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ABSTRACT

In contemporary retail supply chains, the prompt identification of damaged or defective goods within
warehouse operations is critical to maintaining product quality, operational efficiency, and customer
satisfaction. Traditional inspection processes rely heavily on manual visual checks, which are inherently slow,
error-prone, fatigue-sensitive, and non-scalable. To address these challenges, this project presents InvenSight,
an Al-powered computer vision system designed for real-time damage detection of packaged goods during
warehouse operations. InvenSight integrates a ResNet-34-based deep-learning image classifier, live video
stream processing, a Flask backend orchestration layer, MongoDB persistence, and a React.js staff dashboard
to deliver end-to-end damage traceability. A fine-tuned ResNet-34 model trained on an expanded dataset of
6,000 labeled samples achieved an overall accuracy of 93.3%, with balanced precision and recall. The system
integrates seamlessly into logistics pipelines for automated, real-time inspection and substantially reduced
operational errors.

Keywords: Computer vision, deep learning, e-commerce, InvenSight, logistics automation, package
inspection, ResNet-34, transfer learning, warehouse automation.

Vision-Based Sensor System for Automatic Package Integrity Detection using ResNet-34
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Fig. 1. Vision-Based Sensor System fbr Automatic Package Integrily Detection using ResNet-34.

[. INTRODUCTION

The rapid expansion of e-commerce has dramatically increased parcel handling volumes, making package
integrity a key factor for customer satisfaction and brand reliability. Damaged parcels lead to negative user
experiences and additional operational costs from returns and reverse logistics. Manual inspection, however,
remains labor-intensive and inconsistent due to fatigue and the scale of modern logistics operations. Studies
on industrial visual inspection consistently report that defect detection accuracy declines measurably within
the first two to three hours of a shift, with further degradation toward end of shift.
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Computer vision has been widely adopted in warehousing for tasks such as barcode reading and parcel sorting
[1], [2], yet these systems are not optimized for detecting subtle surface defects. Minor dents, scratches, or
tears often go unnoticed during transit, motivating the need for a dedicated, automated solution for surface-
level damage detection [3].

In this work, we present InvenSight, a compact vision-based sensor that classifies packages as damaged or
intact using a fine-tuned ResNet-34 network [4]. The system captures parcel surfaces under varied lighting
and orientations, while preprocessing steps such as resizing, normalization, and geometric augmentation
ensure robustness across diverse warehouse environments. The dataset was expanded from 1,000 to 6,000
labeled images to improve generalization across packaging materials and damage types. The system integrates
TensorFlow and OpenCV for image analysis, Flask as the backend orchestrator, MongoDB for persistent log
storage, and React.js for the frontend interface.

The optimized model achieves 93.3% accuracy with balanced precision and recall, and can be deployed on
embedded hardware for real-time inspection on conveyor lines [6]. This reduces reliance on manual checks
and enhances consistency in quality control.

Contributions of this work:

A compact, vision-based system for automatic parcel damage classification using ResNet-34 with transfer
learning.

An integrated full-stack platform (InvenSight) combining Al inference, backend orchestration, persistent
logging, and a real-time staff dashboard.

An embedded real-time framework suitable for seamless integration into logistics and warehouse management
pipelines.

II. RELATED WORKS

Automated visual inspection has become central to industrial and logistics workflows with advances in deep
learning and embedded sensing. Early handcrafted feature-based methods struggled under varying
illumination and surface textures. Convolutional Neural Networks (CNNs) addressed these limitations by
learning discriminative features directly from images, leading to strong performance in defect detection and
surface quality assessment [3], [7], [8]. CNN architectures such as VGG, ResNet, and MobileNet have been
widely adopted in real-time inspection scenarios due to their balance of accuracy and computational efficiency
[4], [5].

In logistics environments, vision systems are commonly used for barcode reading, parcel sorting, and
warehouse monitoring [1], [2]. However, these solutions primarily focus on identification tasks rather than
detecting subtle surface damage. Vater et al. [6] showed that edge-deployed CNNs can provide real-time fault
detection while reducing network latency. Saeed et al. [10] further demonstrated that effective data
augmentation enhances robustness in variable environmental conditions. Recent embedded implementations
using lightweight CNNs and TinyML frameworks have also shown promise for deploying visual classifiers
on low-power hardware [11], [12].

Despite these developments, direct work on automatic parcel damage detection remains limited. This study
addresses that gap by developing InvenSight, a compact vision-based sensor system employing transfer
learning on ResNet-34 for real-time package integrity classification under practical warehouse conditions.

