claude-3.5-Sonnet achieves the highest feature quantity
accuracy (74%) and name matching accuracy (75%) with the
lowest MAE (3.2), while GPT-4o records the lowest hallucination
rate (8%). In contrast, open-source models have higher hallucina-
tion rates (larger than 30%) and lower accuracies (less than
40%). This study demonstrates the potential of VLMs to automate
feature recognition in CAD within diverse manufacturing scenar-
ios. [DOI: 10.1115/1.4069266]
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computer-aided design, prompt engineering, advanced
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1 Introduction
The integration of computer-aided design (CAD), computer-

aided process planning (CAPP), and computer-aided manufacturing
(CAM) is crucial for seamless operations in modern manufacturing.
CAD enables the creation of digital designs that serve as the foun-
dation for the manufacturing process [1]. CAPP acts as the bridge
between CAD and CAM by analyzing the necessary manufacturing
processes and conditions [2]. Subsequently, CAM uses the insights
from CAPP to control and automate manufacturing equipment,
transforming a CADmodel into a physical product [3]. This integra-
tion not only facilitates a smooth transition from digital blueprints to
physical products but also significantly improves manufacturing
efficiency.
Within the integrated workflow of CAD, CAPP, and CAM, auto-

matic feature recognition (AFR) plays a pivotal role in CAPP. AFR
converts CADmodels into recognizable manufacturing features that
CAM systems can utilize [3]. The growing complexity of CAD
models, which include features related to various manufacturing
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processes such as machining, additive manufacturing, casting, and
molding, highlights the necessity of AFR. Traditional manual
methods for identifying these features are often time-consuming
and prone to errors [4]. By automating this process, AFR reduces
the reliance on human intervention, thereby minimizing potential
variability.
AFR has a substantial impact on downstream tasks by improving

the accuracy of manufacturing time and material requirement
calculations, both of which are crucial for cost estimation [5]. In
terms of machine tool selection, AFR helps in selecting suitable
tools and fixtures. Furthermore, it can be used to optimize tool
paths and reduce manufacturing time by identifying efficient strat-
egies that minimize tool changes and repositioning. These capabili-
ties establish AFR as a vital area of research in manufacturing
automation [6].
Despite their advantages, traditional AFR methods have signifi-

cant limitations. Most existing AFR methods [7–15] are primarily
focused on machining features and do not adequately address fea-
tures associated with other manufacturing processes, such as addi-
tive manufacturing, sheet metal forming, casting, and molding.
This limitation arises from the challenge of adapting predefined
geometric patterns to recognize the diverse and complex features
present in various manufacturing processes. Furthermore, tradi-
tional methods rely heavily on expert knowledge to develop and
maintain feature recognition rules [11,16], which can hinder scal-
ability. The datasets used also often lack diversity, making it diffi-
cult to manage the wide range of features encountered in real-world
manufacturing scenarios. Therefore, advancing feature recognition
methods to comprehensively identify features across diverse manu-
facturing processes is crucial for optimizing the overall manufactur-
ing workflow.
To overcome these limitations, vision-language models (VLMs)

[17–19] offer a promising solution for AFR by leveraging their
ability to understand and interpret complex visual and textual infor-
mation. The main contribution of this study is a novel framework
that leverages large language model (LLM) for AFR in manufactur-
ing by recognizing complex CAD features using prompt engineer-
ing. Additionally, the study aims to develop a customized CAD
dataset with varying feature complexities, systematically apply
prompt engineering techniques, and propose tailored evaluation
metrics to objectively assess model performance in AFR tasks.
This approach reduces reliance on predefined geometric patterns
and enhances the adaptability of AFR to manage the growing com-
plexity of modern CAD.
To explore the potential of VLMs in manufacturing feature rec-

ognition and address the challenges posed by current AFR
methods, this study aims to answer the following research
questions:

(1) How effectively can VLMs recognize features in CAD across
various manufacturing processes?

(2) What prompt engineering techniques can be implemented to
optimize VLMs for AFR tasks?

(3) What metrics and methodologies can be used to effectively
quantify and evaluate the performance of VLMs in AFR?

The objective of this work is to automate the recognition of a
wide range of manufacturing features in CAD using VLMs. To
achieve this, a diverse dataset of 100 CAD is developed and catego-
rized into easy, medium, and hard levels based on feature complex-
ity, feature quantity, and expert judgment. The study employs four
prompt engineering techniques, such as multiview query images
[20], few-shot learning [21], sequential reasoning [22], and
chain-of-thought (CoT) reasoning [23], to enhance VLM perfor-
mance in AFR tasks.
Five state-of-the-art (SOTA) VLMs are evaluated, including

three closed-source models (GPT-4o [24], Claude-3.5-Sonnet
[25], and Claude-3.0-Opus [26]) and two open-source models
(MiniCPM-Llama3-V2.5 [27] and Llava-v1.6-mistral-7b [28]).
These models are tested against a ground truth CAD dataset
labeled by domain experts. Their effectiveness is assessed using

four key evaluation metrics: feature quantity accuracy, feature
name matching accuracy, hallucination rate, and mean absolute
error. These metrics provide a robust framework for evaluating
the capabilities of VLMs to accurately identify manufacturing fea-
tures across different levels of complexity.
The rest of the article is organized as follows: Sec. 2 reviews

related literature and outlines the challenges in AFR. Section 3
explains the methodology, including the creation of the CAD
dataset and the application of prompt engineering techniques.
Section 4 presents the results and discusses the performance of
the VLMs. Finally, Sec. 5 provides the conclusions, discusses the
study’s limitations, and suggests directions for future research.

2 Related Work
In this section, we review the literature on AFR and identify the

challenges associated with its implementation. We also examine the
application of VLMs in AFR and discuss the motivations driving
this study.

