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Abstract: This paper investigates the efficacy of adapting test plans normally leveraged for complex systems for use on a
smaller scale in order to improve the accuracy of image classification models under adverse conditions, specifically a limited
dataset. In order to analyze model performance and make informed changes, a test and verification plan called the LEGO Test
Plan (LTP) was created based on industry examples. The LTP outlined steps for validating and verifying system performance as
a classification tool. The LTP was used to assess model performance and make informed changes to training parameters in order
to create a model that exceeded the LTP’s performance objectives. These results not only demonstrate the efficacy of test plans
on smaller-scale systems but also demonstrate how researchers can use test plans to improve data-limited image classification
models.
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1. Introduction

Many robotic perception systems must operate with limited labeled data, whether because target objects vary, envi-
ronments change, or collecting examples is costly. Small datasets frequently produce brittle classifiers, and although large, rel-
evant datasets can yield near-perfect models, the common remedy of “more data and more training” is often infeasible (Dishar
& Muhammed, 2023). When data or compute are constrained, researchers must instead rely on tuning model parameters to
improve performance. This work therefore sought to design and demonstrate a small-scale test plan, inspired by industry prac-
tices, to verify, validate, and empirically evaluate methods for enhancing an image classifier without requiring additional data
or processing power.

This approach is grounded in systems engineering principles, particularly verification and validation: verification
checks whether a system is built to specification, while validation ensures a system is achieves its intended purpose. The
activities are typically carried out through structured test plans, but such plans are usually developed for large, complex systems.
As such, selected elements from these comprehensive plans were scaled down and adapted into the LEGO Test Plan (LTP). The
LTP was used to evaluate the sorting capability of four variations of the Visual Geometry Group’s well-known VGG-16 image
classification model (Simonyan & Zisserman, 2015) against 30 fellow classmates (referred to as volunteers for the remainder
of this paper). Both the volunteers and the model variants sorted the same 154-piece LEGO set and were assessed on accuracy.
Because the performance benchmark was to meet or exceed volunteer accuracy, the LTP guided systematic adjustments to the
training pipeline and model variant parameters.

2. Background and Related Work

This project covers nearly three years of research and development on the novel Lego Sorting System (LSS), an auto-
mated sorter that ingests unsorted LEGO pieces and categorizes them into user-defined groups to accelerate inventorying. In
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this work, the LSS served as a platform for collecting real-world performance data across multiple iterations of a VGG-16-based
image classifier. The results were evaluated using the LTP to guide systematic adjustments and improve classification accuracy.

Test plans are structured procedures for determining whether a system satisfies user requirements under expected
conditions (IEEE Computer Society, 2008). Given the novelty and limited complexity of the LSS, a custom test plan was
required. The LTP drew on established verification and validation guidance from the Institute of Electrical and Electronics
Engineers (IEEE) and the National Aeronautics and Space Administration (NASA) (IEEE Computer Society, 2008; Mason
et al., 2012), incorporating consistent system setup, verification steps, validation activities, and block-diagram-based system
descriptions to ensure comparable conditions and confirm intended functionality. The rationale for these elements is detailed in
the Methodology section.

Image classification is well studied, but most models are trained under ideal, large-data conditions that rarely hold in
applied settings, where data scarcity, time constraints, or limited collection opportunities impede model development. Overfit-
ting is a common consequence of data limitation, in which models perform well on training data but generalize poorly (Sabiri,
El Asri, & Rhanoui, 2022). Common mitigations include data augmentation, early stopping, and data expansion (Ying, 2019;
McGuinness & O’Gara, 2019), all of which were used at stages of LSS development.

Existing work typically evaluates such techniques individually (Inoue, 2018; Wang & Perez, n.d.; Sabiri et al., 2022;
Brigato, Barz, locchi, & Denzler, 2022). Automated optimization pipelines (e.g.,automatic machine learning) offer broader im-
provement (Feurer & Hutter, 2019), but generally require substantial compute and lack structured verification checkpoints.
Similarly, robustness and distribution-shift benchmarks diagnose failure modes without prescribing iterative improvement
(Hendrycks & Dietterich, 2019; Recht, Roelofs, Schmidt, & Shankar, 2019). Although systems engineering relies on formal
verification and validation frameworks (U.S. Department of Defense, 2019; NASA, 2021), such structured methodologies are
seldom applied to small-scale machine learning projects (Luckcuck, Farrell, Dennis, Dixon, & Fisher, 2019). Self-supervised
pretraining can mitigate data scarcity (Chen, Kornblith, Norouzi, & Hinton, 2020) but emphasizes algorithmic strategy rather
than a test-oriented process. This gap motivates the development of the LTP, a prescriptive, test-oriented framework for im-
proving data-limited image classification models.
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Figure 1: LTP diagram illustrating the fundamental sequence of steps and actions for setup, verification, and testing.
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3. Methodology