III. SYSTEM ARCHITECTURE

The InvenSight architecture follows a four-layer decoupled design pattern, ensuring that presentation,
application orchestration, Al inference, and data persistence each evolve independently. RESTful APIs
mediate communication between layers, enabling independent scaling and maintainability.

A. Technology Stack

The system leverages MUI and React.js for the frontend, TensorFlow and NumPy for the machine learning
layer, and Python (Flask) with MongoDB on the backend. This combination delivers a robust, cost-effective,
and maintainable stack deployable on modest hardware for demonstration and incrementally scalable to
production.
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Fig. 2. InvenSight System Components: Frontend, AI/ML Layer, and Backend.

B. Use Case Diagram

The Use Case Diagram captures all primary interactions between two actors and the system's functional
modules. The Staff actor (warehouse operator, supervisor, or manager) uses the web-based dashboard to
perform inspections, review flagged items, manage statuses, and track products. The Al System actor is an
internal, autonomous component that identifies defects, triggers alerts, logs detections, and in a future iteration
retrains from operator feedback.
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Fig. 3. Use Case Diagram of InvenSight — Staff and Al System actors.

C. System Data Flow

A warehouse operator either starts the live webcam feed on the Scan page or uploads a product image. The
React frontend transmits the image as a multipart POST to the Flask backend's detection endpoint. The
backend decodes the image using OpenCV, resizes and normalizes it, and invokes the TensorFlow model's
predict() method. The model returns a probability score, which the backend converts to a label
(intact/damaged) and a confidence percentage. A new document is inserted into MongoDB containing a
generated ProductID, SKU, condition, confidence, warehouse, and timestamp. If damaged, a real-time
notification is surfaced on the dashboard.

IV. DATASET AND PREPROCESSING

This section outlines the data collection setup and the preprocessing pipeline applied prior to model training.
The dataset was obtained using a vision-based sensor that captures parcel surfaces under realistic warehouse
conditions, followed by normalization and augmentation to enhance robustness.

A. Image Sensor Data

The imaging module records parcel surfaces as they move along a conveyor, producing two classes of samples:
intact and damaged. Damaged parcels exhibit dents, crushed edges, or torn covers, while intact parcels show
smooth and undistorted surfaces. The initial dataset contained approximately 1,000 annotated frames. To
improve variability, additional samples were collected by altering viewing angle, sensor height, and ambient
lighting, expanding the dataset to about 6,000 labeled images. All labels were manually verified by trained
inspectors.
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Fig. 4. Sample images of intact and damaged packages captured by the imaging sensor.

B. Preprocessing and Augmentation

All images were resized to 256 % 256 pixels and normalized to the [0, 1] intensity range to maintain consistent
scale and stabilize training. Standard RGB formatting ensured uniform color channels across sensing devices.
To improve generalization, data augmentation was applied to mimic real-world variations such as handling-
induced rotations and lighting changes. The transformations included random rotations up to 30°,
horizontal/vertical flips, width and height shifts, shearing, zooming, and brightness adjustments. Augmented
samples were generated on-the-fly using TensorFlow's ImageDataGenerator [13], exposing the model to new
variations each epoch.

V. MATERIALS AND METHODS

A. Architecture

The proposed inspection framework adopts a transfer learning strategy utilizing the ResNet-50 architecture,
implemented in TensorFlow and Keras. ResNet-50 employs residual skip connections that maintain stable
gradient propagation in deep networks, improving both convergence and representational capacity. The
backbone is initialized with ImageNet-pretrained weights to accelerate optimization and reduce the required
amount of task-specific labeled data.

To tailor the model for binary package classification, the original fully connected layers are removed and a
lightweight classification head is appended. This head consists of a Global Average Pooling layer, a Dense
layer with 512 ReLU units, a Dropout layer (rate = 0.5) for regularization, and a final softmax layer for class
probability scores. A two-stage training procedure is followed:

Phase 1 (Feature Extraction): The ResNet-50 backbone is frozen, and only the appended classification head is
trained. This enables rapid adaptation to the target domain while preserving generic visual features.

Phase 2 (Fine-Tuning): The final 20 layers of ResNet-50 are unfrozen and retrained with a reduced learning
rate, allowing refinement of high-level feature representations while preventing catastrophic forgetting of
lower-level features.

B. Training

Five optimizers were evaluated during Phase 1: Adam, SGD with momentum, RMSProp, NAdam, and
Adamax, each initialized with a learning rate of 1 x 10~*. Categorical cross-entropy was used as the loss
function, and classification accuracy served as the primary evaluation metric. Phase 1 training was conducted
for 20 epochs with a batch size of 32. Three training callbacks were employed: ModelCheckpoint (to save the
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best model weights), EarlyStopping (to prevent overfitting), and ReduceLROnPlateau (to decrease the learning
rate when validation performance plateaued).