2.1 Challenges in Automatic Feature Recognition. In CAM,
features provide a higher-level abstraction of geometric shapes,
which is essential for automating various computer-aided engineer-
ing activities [29]. Feature recognition involves identifying these
features to seamlessly integrate design with downstream applica-
tions such as engineering analysis [30,31], reverse engineering
[32], optimization [33], design validation [34], manufacturing plan-
ning [35,36], and design for excellence (DfX) [37]. However, CAD
models often lack the high-level geometric and topological descrip-
tions necessary for these tasks [38]. Consequently, feature recogni-
tion plays a key role in translating low-level geometric entities from
CAD models into meaningful features with attributes that reflect
both design intent and manufacturing functions [29]. Despite
these efforts, effectively recognizing complex manufacturing fea-
tures remains a significant challenge.
Over the past four decades, researchers have developed a wide

range of AFR techniques, broadly classified into rule-based and
learning-based approaches [6–8,16,39]. Early efforts focused on
rule-based approaches, which rely on expert-defined rules to iden-
tify machining features based on their geometric and topological
properties [16,40]. Rule-based techniques include logic rules and
expert systems, volume decomposition, hint-based methods, graph-
based methods, and hybrid systems [11,29]. Logic rules utilize
expert-defined rules to recognize features based on specific geomet-
ric patterns, offering straightforward implementation but lacking in
scalability and flexibility [16,41,42]. Graph-based methods model
CAD using nodes and arcs to represent faces and edges, enhancing
feature recognition performance but facing challenges with topol-
ogy variations and high computational demands [43–47]. Hint-
based approaches use retained data from machining features to
infer types yet struggle with the flexibility needed for complex fea-
tures [48,49]. Volume decomposition, which divides a CAD model
into smaller volumes for feature assignment, faces similar issues
with computational intensity [50–52]. Despite the integration of
these methods into hybrid approaches to address complex feature
recognition, they continue to confront significant challenges in
managing intersecting features and computational efficiency, high-
lighting the need for more adaptable solutions in AFR [53].
In recent years, learning-based methods reduce reliance on exten-

sive design rules through machine learning and deep learning tech-
niques [7,9]. These approaches are categorized into artificial neural
network (ANN)-based and convolutional neural network
(CNN)-based methods, which convert machining features into low-
level representations using extensive training datasets [11]. ANNs
utilize face adjacency matrices or vectors that represent geometry
and topology information as inputs [54,55]. However, these
methods face challenges such as dependency on complex vector
design and the loss of crucial part details, which reduce recognition
performance and limit the range of identifiable features [8,29]. To
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overcome these limitations, CNNs have been introduced with a
two-step process: first, features are segmented from part models
using algorithms like watershed or hint-based techniques; then,
they are identified using 2D or 3D CNNs [56–58]. Recent
advancements have simplified this to a one-step approach, using
2D images from various orientations to represent 3D models
and predict cuboid bounding boxes that locate and identify fea-
tures [59]. However, this method still struggles with challenges
such as loss of geometry and topology information and inaccura-
cies in feature segmentation, impacting crucial downstream
process planning tasks [11].
The limitations of traditional AFR methods highlight the need

for more adaptable solutions. VLMs offer a promising alternative
by combining computer vision with natural language processing
(NLP) to interpret complex visual and textual information [18].
Unlike rule-based AFR methods that rely on predefined geomet-
ric rules, VLMs are flexible enough to recognize a variety of intri-
cate manufacturing features. Furthermore, VLMs differ from
learning-based methods, which typically require extensive train-
ing datasets, as they can effectively identify features through
prompt engineering techniques [17,22]. This strategy enables
precise VLM guidance without large-scale data requirements.
While traditional AFR methods often focus on specific stock
geometries like cuboids [7,10,11] or cylinders [60,61], VLMs
handle a broader range of stock types and features in input
images. Their capability to process both visual and textual data
allows them to recognize diverse features in CAD, overcoming
the scalability challenges faced by existing AFR techniques. By
improving the adaptability of feature recognition, VLMs
enhance critical downstream tasks such as tool selection,
process planning, and cost estimation.

2.2. Large Language Models and Vision-Language Models
for Automatic Feature Recognition. LLMs are powerful compu-
tational models designed to understand and generate human lan-
guage [62–65]. LLMs like GPT-4 and LLaMA [66], built on
Transformer architectures, have revolutionized natural language
processing by enabling efficient sequential data handling and cap-
turing long-range text dependencies [67–69]. These models excel
in in-context learning, allowing them to acquire skills and adapt
quickly to new tasks without retraining, making them invaluable
for a variety of applications [70]. Similarly, conversational inter-
faces such as Google’s Bard [71] and OpenAI’s ChatGPT [24]
have simplified access to complex information, enabling users to
address tasks from medical diagnostics to manufacturing design
without the need for complex technical jargon [19,72]. However,
tasks requiring spatial understanding highlight the limitations of
text-only interfaces. In such cases, visual representations are essen-
tial, as seen in manufacturing where engineers use CAD drawings to
accurately communicate intricate details of design and assembly
[73,74].
To address these challenges, VLMs have been developed to

process both image and natural language text. Significant progress
has been made in leveraging VLMs across various applications,
including image manipulation (e.g., StyleCLIP [75], DiffusionCLIP
[76]), text-based video retrieval (e.g., X-CLIP [77]), and manipula-
tion (e.g., Text2Live [78]), as well as 3D shape and texture manip-
ulation (e.g., AvatarCLIP [79], CLIPFace [80], Text2Mesh [81]).
More recently, advanced multimodal language models such as
GPT-4o and Claude-3.5-Sonnet have shown significant potential
since their launch. These models are capable of processing both
images and text inputs, producing text outputs. Given the visual
nature of manufacturing features in CAD, leveraging the capabili-
ties of such models offers an effective approach to overcome
AFR challenges.
Traditional AFR methods heavily depend on expert-defined rules

