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Abstract—
Consumer-grade fused deposition modeling (FDM) 3D printing can reduce waste by enabling repair and 
customization at home, but print failures and aesthetic defects remain a major barrier to reliable adoption. This paper 
summarizes a practical camera-in-the-loop architecture for real-time print monitoring and guidance. The system 
combines (i) fast object detection for macro failure detection, (ii) multiclass detection for more granular defect 
categories, and (iii) a metadata-aware decision layer that recommends actions such as halting a print or adjusting 
parameters. We also outline an evaluation plan based on aesthetic deviation and dimensional accuracy to quantify 
improvements in reliability and output quality.
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I. INTRODUCTION
Consumer FDM 3D printers offer a pathway to local 
manufacturing of small functional parts (e.g., 
replacement components and custom fixtures), which 
could reduce waste by enabling repair instead of 
disposal. Prior project materials emphasize this 
motivation, noting that consumer printing can support 

repair and customization that are otherwise impractical 
in conventional supply chains [1], [3]. However, 
inexpensive printers require extensive trial-and-error 
tuning, and even minor surface artifacts can make parts 
unacceptable for consumer-facing uses [3]. To lower 
this barrier, we propose a camera-assisted monitoring 
and guidance pipeline that detects failures early and 
recommends corrective actions.

Fig. 1. Example consumer replacement-part use cases (kettle component and keycap) enabled by 3D printing [4].

II. SYSTEM OVERVIEW
The proposed system uses a camera-in-the-loop 
feedback mechanism that converts open-loop fused 
deposition modeling (FDM) printing into a closed-loop 
quality control process. During a print, the camera 
captures frames (e.g., once per layer or at a fixed 

cadence) that reflect the evolving surface and geometry. 
Vision models interpret these images to detect both 
catastrophic failures (e.g., part detachment or 
"spaghetti" extrusion) and emerging aesthetic defects 
(e.g., stringing, gaps, or blobs). The decision layer then 
fuses vision outputs with printer telemetry (such as 



layer index, temperature, commanded flow, and 
extrusion rate) to reduce false alarms and to map defect 
signatures to targeted actions—continue, pause/abort to 
prevent waste, or adjust available parameters. 
Subsequent frames verify whether the intervention 
reduced defect evidence, enabling iterative correction 
within a single print.

Figure 2 illustrates the closed-loop pipeline. The 
camera is treated as a quality sensor: it observes the in-
progress part and provides direct evidence of surface 
formation, adhesion, and material behavior. Instead of 
discovering problems after completion, the system 
detects and responds while the print is still salvageable.

1) Observe: a fixed camera captures frames at a 
chosen cadence (e.g., every N seconds or at layer 
transitions). Frames are timestamped and 
associated with printer state and G-code progress.

2) Detect: the vision models produce bounding boxes, 
defect class labels, and confidences for both 
catastrophic failures and finer aesthetic artifacts.

3) Fuse: vision outputs are combined with printer 
telemetry (e.g., layer index, nozzle temperature, 
flow/extrusion rate, completion %) to improve 
robustness against lighting/viewpoint noise and to 
disambiguate similar-looking artifacts.

4) Decide: detections are mapped to an action using a 
print-health score with temporal smoothing, 
preventing one-off false alarms from triggering 
disruptive actions.

5) Act: the system either (i) issues a printer control 
command (e.g., pause/stop, temperature or flow 
adjustment if supported) or (ii) presents a targeted 
recommendation to the user.

6) Verify: subsequent frames are analyzed to confirm 
that defect likelihood decreases after an 
intervention; if not, the policy can escalate from 
“adjust” to “halt.”

In practice, the capture cadence can be tied to layer 
changes (for consistent viewpoints) or to fixed time 
intervals to reduce latency. Multi-view cameras can 
further reduce occlusion and improve generalization 
across printers by providing complementary angles, 
while consistent lighting and a fixed mounting 
geometry stabilize appearance for learning and 
inference.

This camera-in-the-loop design enables two high-value 
behaviors: (i) early termination for high-confidence 
catastrophic failure to prevent wasted material and 
printer time, and (ii) incremental parameter correction 
when early-stage artifacts indicate over/under extrusion, 
temperature imbalance, or first-layer issues. The next 
observation cycle then verifies whether the intervention 
improved print health.

Fig. 2. Camera-in-the-loop closed-loop monitoring and 
intervention pipeline (observe, detect, fuse, decide, act, 

verify).



Fig. 3. Server-side processing architecture integrating images, metadata, macro/micro defect detection, and action 
decisions (halt/adjust/OK) [4].