In Phase 2, the top 20 layers of the ResNet-50 backbone were unfrozen and fine-tuned with the best-performing
optimizer from Phase 1, with the learning rate reduced to 1 x 107°. This step refined task-specific feature
learning while maintaining stable convergence.

VI. RESULTS AND DISCUSSION

The performance of the proposed vision-based inspection framework was evaluated using five optimization
strategies. These optimizers were compared across convergence speed, training stability, and final validation
accuracy. As summarized in Table 1, Adam demonstrated the most efficient convergence and highest
validation accuracy, making it the preferred choice for the main training phase. RMSProp also achieved strong
accuracy, though with moderate fluctuations in the loss curve. SGD with momentum showed slower but highly
stable convergence, while Adamax achieved moderate accuracy with balanced but slower convergence
characteristics.

Table 1. Performance Comparison of Various Optimizers
. Training Convergence Training Final Validation

Optimizer | me e Speed Stability (%) RR

Adam 10hr8 min | Fast High 87.10 Best overall; fast
and stable
Steady  curve;

SGD 10 hr 4 min Moderate High 86.79 needs more
epochs
Close to Adam;

RMSProp | 9 hr 14 min Fast Medium 86.87 slight
fluctuations
Early plateau;

NAdam 10 hr 32 min | Fast Moderate 87.01 aggressive LR
decay
Balanced but

Adamax 9 hr 58 min Moderate Moderate 85.36 slower than
Adam

A. Confusion Matrix Analysis Across Optimizers

Confusion matrices were used to evaluate class-wise performance. Adam and RMSProp showed the strongest
diagonal dominance, indicating high correct classification rates. SGD with momentum produced a stable
pattern but required more epochs. NAdam made occasional errors on visually similar samples, while Adamax
exhibited moderate recall. Overall, Adam provided the most balanced precision—recall performance.
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Fig. 5. Confusion matrices of models trained using different optimizers.

B. ROC Curve and AUC Comparison
ROC and macro-averaged AUC metrics show that Adam and RMSProp achieved the highest AUC values
(>0.92), demonstrating strong class separability. SGD and NAdam followed closely, with Adamax showing
moderate but consistent results. These findings reinforce Adam's advantage in balancing convergence speed
and discriminative performance.
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Fig. 6. ROC curves for models trained using different optimizers.

C. Fine-Tuning Performance

After identifying Adam as the best-performing optimizer, fine-tuning was conducted by unfreezing the last 20
backbone layers and reducing the learning rate to 1 x 107°. This staged training led to a 2—3% increase in
validation accuracy, confirming improved domain adaptation.

D. InvenSight Dashboard and System Outputs

The following figures illustrate the operational InvenSight system deployed on the warehouse inspection
workflow. The React.js dashboard provides real-time inventory overviews, scan history with filtering, and
damage analytics. Classification accuracy on the held-out test set falls in the 88-92% range, with damaged-
class precision above 90% and recall above 85%. Average end-to-end upload-to-result latency under 20
concurrent sessions is approximately 2.2 seconds.
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Fig. 7. InvenSight Dashboard — Inventory overview with real-time damage statistics and trend charts.
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Fig. 8. InvenSight Smart Scan page — Conveyor belt and manual scan modes with configurable parameters.
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Fig. 9. InvenSight Scan History page — Filterable audit trail of all detection events with confidence scores.

VII. CONCLUSION

This study investigated the impact of five different optimizers—Adam, SGD with momentum, RMSProp,
NAdam, and Adamax—on the convergence behavior and generalization of a ResNet-50-based vision
inspection framework. Experimental results demonstrated that Adam consistently achieved the fastest
convergence and highest validation accuracy (87.10%), while RMSProp and SGD with momentum also
showed competitive performance. Fine-tuning the last 20 layers of ResNet-50 using the optimal optimizer
further enhanced domain-specific feature adaptation, improving validation accuracy by approximately 2—3%.
The resulting InvenSight system successfully transforms damage inspection from a human-bottlenecked,
inconsistent, non-auditable process into an Al-first, human-verified, fully-logged, analytics-friendly workflow
that scales with warehouse throughput rather than with headcount. The system is ready for real-world pilot
deployment, and its modular architecture leaves ample room for enhancements including multi-class damage
taxonomy, YOLO-based localization, conveyor diversion integration, and WMS plug-in adapters.

Smarter Damage Control, Stronger Supply Chain.
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