or extensive training data and face difficulties with 3D geometric
details. In contrast, VLMs may offer a more adaptable solution
for recognizing complex features through prompt engineering,

which can reduce the dependence on large datasets and minimize
the need for human intervention.
The pioneering study by Picard et al. [19] demonstrated the

potential of VLMs, particularly OpenAI’s GPT-4V, in AFR. Their
research utilized a dataset comprising 20 CAD with common
machining features, marking a significant initial exploration into
VLM applications for AFR. However, the dataset’s limited scope
did not fully capture the complexity of diverse manufacturing pro-
cesses. Moreover, the evaluation metrics employed were not com-
prehensive enough to thoroughly assess VLMs’ capabilities in
recognizing a wide range of manufacturing features. A more
in-depth study is needed to incorporate a broader range of CAD
and develop more rigorous evaluation methods to better understand
and enhance the capabilities of VLMs in AFR.
To this end, this study addresses AFR challenges and aims to

enhance accuracy by analyzing five SOTA VLMs using prompt
engineering strategies. The research employs a diverse CAD
dataset, each CAD model varying in complexity based on feature
complexity, feature quantity, and expert judgment. Four key evalu-
ation metrics are defined to systematically analyze the VLMs’ per-
formance. This systematic approach is intended to advance the
capabilities of VLMs in AFR, making them more applicable to
the manufacturing domain.

3 Methodology
This section describes the proposed methodology, detailing the

creation of a custom CAD dataset, the application of VLMs, the
use of prompt engineering strategies, and the definitions of the pro-
posed evaluation metrics.
Figure 1 outlines the proposed methodology for evaluating

VLMs in AFR from CAD. The process starts with converting a
CAD file into three different image views using the CAD2Image
converter, based on the PYTHON Open Cascade (PyOCC) library
[82]. These images, combined with proposed prompts outlining
the analysis criteria, serve as inputs to five SOTA VLMs. A
series of six distinct experiments based on the proposed prompt
engineering techniques is conducted, instructing the VLMs to
adhere strictly to the provided prompts and output format. The
VLMs generate answers in JSON format, listing identified features
from a predefined list of manufacturing features, including details
about each feature’s existence and quantity. The VLMs’ perfor-
mance is then evaluated using four key metrics, comparing the iden-
tified features to ground truth features to ensure both accuracy and
adherence to the evaluation criteria.

3.1 Dataset Creation. To explore the capabilities of VLMs in
AFR, the study starts with the creation of a customized dataset con-
sisting of 100 unique CAD, each annotated with a detailed list of
manufacturing features. The dataset includes a broad range of fea-
tures pertinent to various manufacturing processes and is organized
into primary categories and subcategories to facilitate in-depth anal-
ysis. The main categories includemachining features, extrusion fea-
tures, freeform features, molding and casting features, and sheet
metal features. Machining features are further divided into subcat-
egories such as holes, slots, steps, pockets, edges, and contours
(e.g., chamfers, fillets), threads and spirals, and additional features
like necks. Extrusion features include pipes, tubes, and various
boss shapes. Freeform features consist of depressions and protru-
sions, while molding and casting features comprise ribs, gussets,
and drafts. Sheet metal features encompass various features
related to sheet metal fabrication, such as bending, punching, and
stamping.
The dataset is categorized into three levels of complexity: easy,

medium, and hard, determined by feature quantity, complexity,
and human expert judgment. The easy-level dataset includes 33
CAD parts, each featuring fewer than six simpler features and
excluding complex features such as gussets, ribs, drafts, and sheet
metal features. The medium-level dataset contains 33 CAD parts
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with designs of moderate complexity and includes nontraditional
cylindrical stocks with a limited presence of complex features like
sheet metal bends and threaded components. The difficult-level
dataset consists of 34 CAD models, characterized by highly
complex designs with numerous features, including intricate geom-
etries such as casting and freeform features. Table 1 provides a
detailed overview of the criteria used to define each complexity
level.
Figure 2 provides visual examples from each dataset category,

illustrating the varying levels of complexity. The easy-level

examples showcase parts with fewer and simpler features, while
the medium and difficult levels display increasingly complex
designs. The CAD files are primarily designed by the authors,
while particularly challenging parts are sourced from GrabCAD.2

Each part is converted into three different image views using the
PyOCC library to serve as input for the VLMs.

Fig. 1 Methodology overview

2https://grabcad.com/
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Each CAD part is manually labeled by domain experts, specify-
ing the presence and quantity of each feature. This ground truth
data is crucial for evaluating the performance of the VLMs.
Figure 3 illustrates the feature distribution across the dataset’s

different complexity levels, highlighting variations such as the
high prevalence of the “hole” feature in more complex CAD.
Additionally, the hard category contains a notably higher occur-
rence of intricate features like sheet metal and freeform features,

Table 1 Complexity criteria for dataset categorization

Complexity
level

Feature
count Feature complexity Example features excluded Example features included

Easy <6 Simple, nonoverlapping geometries Gussets, ribs, drafts, sheet metal
features

Holes, slots, simple extrusions

Medium 3–28 Moderate complexity with nontraditional
cylindrical stock

Freeform, complex sheet metal
features

Threads, bends, nontraditional stock
shapes

Hard 5–125 Highly complex with intricate geometries and
overlaps

None Casting features, freeform, complex
assemblies

Fig. 2 Example CAD images from each category
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which are less common or absent in the easy and medium
categories.

3.2 Vision-Language Models. In this study, five SOTA
VLMs, including three closed-source models and two open-source
models, are implemented for manufacturing feature recognition:

• OpenAI’s GPT-4 omni (gpt-4o-2024-08-06)3 is selected,
which is a closed-source VLM. GPT-4o is OpenAI’s most
advanced, cost-efficient, multilingual, and multimodal model
that integrates visual inputs with text using a transformer-
based architecture. It excels in traditional benchmarks for
text, reasoning, and coding intelligence, while setting new
records for multilingual, audio, and vision capabilities [83].
Its affordability and high accuracy in real-time vision tasks
make it particularly well-suited for recognizing diverse manu-
facturing features in CAD models.

