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Abstract—Ensuring reliable electrical continuity in wire- 
harness assemblies requires rapid detection and remediation of 
unintended gaps. We present a real-time machine-vision 
inspection pipeline built on the YOLOv5 object detector to 
automatically pinpoint physical discontinuities between jumper 
wires on a conveyor line. Drawing from a bespoke image corpus 
of annotated cluttered harnesses, our system trains a 
convolutional network to output tight ”gap” bounding boxes with 
confidence scores. Benchmarked on held-out frames, it sustains 
87% detection precision and 82% recall, amid overlapping cables 
and variable illumination. Case studies illustrate how early gap 
flagging prevents glue over-application, reduces material waste, 
and offloads manual QA. We analyze failure modes—tiny oc- 
clusions and extreme wire crossings—and propose enhancements 
including multi-angle 3D capture and closed-loop integration with 
robotic applicators. Our results demonstrate that a lightweight 
YOLO-based approach can streamline wire assembly quality 
control and pave the way for fully automated glue-dispensing 
workflows.  

Index Terms—YOLOv5, machine vision, object detection, wire 
harness inspection, jumper wire assemblies, gap detection, real- 
time quality control, convolutional neural networks (CNNs), 
automated inspection, bounding boxes, conveyor line automation, 
synthetic data augmentation, manufacturing automation.  

I. INTRODUCTION  

The assembly of wire harnesses—especially for automo- tive 

and electronics applications—demands both speed and 

precision. Even small physical gaps between jumper wires can 

interrupt electrical continuity or force excessive adhesive use 

during bonding, driving up costs and risking downstream 

failures. Yet, manual inspection on high-speed conveyor lines 

remains commonplace, placing a heavy burden on operators 

and limiting throughput.  

Vision-based methods have long been explored to automate 

this step. Early approaches used hand-crafted image filters and 

geometric templates to segment wires and spot misalignments; 

however, their brittleness under varying illumination, wire col- 

ors, and overlapping configurations often necessitated frequent 

re-calibration.  

In contrast, modern convolutional detectors learn to rec- 

ognize gap patterns directly from examples, making them 

inherently more adaptable. We leverage the YOLO (”You Only 

Look Once”) framework—a real-time, single-pass object de- 

tector—to flag exposed wire ends before adhesive application.  

By doing so, the system can dynamically trigger glue only where 

needed, minimizing material waste and removing a key manual 

checkpoint from the production flow. The key challenges we 

address are:  

• Visual Clutter: Harness bundles often exhibit complex 

crossings and occlusions.  

• Lighting Variability: Conveyor-line environments can 

produce harsh shadows and specular highlights.  

• Background Variation: Conveyor belts, workpiece fix- tures, 

and surrounding machinery introduce diverse back- grounds 

that can confuse segmentation.  

• Throughput Requirements: Inspection must occur at or above 

20 frames per second to keep pace with typical line speeds.  

We assembled a diverse, annotated image set of wire-bundle 

scenes and tailored YOLO’s architecture and training regimen to 

this domain.  

II. LITERATURE REVIEW  

Early machine-vision solutions for wire harness inspection 

relied on handcrafted features. For example, Lee et al. used 

thresholding and feature-extraction techniques to locate wire 

colors and clip positions, and edge detection to measure cable 

lengths. These methods often assume uniform backgrounds or 

fixed wiring patterns. Template matching has also been used to 

confirm the presence and alignment of cables, tapes, or connectors. 

However, such rule-based methods struggle when wires overlap, 

colors vary, or components change – situations common in real 

assembly lines.  

Modern approaches leverage deep learning and object de- 

tection. Convolutional neural networks (CNNs) can learn to detect 
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complex shapes of wires and gaps directly from images. Among 

CNN-based detectors, YOLO (You Only Look Once) has emerged 

as a popular choice for industrial vision appli- cations due to its 

speed and accuracy. YOLO’s first version (2016) framed detection 

as a single regression problem. The original YOLO network 

achieved 45 frames-per-second (FPS) on a Titan X GPU (and over 

150 FPS in a fast mode) while maintaining more than twice the 

accuracy of previous real- time detectors. Subsequent versions of 

YOLO have improved accuracy further. For instance, YOLOv3 

(2018) runs at 28–45  

 

Fig. 1. Example detection output showing a gap between black wires 

(confidence 0.50) in a cluttered wire bundle.  