This section summarizes the methodological framework used during testing by outlining the LTP and the rationale
for each of its element. The LTP functions as a set of procedures and checks designed to ensure consistent model testing and
evaluation. Its structure and decision points are shown in Fig. 1. Machine setup and verification are described only at a high level,
as detailed steps are documented within the LTP itself, while model validation received expanded discussion due to its central role
in the project. In Fig. 1, pink rectangles represent process nodes (groups of actions performed to achieve specific objectives), and
blue diamonds represent decision nodes, where the user determines whether to proceed, restart, or modify the testing workflow.
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natural continuation of the setup process. Figure 2: LSS block diagram showcasing the sub-systems and

. L flow of power, data, and LEGOs through the system.
3.3. Model Variant Validation

Model validation guided data collection for the VGG-16 model variants and the volunteers. Each session used the
same 154-piece LEGO sample, 22 pieces from each of 7 categories (plate, Studs Not on Top (SNOT), technic, brick, tile, slope,
and other (Alphin, 2018)), which was mixed between trials to ensure randomness. Pieces were then fed individually into the
LSS, and as each passed through the imaging subsystem, the program returned a tuple containing the part ID (e.g., 3001) and
part name (e.g., Brick 1x1 ). A classification was considered correct if the LSS placed the piece in the proper category. Each
variant was tested three times, except for the best-performing model variant, which was tested 12 times to provide a sufficient
sample size for a paired t-test while limiting total data-collection effort.

4. Data Collection

Data collection occurred in two phases: human sorting and model variant testing. Human data were collected first to
establish a performance baseline for the VGG-16 model variants. The human dataset included sorting times, whereas the model
variant dataset did not; early trials showed that the LSS could not match human speed due to mechanical limitations. Therefore,
the sorting time was removed as an evaluation criterion in the LTP.
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4.1. Human-Based Sorting

Thirty classmates volunteered to sort the 154-piece LEGO sample into the seven categories previously outlined. The
volunteers were given a reference image of each category to ensure the data collected did not reflect a volunteer’s prior knowl-
edge of LEGO categories but rather a volunteer’s sorting performance. To assess performance, task duration and accuracy were
recorded. Data collection began when a volunteer entered the room and stood beside a worktable that had been prepared in
advance with the sample pieces, sorting bins, and the reference sheet. The task was briefly explained to them, and any questions
about the procedure were answered. However, to maintain consistency, questions about the categories or which pieces belonged
to each category were not answered. Volunteers would then sort the pieces into the provided bins. Once a volunteer completed
the task, their time and accuracy were recorded. Accuracy was measured by checking that each piece had been placed into the
correct bin. Their time and accuracy were then entered into an excel spreadsheet for future analysis.

4.2. Machine-Based Sorting

Model data were collected on four VGG-16 variants using the same LEGO sample as the volunteers. The procedure
mirrored the human trials, except that time-based measures were omitted. LEGO pieces were fed one-by-one onto the imaging
conveyor, and a classification was counted as correct when the model’s output matched the piece’s category. Each model variant
was tested three times, except the best-performing variant, which was tested 12 times to provide sufficient data for paired t-test
comparisons while minimizing the overall number of required trials. The decision to test the best-performing model variant 12
times reduced the number of tests needed (from 48 to 21), resulting in a more efficient and streamlined test plan.

5. Results
5.1. Human-Based Sorting Results

Fig. 3 shows the data for all 30 volunteer sorters. There is substantial variation in both their speed anCutout, d accuracy.
Accuracy ranges from 45 to 90%, while times vary from 342 s (5 min, 42 s) to 478 s (7 min, 58 s). A slight negative trend is
seen, with accuracy decreasing as time increases.