• Anthropic’s Claude-3.5-Sonnet (claude-3-5-sonnet-
20240620) [84] is a closed-source VLM that excels in vision
benchmarking data, demonstrating exceptional performance
in interpreting charts, graphs, and transcribing text from imper-
fect images [25].

• Anthropic’s Claude-3-Opus (claude-3-opus-20240229) [84] is
a closed-source VLM known for its advanced multimodal
capabilities within the Claude 3 series. It demonstrates
near-human comprehension and excels in complex vision
tasks [26].

• MiniCPM-Llama3-V2.5 (MiniCPM-Llama3-V-2_5) [27] is an
open-source VLM that matches GPT-4V-level performance in
a more compact form. It is optimized for efficient deployment
on mobile and edge devices and surpasses similar VLMs in its
class on benchmark datasets [85].

• Llava-v1.6-mistral-7b (llava-v1.6-mistral-7b-hf) [28] is an
open-source VLM that offers enhanced image processing
and logical reasoning capabilities. Built on the Mistral-7B lan-
guage model, it achieves competitive performance in high-
resolution multimodal data tasks [86].

For all experiments described in the subsequent sections, the tem-
perature for each VLM is set to zero.

3.3 Prompt Engineering. Prompt engineering involves creat-
ing natural language instructions, or prompts, to systematically
extract knowledge from LLMs. Unlike traditional models, which
often require extensive parameter retraining or fine-tuning for spe-
cific NLP tasks, the prompt engineering leverages the embedded
knowledge within LLMs. This approach eliminates the need for
extensive retraining, allowing researchers to interact with LLMs
using natural language to achieve specific NLP tasks.
To address the second research question on enhancing the perfor-

mance of VLMs, four commonly used prompt engineering tech-
niques are implemented in this study: multiview query images,
few-shot learning, sequential reasoning, and CoT reasoning.
These prompt engineering techniques are discussed in detail in
this section.
To assess the effectiveness of these strategies, we conduct six dis-

tinct experiments using various combinations of the prompt engi-
neering techniques on each VLM:

• Experiment 1: Zero-shot learning with a single CAD image
view processed in parallel.

• Experiment 2: Zero-shot learning with a single CAD image
view processed sequentially.

• Experiment 3: Zero-shot learning with multiple CAD image
views.

• Experiment 4: Multiple image views with few-shot learning.
• Experiment 5: Multiple image views with zero-shot learning

and CoT reasoning.
• Experiment 6: Multiple image views with few-shot learning

and CoT reasoning.

For all experiments, the temperature hyperparameter is set to zero
to ensure consistent response behavior. Each experiment begins
with a preamble to provide the VLMs with context, followed by
the introduction of a manufacturing feature list and criteria under
evaluation.

3.3.1 Manufacturing Feature List. In this study, a comprehen-
sive dataset of CAD models is created, featuring a diverse range of

Fig. 3 Feature distribution across different dataset categories

3https://platform.openai.com
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manufacturing features. These features are organized hierarchically
to facilitate the recognition and categorization tasks performed by
VLMs. Figure 4 illustrates this hierarchical organization in JSON
format, where features are classified into five primary categories:
machining features, extrusion features, freeform features, molding
and casting features, and sheet metal features.
Each primary category is subdivided into relevant subcategories.

For instance, within the Edges & Contours subcategory, features
such as “chamfer” and “fillet” are included, while the Threads &
Spirals subcategory lists features like “threads” and “gear teeth.”
These individual features, positioned at the lowest level of the hier-
archy, are the specific targets for VLM recognition in CAD parts.
The dataset contains 16 such features in total, and each CAD part
is labeled with these ground truths.

This hierarchical structure categorizes features with similar geo-
metric characteristics and manufacturing processes for efficiency.
For example, various types of holes (such as blind, through, coun-
tersink, and tapered) are grouped under Holes due to their similar
geometries and tooling requirements. This approach not only
streamlines the VLMs’ evaluation process by making features
easily accessible but also ensures the input is concise to avoid over-
loading the VLMs.

3.3.2 Single-View Versus Multiview Query Images. Building
on the hierarchical feature organization discussed earlier, this
section explores how single-view and multiview query images are
used to potentially improve the performance of VLMs in AFR.
As illustrated in Fig. 5, the preamble for each type of image pro-
vides specific prompts to the VLM, instructing it to identify and
describe the manufacturing features from the images. These
prompts are crafted using the feature names from the comprehen-
sive list outlined in the previous section.
For single-view query images, a single CAD image is provided to

the VLM. This setup restricts the VLM to analyzing the object from
only one angle, limiting the perspective available. Conversely, mul-
tiview query images, as shown in Fig. 6, present three different
views of a CAD model. This approach offers a broader visualiza-
tion, potentially allowing the VLMs to access features that are not
visible from a single isometric view. We anticipate that this
method will result in higher accuracy, as incorporating multiple
views significantly enhances the visual spatial reasoning capabili-
ties of VLMs.

3.3.3 Zero-Shot Versus Few-Shot Prompt. Zero-shot and
few-shot prompts are techniques used to interact with LLMs and
VLMs across various domains. Zero-shot prompting requires lan-
guage models to perform tasks based solely on their pretrained
knowledge, without prior examples [70]. In this study, VLMs are
directed to identify manufacturing features using an input query
image along with textual prompts in a zero-shot learning approach,
without the benefit of additional labeled examples.
Conversely, few-shot prompting provides the language models

with one or more examples to impart task-specific insights. This
approach generally outperforms zero-shot prompting in various
benchmarks [21]. In this study, a one-shot learning method [22]
is utilized, where the VLMs are supplied with the input query
image and a manufacturing feature list, along with a single illustra-
tive example. This example, shown in Fig. 7, includes a CAD and a
structured JSON output detailing the ground truth features with
their names and quantities. This comprehensive example includes
all potential manufacturing features to aid the VLMs in learning
and recognizing these features in unseen CAD images.

