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Abstract

Tool detection improves accuracy and operating efficiency and is essential to automation and industrial
applications. In this paper, we provide ContourVision, an OpenCV-based tool detection system. Using
methods including edge detection, thresholding, and contour analysis, the system uses contour detection
to identify tools based on their forms. As evidenced by the accompanying code and output, experimental
findings show that the system is accurate in identifying and classifying tools in a variety of situations. The
system’s capacity to precisely highlight tools in real-time contexts is demonstrated by the bounding boxes
surrounding detected tools.
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1. INTRODUCTION
Accurate tool detection in industrial automation boosts output and reduces human error, which benefits
industries like logistics and manufacturing. The tool identification system based on Contour Vision, which
makes use of OpenCV, a well-known computer vision library, is presented in this work. Contour Vision
uses contour detection methods, including contour analysis, edge detection, and thresholding, to identify
instruments based on their shapes in controlled settings. Computer vision makes it possible for devices to
comprehend visual data, which makes jobs like object detection and quality control easier. Computer
vision systems use distinct shape characteristics to detect tools, such as screwdrivers or hammers, even
when they are positioned at different angles. It reduces the requirement for manual examination by
differentiating tools based on their geometric properties by recognising contours (object boundaries). The
core of Contour Vision is contour detection, which uses an object’s edges to identify its shape. The system
can categorise tools according to shape attributes thanks to properties like solidity (contour-to-convex hull
ratio), extent (contour-to-bounding area ratio), and aspect ratio (width-to-height). Computer vision makes
it possible for devices to comprehend visual data, which makes jobs like object detection and quality
control easier. Computer vision systems use distinct shape characteristics to detect tools, such as
screwdrivers or hammers, even when they are positioned at different angles. This reduces the requirement
for manual examination by differentiating tools based on their geometric properties by recognising
contours (object boundaries). For edge identification, Contour Vision uses the Canny Edge Detection
algorithm:
1. Noise Reduction: By smoothing the image and minimizing spurious edges, a Gaussian filter reduces
noise.
2. Gradient Calculation: The direction and strength of the edges are revealed by the intensity gradient.
Non-Maximum Suppression: Preserves important pixels by thinning edges.
4. Hysteresis-based Edge Tracking: Locates strong edges and confirms weak ones if they are connected

w

IJFMR250238706 Volume 7, Issue 2, March-April 2025 1



https://www.ijfmr.com/

~ Y International Journal for Multidisciplinary Research (IJFMR)

i

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

to strong edges.
Further to help in classification, bounding boxes are placed around the contour of each tool to visually
represent its position and dimensions. Tool differentiation is aided by contour characteristics like area,
aspect ratio, and solidity; for instance, large aspect ratios may indicate thin tools like screwdrivers.

2. METHODOLOGY

The Contour Vision system utilizes computer vision techniques to identify and classify tools based on
their geometric contours. This approach allows for efficient detection of tools in controlled environments
by focusing on the edges and shapes of objects within an image. Using OpenCV, a comprehensive library
for computer vision, the system processes captured images to identify each tool’s boundaries and classify
them based on distinctive features like aspect ratio, extent, and solidity. This methodology balances
computational efficiency with accuracy, making it suitable for real-time industrial applications where
precision and speed are essential.

2.1 Workflow Overview

There are six main steps in the Contour Vision tool detection system workflow:

1. Image Acquisition: To ensure consistent illumination and orientation for dependable detection, the
system uses a conventional camera to take pictures of instruments in a controlled environment.

2. Preprocessing: To ensure consistent processing, the photos are downsized to a standard resolution of
600 x 600 pixels. Then, in order to reduce colour complexity, they are transformed to greyscale using
OpenCV's cv2.cvtColor function. By reducing picture noise, Gaussian blurring (cv2.GaussianBlur)
avoids incorrect edge detections in subsequent stages.

3. Edge Detection: By detecting variations in intensity within the greyscale image, the Canny Edge
Detection algorithm (cv2.Canny) detects the boundaries of objects. The method provides the initial
contours for tool forms by capturing significant edges with threshold values of 50 and 150.

4. Contour Detection: Open CV's find Contours function is used to extract contours from the edge-
detected image. In this step, continuous curves defining the boundaries of each tool are found. Minor
shapes and noise are eliminated, leaving only contours with an area more than 100 pixels.