III. METHODS
A. Camera Setup and Data Acquisition

A fixed camera observes the build plate and the 
evolving part geometry. For repeatable perception, the 
camera is mounted rigidly with a known view of the 
nozzle path and part footprint, and illumination is kept 
consistent to minimize shadows and specular glare. 
Frames are captured either once per layer (synchronized 
with layer transitions) or at a fixed rate (e.g., 1–5 Hz) 
depending on latency requirements. Each frame is 
paired with printer telemetry such as layer index, nozzle 
temperature, flow/extrusion settings, and print 
completion percentage [1].

B. Dataset Construction and Labeling

Training data consists of image frames labeled for 
failure/defect evidence. For macro detection, frames are 
annotated with bounding boxes around clearly failed 
regions (e.g., detached parts, “spaghetti” filament). For 
multiclass defect detection, frames are labeled with 
defect categories (e.g., stringing, gaps/under-extrusion, 
blobs/over-extrusion) and corresponding bounding 
boxes. Project notes describe building datasets from 
diverse video sources and nozzle-focused imagery 
across printers and lighting conditions [1]. Purposefully 
inducing specific defects (e.g., controlled under-
extrusion or first-layer miscalibration) can accelerate 
labeling by producing dense examples of each class and 
enabling semi-automated dataset growth via model-
assisted triage [1].

C. Vision Model Training

The defect detectors are trained as supervised object 
detectors. Input frames are resized to a fixed resolution 
(e.g., 640×640) for training and inference [1]. During 
training, the network learns to predict (i) bounding box 
geometry and (ii) defect class probabilities for each 
candidate region, optimizing a multi-term loss that 
combines localization error with 
classification/objectness error. Common augmentations 
(random brightness/contrast, mild blur, and small 
geometric jitter) improve robustness to camera 
placement and lighting variation. Performance is 
evaluated using precision/recall and mean average 
precision (mAP) on held-out validation and test splits, 
and confidence thresholds are calibrated to trade off 
false alarms against missed failures. A two-stage 
strategy—coarse macro failure detection followed by 
multiclass defect detection—supports real-time 
operation while preserving diagnostic specificity [1].

Fig. 4. Example macro failure detections (bounding 
boxes) produced by the detection model [4].



D. Telemetry Fusion and Action Policy

Visual detections are fused with telemetry to compute a 
print-health estimate and select actions. The decision 
layer consumes features such as defect confidence, 
defect persistence over multiple frames, layer index, 
nozzle temperature, and flow/extrusion rate [1]. 
Temporal smoothing (e.g., requiring repeated detections 
across consecutive frames/layers) reduces sensitivity to 
transient artifacts. The policy outputs one of three 
actions: OK (continue), adjust (apply a parameter 
correction), or halt (stop the print). Parameter 
corrections target consumer-accessible controls such as 
extrusion multiplier/flow, Z-offset/first-layer “squish,” 
temperature, and retraction settings [2].

E. Online Operation and Verification

In deployment, inference can run on a local edge device 
or a server connected to the printer. The camera stream 
and telemetry are processed continuously; when an 
action is taken, subsequent frames verify whether defect 
likelihood decreases. If the defect signature persists or 
worsens, the system escalates from adjustment to 
termination to prevent compounding failure. This 
verify-and-escalate behavior is a key advantage of the 
closed loop: it enables both waste reduction (early stop) 
and quality recovery (incremental correction) within a 
single print.

IV. EVALUATION
Evaluation is designed to quantify both aesthetics and 
functional correctness. For aesthetics, the draft 
methodology suggests comparing expected versus 
observed surface features and scoring deviations from 
ideal reference lines [2]. For functional correctness, 
dimensional accuracy is assessed via measurements or 
scanning to verify that printed parts meet tolerances [2]. 
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Success is measured by reduced failed prints, fewer 
manual interventions, and improved surface and 
dimensional quality under realistic consumer 
conditions.

V. DISCUSSION
The three-stage decomposition (macro detection, micro 
defect classification, and telemetry-aware action 
selection) supports real-time operation while preserving 
interpretability for users. Key practical challenges 
include broad defect coverage and labeling effort; 
partner notes describe plans to generate purposeful 
failures for easier labeling and to use earlier models to 
bootstrap later datasets, as well as leveraging additional 
camera viewpoints to improve robustness [1].

VI. CONCLUSION

This paper summarized a camera-in-the-loop, machine-
learning-assisted system for detecting print defects and 
providing corrective guidance in consumer FDM 
printing. By combining fast detection, richer defect 
categorization, and metadata-aware decision-making, 
the approach aims to improve reliability and output 
quality, enabling more practical repair and 
customization workflows.
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