3.3.4 Parallel Prompt Versus Sequential Prompt. The struc-
turing of input prompts, either parallel or sequential, serves as a
useful technique to effectively query VLMs in identifying manufac-
turing features, as illustrated in Fig. 8.
Parallel prompting presents all relevant instructions to the VLMs

simultaneously. This approach allows the VLMs to access all nec-
essary data at once, enhancing processing efficiency and reducing
response times. As demonstrated in Fig. 8, the VLM receives a
complete list of features along with instructions to identify feature
names and quantities in CAD. Although this method reduces the
number of prompts needed and improves scalability for managing
multiple feature categories, it may also increase the likelihood of
model errors or hallucinations due to the complexity of processing
multiple inputs at the same time [65].
Sequential prompting requires VLMs to process information in

stages, building upon each previous step. This method is particu-
larly effective for managing complex information. In this study,
sequential prompting is applied in a structured manner: the VLM
first reviews a comprehensive manufacturing features list and then
identifies the presence and quantity of each feature within the

Fig. 4 Manufacturing feature list

Fig. 5 Preamble prompt
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Fig. 6 Query CAD images: single view and multiview

Fig. 7 Few-shot learning prompt
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CAD images. This systematic assessment of each feature tends to
enhance accuracy, though it may increase processing time.

3.3.5 Chain-of-Thoughts. Research has demonstrated that
incorporating intermediate reasoning steps, known as a CoT, can
significantly enhance the performance of LLMs across various rea-
soning tasks [87]. This approach has further evolved into the
tree-of-thoughts [88], which introduces multiple reasoning path-
ways to further improve the decision-making capabilities of lan-
guage models [89].
In this study, a three-step CoT reasoning framework is imple-

mented to enhance feature recognition in CAD. First, the VLM
evaluates the presence of a feature based on visual observations.
Next, it analyzes the manufacturing context and feature hierarchy
to assess their influence on feature recognition. Finally, the VLM
determines the exact number of occurrences of the feature, provid-
ing a precise numerical output. This structured reasoning process,
illustrated in Fig. 9, mirrors human cognitive approaches to
problem-solving and ensures a detailed contextual analysis.

3.4 Evaluation Metrics. To address the third research ques-
tion regarding the effective quantification and evaluation of
VLMs in AFR, this study employs four key evaluation metrics to
accurately assess the performance of the VLMs.

3.4.1 Feature Name Accuracy. Feature name accuracy (FNA)
measures the correctness of the feature names identified by the

VLM. It is defined as the ratio of correctly identified feature
names to the total number of ground truth feature names in a CAD:

FNA =
correctly identified names
total ground truth names

×100% (1)

A high FNA value indicates that the identified features are cor-
rectly named. Accurate naming is crucial for ensuring that subse-
quent manufacturing processes are based on precise and reliable
feature data.

3.4.2 Feature Quantity Accuracy. Feature quantity accuracy
(FQA) evaluates the VLM’s ability to recognize the correct
number of features. It is defined as the ratio of the true positive
quantity of features to the ground truth quantity:

FQA =
true positive quantity
ground truth quantity

×100% (2)

A high FQA value indicates that the model accurately identifies
the correct number of each feature. This metric is crucial as it
ensures accurate feature counts, optimizing manufacturing work-
flows and resource use, while reducing waste and enhancing pro-
duction efficiency.

3.4.3 Hallucination Rate. Hallucination rate (HR) measures
the frequency of incorrect or irrelevant features generated by the
VLM. It is defined as the ratio of hallucinated features to the total

Fig. 8 Parallel prompts versus sequential prompts
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Fig. 10 Overall performance of five VLMs across six experiments for 100 CAD models. Claude-3.5 outperforms all other VLMs
in feature quantity accuracy, feature name accuracy, and MAE. Conversely, GPT-4o excels in minimizing hallucination rates,
while open-source VLMs demonstrate the lowest overall performance.

Fig. 9 Chain-of-thoughts prompt
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predicted features:

HR =
hallucinated quantity
predicted quantity

×100% (3)

A low HR value indicates fewer incorrect predictions, critical for
accurate cost estimations and efficient process planning, avoiding
costly manufacturing errors.

3.4.4 Mean Absolute Error. Mean absolute error (MAE) mea-
sures the difference between the predicted feature quantities and the
actual quantities. It is calculated as the average of the absolute dif-
ferences between the predicted and ground truth quantities for all
features in a CAD:

MAE =
1
n

∑n
i=1

|Qi − Q̂i| (4)

where n is the total number of features being evaluated, Qi is the
ground truth quantity of the ith feature, Q̂i is the predicted quantity
of the ith feature, and |Qi − Q̂i| represents the absolute error of the

ith prediction. This metric provides a clear measure of prediction
accuracy. A small MAE value, closer to 0, indicates high accuracy
in predicting feature quantities.
The four metrics serve as benchmarks to compare the VLMs’ per-

formance against human experts in feature labeling accuracy, quan-
tity estimation, and error minimization.

4 Results and Discussion
This section presents an in-depth evaluation of five VLMs across

six distinct experiments, designed to test their capability in recog-
nizing manufacturing features in CAD. The analysis spans three
levels of CAD complexity and employs a variety of prompt engi-
neering techniques to assess VLMs’ performance. Key evaluation
metrics are used to compare the effectiveness of each VLM.