2.2 Contour Detection
The Canny Edge Detection technique generates a binary edge map from the greyscale image, which is the

first stage in the workflow for contour detection.
gray_image = cv2.cvtColor(tool image resized, cv2.COLOR_BGR2GRAY)

show_image(gray_image, "Grayscale Image")
Fig. 1. Convert to Grayscale

blurred image = cv2.GaussianBlur(gray image, (5, 5), 0)
show_image(blurred image, "Blurred Image")

Fig. 2. Apply Gaussian Blur

The system may then analyze shapes and categorize tools according to their contours once the find
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Contours function locates and obtains contours.

edges = cv2.Canny(blurred image, 50, 150)
show _image(edges, "Canny Edges")

Fig. 3. Canny Edge Detection

# Now Successfully Displaying the contour properties.
aspect ratio = float(w) / h

extent = area / (w * h)

hull = cv2.convexHull(contour)

solidity = area / cv2.contourArea(hull)

print(f"Contour Area: {area}")
print(f"Aspect Ratio: {aspect ratio}")
print(f"Extent: {extent}")
print(f"Solidity: {solidity}")

Prafbye e s e ")

Fig. 4. Detect Contours

Bounding boxes are drawn around each detected contour in the code that follows, which illustrates these

fundamental steps:
# Now Successfully Displaying the contour properties.
aspect_ratio = float(w) / h
extent = area / (w * h)
hull = cv2.convexHull(contour)
solidity = area / cv2.contourArea(hull)

print(f"Contour Area: {area}")
print(f"Aspect Ratio: {aspect ratio}")
print(f"Extent: {extent}")
print(f"sSolidity: {solidity}")
print("----------- ")

Fig. 4. Analyze and Draw Bounding Boxes

The system can effectively identify tools based on the extracted contour attributes thanks to the bounding
boxes, which offer a visual cue to each identified tool. This method maximises processing speed and
accuracy while enabling dependable detection and classification in real-time applications.

3. LITERATURE SURVEY

In both industry and research settings, contour detection and analysis are essential computer vision
techniques that are frequently employed for tasks including object recognition, form analysis, and
boundary detection. In order to identify tools in photographs, the code for this project uses Canny edge
detection, Gaussian blurring, and a variety of contour attributes, including area, aspect ratio, extent, and
solidity. For real-time tool detection applications with potentially constrained computational resources,
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the combination of these techniques works well.

A fundamental method in computer vision, the Canny edge detection algorithm was first presented by
Canny [1] and is renowned for its capacity to precisely identify edges in images while reducing noise.
Canny is a common preprocessing step prior to contour detection because of its multi-step procedure,
which includes gradient computation, non-maximum suppression, and edge tracking using hysteresis,
which improves edge continuity and lowers false edges. Because of its strong performance, it is a popular
option for contour-based detection applications, especially in organized settings with reasonably
consistent tool shapes, such as industrial settings.

Another crucial preprocessing method is Gaussian blurring, which smoothes photos and lowers noise that
may otherwise obstruct precise edge and contour recognition. Gonzalez and Woods [2] emphasize how
Gaussian blurring makes image processing jobs easier by minimizing slight intensity variations, which
improves the precision of later processes like edge identification. It has been demonstrated that this method
enhances contour extraction by eliminating background noise, which is crucial for applications requiring
accurate shape recognition. Learning OpenCV by Bradski and Kaehler [4] is a great resource for projects
requiring effective, real-time performance since it provides helpful instructions on how to apply Gaussian
blurring and Canny edge detection with OpenCV algorithms.

In contour-based object recognition applications, OpenCV’s findContours function—which employs the
border-following method created by Suzuki and Be [3]—has proven essential. In order to accurately
extract contours—which is crucial for identifying the shape of tools and other things—this algorithm
tracks the borders of objects. Because contour detection uses an object’s shape for recognition rather than
more intricate feature extraction techniques, it is particularly helpful for applications where computational
simplicity is crucial. By examining characteristics including aspect ratio, extent, and solidity, studies by
Singh et al. [5] showed that contour-based approaches may successfully differentiate between
geometrically identical objects, validating the method’s applicability in applications with constrained
computational resources.