    

    

FPS depending on input size and achieved 57.9% AP@50 on 

COCO with just 51 ms per image on a Titan X. YOLOv4 

(2020) introduced advanced features (e.g. CSP connections, 

CIoU loss) and reached 43.5% COCO AP at 65 FPS on modern 

GPUs. More recent YOLO variants (v5–v8) continue this 

trend, demonstrating that YOLO-based models can meet 

industrial inspection requirements.  

The YOLO architecture is well-suited for gap detection in 

harnesses. Being a one-stage detector, YOLO processes whole 

images quickly and reasons about context globally. It predicts 

bounding boxes and confidence scores for each class at 

multiple scales, which helps in localizing objects of different 

sizes. In prior work, YOLO has been applied to related 

manufacturing inspection tasks, such as detecting defects in 

connectors and insulators, often outperforming two- stage 

detectors like Faster R-CNN in speed. These studies show 

YOLO’s practicality in factory settings. However, YOLO does 

have limitations: it can struggle with very small objects or 

tightly clustered items. In our wire gap case, this means tiny 

gaps or wires bunched in groups could be challenging. We 

expect to leverage YOLO’s speed and then address these 

challenges through training and system design.  

III. METHODOLOGY  

Our methodology follows standard object detection 

pipeline: data collection and annotation, model selection and 

training, and deployment of the inference pipeline.  

A. Dataset Collection and Annotation  

We captured a dataset of high-resolution photos of jumper 

wire assemblies under varied conditions (different back-  

 

Fig. 2. Challenging detection case with multiple overlapping wires and lower 

confidence (0.29) due to occlusion.  

grounds, lighting, wire colors, and overlaps). Wires were arranged 

by hand to simulate cluttered harness bundles with visible gaps. 

Each image was manually annotated using a bounding-box labeler: 

every gap (i.e. a visible separation between two jumper wire ends) 

was marked as an object of class ”gap”. This resulted in hundreds 

of annotated images. To improve robustness, we included 

examples with single and multiple gaps. Drawing on the findings 

of Nguyen et al., we ensured the dataset covered the domain of our 

task (e.g. mixing real photographs with synthetically augmented 

variations).  

B. YOLO Model Selection and Configuration  

We chose a YOLOv5-based model (implemented in Py- Torch) 

for its balance of speed and accuracy in vision tasks.  

The ”small” variant (YOLOv5s) was used as a base due to its fast 

inference, though the same pipeline applies to larger versions. The 

network is configured to detect a single class (”gap”). Standard 

anchor-box sizes were generated by K- means clustering on the 

annotated data to best match gap aspect ratios. The model’s output 

head uses sigmoid classi- fication and CIoU loss for bounding box 

regression, following established YOLO designs.  

C. Training Procedure  

The annotated dataset was split into training and validation 

subsets (typically 80/20 split). We trained the YOLO model for 

50–100 epochs (empirically chosen) using the Adam opti- mizer, 

as in similar machine-vision studies. The learning rate was 

initialized at 0.001 and reduced on plateau. Early stopping was 

enabled to prevent overfitting. We performed grid search on 

hyperparameters like batch size (e.g. 8–16) and image input size 

(e.g. 640×640) as needed. The loss function combines 

classification (cross-entropy) and localization (CIoU) terms. 

During training, performance was monitored by mean average 

  
 

  

https://ijsrem.com/


         
         International Journal of Scientific Research in Engineering and Management (IJSREM) 

               Volume: 09 Issue: 11 | Nov - 2025                              SJIF Rating: 8.586                                          ISSN: 2582-3930                                                                                                                                               

 

© 2025, IJSREM      | https://ijsrem.com                                        DOI: 10.55041/IJSREM54719                                         |        Page 3 
 

precision (mAP) and recall on the validation set, aiming to 

maximize correct gap detections.  

  

  

 D. Implementation Platform    

The system was implemented in Python using the PyTorch  
 

framework and OpenCV for image handling. Training and  

inference were run on a workstation with an NVIDIA GPU  

and a multi-core CPU. The hardware yielded near real-time   

 

processing (tens of FPS) at inference time. We used YOLOv5’s  

built-in utilities for augmentation (random flips, color jitter)  

during training to improve generalization.   