The most accurate volunteers also tend to com-

plete the task more quickly. On average, volun- Volunteer Accuracy

teers were 72.4% accurate, with a standard devi-

ation was 11.7%.

new dataset with weight decay), the human ..-
sorters, and a hypothetical ideal with 100% ac- _

curacy. Accuracy is characterized by LEGO cat- [0.45,0.58] (0.58,0.71] {0.71,0.84] (0.84,0.97]
egory to show accuracy distribution across the

different model variants. The remainder of the

results section is broken down by model variant. . . .
The first model tested was a basic VGG-16 vari- Figure 3: Human sorter performance data illustrating the variation in accu-

racy among volunteer sorters.
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5.2. Machine-Based Sorting Results

Fig, 4 shows the comparative perfor-
mance between all model variants (VGG-16,
VGG-16 DA (data augmentation), New DS
(VGG-16 new dataset), and NDWD (VGG-16

Number of Volunteers
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Accuracy Bins

ant, changed only to accommodate the number
of classes for the dataset. This model variant
achieved an accuracy of 20.6%. The majority of its performance stemmed from two of the categories, specifically “plates”
and “other”.

5.2.1. VGG-16 Data Augmentation Results

The next model variant introduced data augmentation, as described in the background section, and achieved a modest
overall accuracy increase to 26.1% over the baseline VGG-16. Accuracy improved slightly in the “plate” and “other” classes
and more substantially in the “slope” class, rising from 2.4% to 5.8%. Overall improvement between the two variants was 5.5%.
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5.2.2. VGG-16 New Dataset Results

Since the previous model variant had performed poorly, a sizable change to the next variant’s training was required. The
third variation of the VGG-16 model employed a new dataset by using images from the LSS rather than the original dataset of
images scraped from Google. This resulted in the third model variant having a massive performance jump. This improvement in
performance is illustrated in Fig. 4. Each piece category was classified correctly more often than not. The model variant’s overall
accuracy increased to 76.8%, placing it slightly above the volunteers’ accuracy. Notable categories include “SNOT”, “tile”, and

“brick”, which rose from accuracy levels near Zero to above 70%.

%;,Ze'f’g'htv gg;ﬂigl‘ﬁtls)ataset with Model Accuracy Comparisons oo
0

The fourth and final model variant used 100%

the same data as the new-dataset variant, but ad- 90% 81%

ditionally incorporated weight decay and early 80% 79% 77%

stopping in the training pipeline. The fourth = 70%

variant resulted in small but meaningful gains < 650%

. >

of 3-4% accuracy. Given the success of the S 50%

first three iterations of the fourth model variant, 3 40%

it was tested nine more times to obtain a total < 309 — 26%

sample size of 12. This variant was 81% accu- 20%

rate. Nearly every category except for “slope” 10% .

increased in accuracy during this iteration. Next, 0%

a paired t-test was performed to compare the ac- VGG-16 VGG-16DA AVGHuman NewDS  NDWD Ideal

curacy of the volunteers with that of the fourth it- Model Variants

eration of the VGG-16 model variant, in order to

confirm statistically significant differences be-
tween the two. The t-test indicated that the ac- Figure 4: A stacked bar chart that compares the performance of all evaluated

curacy of volunteers (M = 72.5%, SD = 11.7%) model variants and human sorters with each other, as well as with a hypo-

underperformed the fourth iteration of the VGG-  thetical ideal benchmark of 100% accuracy.
16 model variant (M = 81.4%, SD = 0.0125%), t(31) =4.1, p < .05.

6. Discussion

The results indicate that the LTP was effective. Each VGG-16 iteration improved in accuracy, with the largest gain
(nearly 51%) occurring between the second and third iterations due to adopting a more relevant dataset. This shift allowed the
model variant to focus on more meaningful image regions, improving classification performance. These adjustments followed
the LTP procedures shown in Fig. 1, which also standardized LSS setup and verification. The consistent performance across
categories and model variants reflects the continuity ensured by these procedures. The LTP further established clear performance
benchmarks that guided parameter changes. Overall, this work demonstrates that structured test and verification plans are
valuable even for simple projects, providing a framework for decision-making, reducing errors, and supporting successful project
execution.

7. Conclusion

The goal of this work was to identify techniques for improving data-limited image classifiers using a test-plan method-
ology adapted from those used on more complex systems. Iterative testing aligned with LTP procedures and standards increased
classifier accuracy from 20% to 82%, with statistical analysis indicating a 95% confidence that it outperforms human sorters in
accuracy. These results demonstrate the value of structured test plans for small-scale projects and highlights steps researchers
can use to strengthen their own image classification models. Although this work was limited to broad LEGO categories due
to time constraints, expanding to more specific categories or all 1,914 LEGO classes could provide a clearer assessment of
LTP effectiveness. Future work will increase both LTP and system complexity to further explore test-planning methods and
strategies to mitigate overfitting. (National Aeronautics and Space Administration, 1970)
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