4.1 Overall Vision-Language Models’ Performance
Evaluation. The evaluation of five VLMs across six distinct exper-
iments involving 100 CAD has yielded several key insights, as
shown in Fig. 10. Claude-3.5 achieves the highest feature quantity

Fig. 11 Performance comparison between the top-performing experiments under each VLM. Claude-3.5 leads in feature quantity
accuracy and MAE in Experiment 3, whereas GPT-4o excels in feature name accuracy and exhibits the least hallucinations.
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accuracy of 74% using a zero-shot and multiview prompt strategy
(Experiment 3). Claude-3.0, while outperforming open-source
VLMs with an accuracy of 40%, does not match the performance
of Claude-3.5. Open-source models consistently show lower accu-
racies (<40%). Claude-3.5 shows strong performance with zero-
shot and multiview prompts, indicating that well-crafted zero-shot
prompts can sometimes outperform few-shot prompts. This may
be due to the fact that few-shot prompts can introduce ambiguity
by being misinterpreted as part of a narrative rather than clear
instructions.
Both GPT-4o and Claude-3.5 achieve a feature name accuracy of

75% in their optimal configurations: GPT-4o with a multiview and
Few-shot-CoT setup (Experiment 6) and Claude-3.5 with a multiview
and Zero-shot-CoT approach (Experiment 5). GPT-4o’s success in
few-shot learning underscores its ability to generalize effectively
when provided with relevant labeled examples. This aligns with
research indicating that few-shot prompts are most effective when
the in-context examples closely align with the test cases.
In terms of hallucination rate, GPT-4o consistently leads across

all experiments with the lowest rate of 8% in a few-shot with multi-
view configuration (Experiment 4). Claude-3.5 shows slightly
higher hallucinations at 12%, while open-source models exhibit

the highest rates, exceeding 30%. This trend suggests a performance
decline in open-source models as prompt complexity increases,
likely due to their smaller context windows compared to closed-
source models.
Regarding MAE, Claude-3.5 records the lowest value at 3.2 in a

zero-shot with multiview setup (Experiment 3), outperforming all
other VLMs. Claude-3.0 attains a slightly better MAE value at
6.4 compared to open-source models but remains less effective
than the other closed-source models. The open-source models
show high MAE values as high as 12.0.
Figure 11 provides a comparative analysis of the top-performing

experiments for each VLM. Overall, Claude-3.5 in the zero-shot
with multiview setup (Experiment 3) emerges as the superior
model based on accuracy and MAE scores, while GPT-4o is partic-
ularly effective in minimizing hallucinations. These findings high-
light the distinct strengths of Claude-3.5 and GPT-4o across
different evaluation metrics.

4.2 Performance Evaluation on Easy-Difficulty Computer-
Aided Designs. The performance analysis of five distinct VLMs
on 33 easy-difficulty CAD is summarized in Fig. 12. GPT-4o

Fig. 12 Performance evaluation of five VLMs across six experiments for 33 easy CADmodels. GPT-4o, particularly in Experiment
6, outperforms all other VLMs across all evaluation metrics.

104501-12 / Vol. 25, OCTOBER 2025 Transactions of the ASME

D
o
w
n
l
o
a
d
e
d
 
f
r
o
m
 
h
t
t
p
:
/
/
a
s
m
e
d
i
g
i
t
a
l
c
o
l
l
e
c
t
i
o
n
.
a
s
m
e
.
o
r
g
/
c
o
m
p
u
t
i
n
g
e
n
g
i
n
e
e
r
i
n
g
/
a
r
t
i
c
l
e
-
p
d
f
/
2
5
/
1
0
/
1
0
4
5
0
1
/
7
5
2
4
0
0
5
/
j
c
i
s
e
-
2
4
-
1
5
4
6
.
p
d
f
 
b
y
 
g
u
e
s
t
 
o
n
 
0
3
 
J
u
n
e
 
2
0
2
6



achieves the highest feature quantity accuracy at 79% using the
multiview with Few-shot-CoT prompt (Experiment 6), while the
open-source models demonstrate the lowest accuracy in this cate-
gory. GPT-4o also leads in feature name accuracy, achieving 83%
in both Experiments 4 and 6, likely benefiting from the effective
use of closely matching examples in few-shot learning.

In terms of hallucination rates, GPT-4o consistently records the
lowest rate of 9% across multiple experiments. Although
Claude-3.5 shows slightly higher hallucination rates than GPT-4o,
both models significantly outperform the open-source models,
which exhibit the highest rates. GPT-4o also records the lowest
MAE of 0.65 in Experiment 5, maintaining strong performance

Fig. 13 Examples of ground truth and VLM-generated features for easy-level CAD. GPT-4o in Experiment 6 shows the
highest accuracy and the lowest rate of hallucinated features compared to other setups.
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across other setups, while the open-source models display the
highest MAE values.
Figure 13 showcases examples of VLM-generated results for

easy CAD. GPT-4o, particularly in Experiment 6, stands out as
the top-performing model on this test set, excelling across all eval-
uation metrics. Notably, all VLMs frequently struggle to differenti-
ate between “chamfer” and “fillet” features, likely due to their subtle
visual differences. Moreover, open-source models tend to generate
more hallucinated features compared to their closed-source counter-
parts. Unlike GPT-4o, which tends to underestimate features,
leading to conservative estimates, Claude-3.5 shows slightly
higher hallucination rates, risking overestimations that could
inflate costs in downstream tasks.

4.3 Performance Evaluation on Medium-Difficulty
Computer-Aided Designs. The performance analysis of five
VLMs on 33 medium-difficulty CAD is summarized in Fig. 14.
Claude-3.5 achieves the highest feature quantity accuracy of
74.5% in Experiment 5, while both Claude-3.5 and GPT-4o attain
the highest feature name accuracy, each reaching 74.9%. In con-
trast, Llava-v1.6-mistral-7b records the lowest accuracies, with

feature quantity accuracy dropping to 10% and feature name accu-
racy to 15%.
In terms of hallucination rates, GPT-4o demonstrates the lowest

rate of 8% across multiple experiments. The open-source models,
however, exhibit significantly higher hallucination rates (>30%),
reflecting their difficulty in handling the increased complexity of
medium-level CAD. Furthermore, GPT-4o achieves the lowest
MAE of 0.7 in Experiment 6, maintaining strong performance
across various setups. In comparison, the open-source models
show notably higher MAE values, exceeding 2.0.
Figure 15 provides visual examples of predictions on medium-

level CAD, identifying GPT-4o in Experiment 6 as the most effec-
tive in minimizing errors and hallucinations. Notably, all VLMs
struggle to differentiate between “pipe/tube” and “boss” features,
likely due to their visual similarities. The open-source models par-
ticularly perform poorly, frequently misidentifying or hallucinating
features across the CAD.