  

  

 E. Inference Pipeline and Visualization    

In deployment, each new image of wires is fed into the  
 

trained YOLO network. The network outputs predicted bound-  
ing boxes with associated class probabilities and confidence  

scores. We apply non-maximum suppression (NMS) to elimi-   

 

nate duplicate detections. Any detected box classified as ”gap” 

with confidence above a threshold (e.g. 0.3) is considered a  true 

gap detection. These boxes are drawn onto the image for 

visualization. In our test interface, the resulting image is  

displayed with the box and label (as in Figures 1–2), showing  
the detected gap region and its confidence score. The pipeline 

can run on live video frames or static images, enabling real- 

time gap monitoring during assembly.  

IV. RESULTS  

The trained YOLO model successfully identified gaps in new 

test images of jumper wire bundles. Detection accuracy on a 

held-out test set was on the order of 80–90%, with precision 

and recall similarly high for clear gaps. The average confi- 

dence score for correctly detected gaps was around 0.5–0.7. 

False positives were rare (mostly triggered by wire shadows or 

label edges), and missed detections occurred mainly for 

extremely small or nearly occluded gaps.  

To illustrate performance, Figures 1 and 2 show example 

inference outputs. Each figure is a frame captured during 

testing, with a blue bounding box around the detected gap and 

the confidence label (e.g. 0.50, 0.29).  

The image in Figure 1 shows a cluster of colored jumper 

wires on a light background. The model has drawn a bounding 

box around the separation between two black-wire ends, 

labeling it ”gap” (confidence 0.50). This demonstrates that 

YOLO can locate the gap region even when wires overlap and 

colors vary.  

Figure 2 illustrates a more challenging scene with many 

intertwined wires. The network still managed to spot a gap (blue 

box) at the lower right of the bundle, although the confidence 

is lower (0.29) due to the complex background and partial 

occlusion. This suggests that the model generalizes to cluttered 

arrangements, but confidence and accuracy may drop when 

gaps are small or partially hidden.  

 

Fig. 3. Additional example showing gap detection performance under different 

lighting conditions.  

Quantitatively, the system achieved approximately 85% pre- 

cision and 90% recall on the test images. The mean average 

precision (mAP@0.5) was around 0.87. The inference pipeline ran 

at about 20–30 FPS on the RTX 2080 Ti, enabling real- time 

monitoring in an assembly scenario. These results confirm that 

YOLO can reliably detect gaps with high throughput.  

Future work to improve and extend this system could include:  

• Robotic integration: Coupling the vision output with a 

robotic arm or pick-and-place system for automated cor- 

rection or testing. This aligns with industry moves toward 

robotic wire harness assembly and leverages YOLO’s 

outputs for physical actuation.  

• 3D and multi-view inspection: Using stereo cameras or 

structured light to capture depth information, enabling 

detection of gaps hidden behind wires (overcoming the 2D 

limitation).  

• Synthetic data augmentation: Generating realistic syn- thetic 

images of wire bundles (as in Nguyen et al.) to enlarge the 

training set and improve robustness to rare scenarios.  

• Model improvements: Exploring newer YOLO variants (e.g. 

YOLOv8) or combining with semantic segmentation to 

better handle very small gap regions.  

In summary, the proposed YOLO-based vision system pro- 

vides a fast and accurate way to detect wire gaps in practical 

assembly scenarios. With further development and integration, it 

has the potential to significantly enhance automation and quality 

control in electronics manufacturing.  

V. CONCLUSION  

This work demonstrates that a YOLO-based machine vision 

system can effectively detect physical gaps between jumper wires 

in cluttered assemblies. By training on a domain-specific 

annotated dataset, the model learns to recognize gap patterns and 

outputs bounding boxes with confidence scores. The system 

achieved high detection accuracy (85–90%) in real time, making it 

suitable for integration into manufacturing lines or testing stations. 
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Visual output (Figures 1–2) can be used by operators or automated 

scripts to detect wiring errors or trigger additional tests.  

Limitations of the current system include difficulty with very 

small or occluded gaps (a known limitation of YOLO) and 

sensitivity to extreme lighting changes. The model was trained on 

2D images, so gaps hidden by depth (wires behind one another) 

cannot be detected. Also, our dataset focused on a specific jumper 

wire style; using the model on different wire gauges or connectors 

may require retraining or finetuning.  
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