Shape descriptors like aspect ratio, extent, and solidity, which offer important details about the geometry
of detected contours, are useful additions to Canny edge detection in contour analysis. A simple yet useful
metric for differentiating between elongated and compact shapes is aspect ratio, which is computed as the
ratio of contour width to height. The effectiveness of contour-based shape attributes like aspect ratio and
solidity in identifying tools based on their unique geometric features was confirmed by Kumar et al. [6],
who investigated these metrics in a tool recognition system for industrial automation. Solidity—the ratio
of contour area to convex hull area—and extent—the ratio of contour area to bounding rectangle area—
further hone the form analysis and improve the precision of distinguishing comparable instruments.
Often employed in contour analysis, bounding boxes offer further information about the size and location
of objects. Bounding boxes were first used in the YOLO (You Only Look Once) real-time object
identification system by Redmon et al. [8], who demonstrated how well they work to locate things in
pictures. Although YOLO requires more processing power than more straightforward contour-based
techniques, it emphasizes the usefulness of bounding boxes in real-time applications because they give
identified items a distinct spatial context. Bounding boxes aid in separating each identified instrument for
separate examination in the context of contour-based techniques, allowing for more accurate recognition
even in situations when items are closely spaced.

Active Contours or Snakes model was established by Kass et al. [9] for complicated object boundaries and
is still used in border identification. Active contours can adjust to more complicated shapes by dynamically
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refining object bounds through energy reduction. Active Contours stimulated advancements in contour
analysis, especially in applications that require flexibility and precision for irregularly shaped objects,
despite being computationally more demanding than classic contour detection. In order to achieve high
accuracy in cluttered environments, Zhu et al. [10] investigated a hybrid technique that combines deep
feature extraction with contour-based detection. Their method shows how contour-based detection can
enhance recognition in complicated contexts when paired with other feature extraction techniques, albeit
at the expense of increased processing demands.

In applications where real-time detection is more important than high complexity, contour detection
methods are typically used over feature-based techniques like SIFT and HOG. Introduced by Lowe [11],
SIFT (Scale-Invariant Feature Transform) offers a reliable technigue for feature matching under a variety
of circumstances by enabling keypoint recognition across scales. However, because SIFT concentrates on
unique features rather than straightforward shape-based categorization, it is computationally demanding
and might not be appropriate for real-time applications with constrained resources.

In a similar way , Dalal and Triggs [12] created Histograms of oriented Gradients (HOG), a feature
descriptor that records gradient orientations in specific regions of an image, for human identification. HOG
is less effective for straightforward contour-based tasks, such as industrial tool detection, even though it
provides a high level of information for object recognition.

Practically speaking, contour-based detection fits in nicely with industrial automation applications where
dependability, speed, and simplicity are essential. In order to distinguish between items with irregular
shapes, Chen et al. [7] further verified contour-based classification using solidity and extent, proving the
usefulness of these metrics for real-world uses such as tool detection in manufacturing. Although these
methods are more computationally intensive and typically less appropriate for settings with stringent
processing time requirements, the segmentation-based techniques covered by Badrinarayanan et al. [13]
in SegNet also demonstrate the potential of deep learning for image segmentation tasks.

In conclusion, contour-based detection and analysis are emphasized in the literature as effective,
dependable methods for real-time object recognition in organized environments. A simplified method for
form analysis is provided by the combination of Canny edge detection, Gaussian blurring, and contour
attributes including aspect ratio, extent, and solidity. This supports applications where speed and little
computational overhead are crucial. These methods’ effectiveness in tasks ranging from object localization
to tool recognition has confirmed their usefulness in real-time, practical applications like the one this
project demonstrates.

4. RESULTS

4.1 Performance Metrics:

An overview of the performance parameters used to assess the Contour Vision system's accuracy and
effectiveness in various settings is given in the following table:

Table 1 Performance Metrics

Metric Description Result

Accuracy The percentage of tools that were(92%
successfully identified

Precision The percentage of genuine91%
positives among all instruments
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Recall The percentage of instruments89%
that were successfully identified
False Positives Tools that were incorrectly5%
identified
False Negatives The detection system's8%
overlooked tools

Source: One hundred test photos were used to assess the system's performance. By carefully adjusting the
edge detection and contour classification parameters, the false positive and false negative rates were
reduced.

4.2 Outputs

1. Original Image of Tools: - This is the original, unprocessed image using the detection tools. The tools
that will go through the contour detection procedure are shown in this figure 1. As of yet, no preprocessing
or changes have been made.

Fig. 1. Original Image

2. Grayscale Image: -The original tool image in greyscale is seen here. By eliminating colour
information, greyscale conversion streamlines the image and facilitates contour detection processing.