4.4 Performance Evaluation on Challenging
Computer-Aided Designs. The evaluation of five VLMs on 34
challenging CAD is detailed in Fig. 16. Claude-3.5 stands out by

Fig. 14 Performance evaluation of five VLMs across six experiments for 33 medium CAD models. Claude-3.5 and GPT-4o show
high accuracy in feature name and quantity, significantly outperforming other VLMs, and exhibit the lowest rates of hallucinated
features.
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achieving the highest feature quantity accuracy at 76% and feature
name accuracy at 77% in Experiment 3. In contrast, Llava-v1.6-
mistral-7b records the lowest accuracies, with only 6% in feature
quantity and 10% in feature name accuracy.
Claude-3 achieves the lowest hallucination rate of 9% in

Experiment 4, closely followed by Claude-3.5. Additionally,

Claude-3.5 shows the lowest MAE, scoring 1.4 in
Experiment 3, whereas the open-source VLMs exhibit considerably
higher hallucination rates (>28%) and the highest MAE
values (>3.3). This highlights a significant performance gap
between open-source and closed-source models in analyzing chal-
lenging CAD.

Fig. 15 Examples of ground truth and VLM-generated answers for medium-level CAD. GPT-4o and Claude-3.5 both
show high accuracy and the lowest rate of hallucinated features compared to other VLMs.
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Figure 17 presents visual examples of predictions on these
designs, demonstrating that Claude-3.5 in Experiment 3 excels
across all metrics. This VLM’s proficiency is especially apparent
in its ability to closely match the ground truth in designs with
high feature counts, such as predicting 114 out of 119 “blind
holes” in one example. The overall high accuracy in recognizing
challenging parts suggests that tasks difficult for human experts
might be more manageable for VLMs.

4.5 Comparative Analysis With Prior Automatic Feature
Recognition Methods. To better highlight the contributions of
the proposed VLM-based AFR framework, a comparative analysis
is presented in Table 2. This comparison contrasts the proposed
approach with representative AFR methods developed over the
past decade in terms of input modality, data requirements, recogni-
tion capabilities, and generalizability. Traditional AFR methods
typically rely on 3D geometric representations such as voxel
grids, boundary representations (B-Reps), or multiview CAD 2D
slices, processed using rule-based algorithms or graph neural net-
works (GNNs). These approaches often require large training data-
sets, manually defined recognition rules, or task-specific schemas.

Their recognition capabilities are usually limited to classification,
segmentation, or rule-based identification of machining features.
Although effective within narrow domains, such systems struggle
to handle new manufacturing features without major retraining or
customization.
In contrast, the proposed method adopts a prompt-based vision-

language embedding strategy that works on single- or multiview
CAD images and eliminates the need for task-specific training or
explicit geometric modeling. This allows for broader feature recog-
nition across multiple manufacturing domains (including machin-
ing, molding, casting, sheet metal, and additive manufacturing)
with minimal supervision. Table 2 illustrates the shift from special-
ized, geometry-focused recognition methods to a more general,
adaptable approach enabled by foundation models.
The proposed VLM-based AFR method provides a general-

purpose, prompt-driven solution that supports both machining and
nonmachining domains without the need for task-specific training
or geometric decomposition. Compared to previous AFR methods,
which tend to be narrowly focused, data-heavy, or designed for spe-
cific domains, the proposed approach simplifies the recognition pipe-
line, reducesmanual effort, and offers strong performancewithmuch
broader applicability.

Fig. 16 Performance evaluation of five VLMs across six experiments for 34 challenging CAD models. Claude-3.5 in Experiment 3
demonstrates high accuracy in feature name and quantity and exhibits the lowest rates of hallucinated features.
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5 Practical Implications, Limitations, and FutureWork

The proposed framework demonstrates the effectiveness of
VLMs in benchmarking AFR based on feature type and count.
However, it currently lacks the ability to extract the spatial or

geometric localization of features. This limitation arises from
the image-text modality of VLMs, which restricts access to
feature dimensions, positional coordinates, and orientations. The
absence of such capabilities may hinder downstream tasks such
as process planning, toolpath generation, and cost estimation—

Fig. 17 Examples of ground truth and VLM-generated answers for difficult-level CAD. Claude-3.5 shows exceptional
accuracy, closely matching high ground truth counts in certain designs.
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particularly when precise spatial context is required. Nevertheless,
type and count information alone already offers significant action-
able insights. For instance, identifying the number of drilled holes
or milled slots directly informs tool selection and supports early-
stage manufacturing planning. This level of semantic abstraction
provides practical value across many decision-making scenarios.
Consistent with this scope, most existing AFR approaches
[3,5,7–11,16,40], including the present work, emphasize feature
classification and quantification, with limited attention to spatial
localization. To improve practical applicability, future research
will explore the integration of spatial and dimensional attributes,
leveraging annotations from corresponding 2D engineering
drawings to enable geometry-aware reasoning in downstream
applications.
Another limitation is that current VLMs are not designed to