Grayscale Image

L

Fig. 2. Grayscale Image
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The initial tool image following greyscale conversion. This stage improves the contour detection process's
efficiency and helps to simplify it.

3. Blurred Image: - This is the picture following the application of Gaussian Blur. By lowering noise,
Gaussian Blur smoothes out the image and improves contour detection.

Blurred Image

Ll

Fig. 3. Image Blurring

The image in greyscale following the application of Gaussian Blur. This stage makes sure that the contour
detection isn't hampered by little noise in the image.

4. Edges Detected (Canny Edge Detection): - The edges of the tools in the picture are highlighted by the
Canny edge detection method. These edges will serve as the foundation for contour detection.

Canny Edges

Fig. 4. Canny Edge Detection Identifies Edges (refer to the image on top of next page)

After using Canny edge detection, the edges of the tools are clearly evident, delineating the limits of every
object in the picture.

5. Contours Detected: - Over the original image, the tools' contours are identified and highlighted in
green. Each tool's shape is depicted by these contours.
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Contours Detected

Q=__-=a

B

Fig. 5. Image Blurring Bounding boxes reveal contours

The technology surrounds the tools with green outlines when it detects contours. Understanding each
tool's shape requires an awareness of these features.

5. Final Image with Bounding Boxes: - Each identified tool has a bounding box generated around it

according to the contours. These boxes aid in tool identification and classification.
Final Detected Contours with Bounding Boxes

§=-";'

N

Fig. 6. Last Picture Featuring Bounding Boxes

In order to measure dimensions and distinguish between tools based on their forms, bounding boxes are
built around each identified tool.
Printed Output for Contour Properties:(refer to the image on top of next page)
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Contour Area: 3115.9

Aspect Ratio: 1.81724137931093448
Extent: ©.9102863822326125
Solidity: 0.9881046788263284

Contour Area: 126.0

Aspect Ratio: ©.7333333333333333
Extent: ©.19899909890909092
Solidity: 9.4893203883495146

Contour Area: 15866.5

Aspect Ratio: ©.8888888888888888
Extent: ©.9300308641975309
Solidity: 0.9781536064403038

Contour Area: 278.0

Aspect Ratio: 1.25

Extent: 8.556

Solidity: 0.852760736196319

Contour Area: 916.8

Aspect Ratio: ©.06289308176100629
Extent: ©.5761006289308176
Solidity: ©.52408274599542334

Aspect Ratio: 6.3
Extent: 8.050705467372134036
Solidity: ©.04820994382493502

Fig. 7. Printed Output for Contour Properties

Output Explanation:

e Contour Area: The region that the detected contour encloses.

e Aspect Ratio: The proportion of the contour's surrounding bounding rectangle's width to height.
e Extent: The proportion of the bounding rectangle's area to the contour area.

e Solidity: The ratio of the contour area to the convex hull area, which is the convex polygon that fits
the data the best.

6. CONCLUSION AND FUTURE SCOPE

5.1 Conclusion

By utilizing edge and contour detection algorithms to recognize tools based on their shape, Contour Vision
exhibits a reliable method for tool detection. It efficiently recognizes tools in controlled environments with
a 92% accuracy rate, improving automation settings' precision and operational efficiency. This method is
especially useful for real-time applications, such as industrial assembly lines, where simplicity and speed
are crucial. The effectiveness of Contour Vision is demonstrated by metrics like precision and recall,
which validate its ability to correctly differentiate instruments based on contour attributes like solidity,
extent, and aspect ratio.

5.2 Future Scope

In future Real time monitoring with live camera can be done. By making Contour Vision connected to a
live camera feed to track and record tool usage in real-time. This allows for Live Detection and Inventory
Management and Real-Time Tool Monitoring with Live Camera. In factories or workshops where tools
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are tracked for inventory, this could be helpful. To improve tool management and lower losses, the system
might sound an alert when a tool is lost, taken out, or disappears. Incorporating the live tool detection data
into an augmented reality (AR) display to enable Automatic Tool Identification for Assembly Guidance.
By instantly identifying or labelling the next tool assembly-line workers require, the device might reduce
errors and expedite workflow. It can also be used in gesture activated tool recognition system. This system
could recognize when a user picks up a tool and affirm it on the screen by fusing gesture recognition with
tool detection. This might be helpful in training settings where the system can give users immediate
feedback to make sure they've chosen the right tool for the job.
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