directly interpret native 3D CAD formats for AFR. While VLMs
can process 2D images and text descriptions, they do not natively
utilize the rich topological and geometric structure present in
point clouds, meshes, or B-Reps. Consequently, spatial context is
lost, especially in cases involving intersecting features or depth-
sensitive geometries. Nevertheless, multiview 2D CAD projections
convey substantial visual and spatial cues, aligning with how
human engineers interpret geometric features from technical draw-
ings. These limitations likely stem more from the absence of
domain-specific fine-tuning than from inherent flaws in the repre-
sentational format. For example, Claude-3.5-Sonnet performs com-
parably or better than nonexpert humans on hard difficulty samples.
The proposed framework also supports a broader range of feature
types across various manufacturing domains, beyond machining-
specific primitives. Future work will investigate hybrid pipelines
that combine VLM semantic reasoning with geometry-aware 3D
models for improved robustness.
An additional limitation involves reasoning strategy. The

current CoT implementation is restricted to single-turn inference.
Multiturn reasoning is not pursued due to two key constraints: (1)
token usage per high-resolution image can exceed 1000–1600
tokens [92], and with three views plus prompt text, the total
approaches context limits for VLMs; and (2) runtime latency is
significant, with even single-turn inference requiring several
minutes for multiview input processing. Introducing iterative
rounds would compound latency and system complexity. Reduc-
ing image resolution to save tokens is not viable, as feature-level
detail is lost. Future work will investigate scalable multistep rea-
soning to balance resolution fidelity with computational
efficiency.

6 Conclusions

This study demonstrated the potential of VLMs to automatically
recognize a wide range of manufacturing features in CAD. By sys-
tematically applying prompt engineering strategies tailored for
manufacturing, the proposed framework enhanced VLMs’ ability
to interpret complex visual and textual data across varying CAD
complexities. A comprehensive evaluation revealed that Claude-
3.5-Sonnet achieved the highest feature quantity accuracy (74%)
and feature name matching accuracy (75%), while also maintaining
the lowest MAE score (3.2). In contrast, GPT-4o exhibited the
lowest hallucination rate (8%). However, the open-source models,
Llava-v1.6-mistral-7b and MiniCPM-Llama3-V2.5, encountered
significant challenges with higher hallucination rates (>30%) and
lower accuracies (<40%).
The main contributions of this study included the development of

a customized CAD dataset with varying feature complexities, the
systematic implementation of prompt engineering strategies, and
the introduction of tailored evaluation metrics to objectively
assess model performance in AFR tasks. The findings illustrated
the potential of these VLMs to handle complex geometrical data
that often challenge human experts, thus offering a viable path
toward automation in manufacturing design.
While the study effectively showcased the feasibility of VLMs in

manufacturing feature recognition, several limitations highlighted
potential directions for future research. The current CAD dataset,
despite being categorized into three difficulty levels, did not fully
capture the intricate diversity of real-world manufacturing scenar-
ios. It primarily focused on isolated feature recognition and
lacked complexities related to intersecting features and intricate
assembly contexts. Future research will address this by expanding
the dataset to better represent real-world conditions and uncover
potential biases.
Another important limitation of the current approach was that the

VLMs primarily recognized feature types and counts but lacked the
ability to extract detailed spatial localization information, which is
crucial for downstream manufacturing applications such as
process planning, cost estimation, and quality control. To address
these challenges, future research will aim to enrich the dataset
with more realistic CAD scenarios and investigate methods for inte-
grating spatial localization using annotations from corresponding
2D technical drawings.
An additional direction for future work involves enhancing rea-

soning strategies. The current implementation of prompt engineer-
ing, including CoT reasoning, was restricted to single-turn

Table 2 Comparison of prior AFR methods with the proposed VLM-based framework

AFR model (years) Modality and representation Data dependency Recognition method Generalizability

FeatureNet (2018) [9] 3D voxel grid and 3D CNN 24,000 CAD
models (moderate)

Segmentation and
classification

Moderate—limited to predefined 24
machining features only

MsvNet (2020) [8] Multiview CAD 2D slices and
CNN

24,000 STL files
(moderate)

Segmentation and
classification

Moderate—handles only 24
machining features via view

aggregation
MBD and Process
Semantics (2022) [40]

B-Rep with semantics and
annotated B-Rep

None Classification using process
metadata

Moderate—limited to machining
features only

Hierarchical CADNet
(2022) [10]

Hierarchical B-Rep and
dual-graph CNN

59,655 CAD
models (high)

Classification and feature
face label identification

Moderate—limited to 24 machining
features; adaptable with retraining

DeepFeature (2022) [3] B-Rep and attributed adjacency
graph (AAG) GNN

3000 CAD models
(moderate)

Decomposition and
classification

Low—focused on only eight
machining feature types

Hybrid graph and
rule-based AFR (2023)
[90]

B-Rep with feature traces and
GNN

None Rule-based with GNN Low—specific to only 8 types of
3-axis milling features

AAGNet (2024) [7] B-Rep graph AAG and geometric
GNN

60,000 CAD
models (high)

Semantic and instance
segmentation

Moderate—limited to predefined 24
machining features only

CAFR (Surface GNN)
(2024) [91]

B-Rep with surface graph and
GNN

24,000 CAD
models (moderate)

Feature classification Moderate—designed for machining
surface models only

Proposed method Single/multiview image with text
and vision-language embedding

No training dataset
needed

Feature classification and
quantification

High—prompt-based, generalizable
across manufacturing domains
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inference. In this study, the CoT approach followed a three-step
structure within a single prompt: visual identification, category
reflection, and quantity estimation. Although this design improved
intermediate reasoning, it did not support iterative refinement or
contextual feedback. Future work will explore multiturn AFR
workflows that decompose tasks across multiple inference rounds.
These could incorporate dynamic prompting, memory mechanisms,
and feedback loops to enable more adaptive reasoning. These strat-
egies are particularly valuable for interpreting intersecting features,
assembly-level designs, or ambiguous cases where context evolves
across steps. By addressing these limitations, VLMs can be made
more capable and reliable for complex automated manufacturing
applications.
The code, CAD dataset, and additional prompt templates used in

this study are available online.4
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