Containers are supposed to make software easier to ship and simpler to run, but they rarely solve optimization by
themselves. People often treat “more containers” as a synonym for “better utilization,” then get surprised by the
real-world side effects: noisy neighbors, runaway memory, fragmented storage, underused CPU cycles, and

deployments that churn just enough to hide the problem until costs spike.

When utilization is low, the fix is rarely one trick. It is usually a combination of scheduling decisions, resource
requests and limits that actually reflect workload behavior, storage layout that avoids hidden bottlenecks, and
operational discipline around rollouts and observability. The goal is not merely to pack more workloads onto fewer

nodes. The goal is to keep services responsive while logistics using capacity efficiently and predictably.

Below are the strategies | have seen work in production environments, along with the trade-offs and the edge

cases that tend to bite.

Start with what utilization really means in your environment

“Utilization” can mean different things depending on what you measure and what you optimize for. In container
platforms like Kubernetes, you might watch CPU utilization, memory consumption, node allocatable capacity, pod

density, network throughput, or even the percentage of time the system is CPU bound versus waiting on 1/0.

A common failure mode is optimizing the wrong metric. For example, an APl may show low CPU utilization
because it is waiting on database calls. If you blindly increase pod replicas or tighten CPU requests, you might

increase contention downstream and make latency worse even though your cluster looks “busier.”
Before changing anything, | recommend breaking utilization into two buckets:

1. Compute efficiency: Are CPU and memory requests close to what the workload actually uses?

2. System efficiency: Are nodes and storage behaving well, and are workloads getting scheduled where they

can run efficiently?

You can use metrics like pod CPU usage relative to request, memory working set relative to request, and
scheduling latency to triangulate. The practical takeaway is simple: if the cluster is underutilized, you need to
determine whether it is underutilized because you have too much reserved headroom, too much resource

fragmentation, or because workloads are I/O bound and not CPU bound.

Fix resource requests and limits before chasing higher density

Resource requests are the foundation of bin packing. Limits define the ceiling and can protect the system, but
requests drive placement decisions. If requests are inflated, the scheduler will reserve more capacity than you need,

and you will never truly pack the cluster.

This is one of the most common, most fixable causes of low utilization. Teams start with conservative requests to
prevent throttling or OOM Kkills. Over time, those guesses solidify into policy. Meanwhile, the actual workload

patterns shift with new releases, traffic changes, and caching behavior.

A practical approach to right-sizing
Right-sizing usually requires a feedback loop, not a one-time estimate. The best approach | have seen is:

® Gather workload usage during steady state and during peak bursts.

® Compare observed usage to current requests and limits.


https://en.search.wordpress.com/?src=organic&q=logistics

® Update requests to a percentile that matches your risk tolerance.

* Use limits for safety, but avoid setting limits so tight that they cause frequent throttling.

The details depend on the type of workload. CPU-heavy services that handle requests in short bursts can tolerate
lower steady-state CPU requests as long as throttling is understood and measured. Memory-heavy services that
hold large in-memory caches often need requests that track their steady working set, not their historical peak

during startup.

| once worked on a platform where almost every microservice requested 500m CPU, even though most averaged
under 80m for weeks. The team assumed that “requests are just metadata.” They were not. Those requests were
preventing the cluster from consolidating pods after low-traffic periods, so node scale-down lagged and cost

drifted upward.

Once we right-sized requests based on real usage, consolidation improved immediately. The key was doing it

gradually, paired with monitoring for latency and throttling.

Understand the difference between working set and heap spikes

Memory optimization often fails because people treat memory graphs like a single number. Many runtimes,
especially those with garbage collection, show spiky behavior. But the scheduler is driven by requests and actual

working memory characteristics, not the casual “peak” from a dashboard.

For managed runtimes, you want to reason about “working set” trends and how GC affects allocations. For
applications with caches, you want to identify whether the cache stabilizes or keeps growing with traffic patterns. If

cache size grows with query cardinality, you may see slow drift in memory even if average usage looks fine.

Edge case: if you reduce memory requests too aggressively, the scheduler may pack more pods per node, and
your runtime may spend more time in GC or suffer allocation failures under contention. The workload still runs,

but latency becomes spiky, and you might interpret that as “network issues” or "database slowness.”

In practice, memory changes should be paired with profiling or at least with GC logs and response-time

percentiles. The goal is to improve utilization without trading it for instability.

Use autoscaling with a clear definition of signals

Autoscaling is where many teams end up “chasing” utilization rather than controlling it. If logistics consulting firm
the scaling signal is misaligned with the bottleneck, the cluster can oscillate: scale up because CPU spikes briefly,
scale down because it recovers, then repeat. This churn harms utilization and increases deployment and cache

warmup overhead.

Most container platforms support multiple autoscalers and metrics. In Kubernetes, for example, you might use
Horizontal Pod Autoscaler based on CPU or custom metrics. You might also use cluster autoscaler behavior that

depends on pending pods and node utilization.
A few rules of thumb I rely on:

¢ |f your workload is CPU bound, CPU-based signals can work, but watch for throttling and latency correlations.

e |f your workload is request-driven and bursts are significant, use custom metrics like request queue length,
p95 latency, or concurrent in-flight requests.

¢ |f your workload is 1/0 bound, CPU utilization can be a misleading scaling signal. Queue depth or downstream

saturation signals usually perform better.
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Trade-off: custom metrics require instrumentation discipline. That is extra work up front, but it prevents “scale

based on the wrong temperature.”
A small checklist of questions | often ask during autoscaling changes:

* What happens to latency percentiles when CPU hits 80 percent?
* Do pods show throttling events when scaling lags?
* Are there downstream queues that grow while CPU stays low?

® Does scaling cause cold caches or connection churn that increases tail latency?

Answers to those questions guide whether you scale on CPU, memory, or request health.

Reduce fragmentation and scheduling waste

Even with correct requests, you can still end up with low utilization due to fragmentation. Fragmentation means

the cluster has enough total capacity, but it is split into sizes that do not fit the workload mix efficiently.
In practice, fragmentation happens when:

® Pod resource requests vary widely across workloads.
® Some pods request unusual combinations like high memory and low CPU, or vice versa.

* Node groups have different instance types and pods are not flexible about which nodes they run on.

Solutions differ based on how heterogeneous your cluster is.

Align node pools with workload profiles

One of the simplest wins is to separate workloads into node pools by profile. For example, keep latency-sensitive
services on a pool with consistent instance types and predictable performance. Put batch or background jobs on a
cheaper pool with different scheduling rules. Then tune utilization targets per pool rather than forcing one policy

for everything.
This reduces fragmentation because you reduce the mixing of radically different pod shapes.

Trade-off: more node pools increase operational complexity. You will have more knobs to manage, and mistakes in
affinity rules can lead to pending pods. Still, in clusters with mixed workloads, it is often better than accepting

chronic fragmentation.

Be careful with strict placement constraints

Affinity, anti-affinity, and topology spread constraints are useful tools, but they can prevent the scheduler from
placing pods efficiently. It is easy to over-constrain placement when you are protecting availability zones or

isolating noisy neighbors.

If your cluster is struggling with utilization, review your placement rules. A constraint intended to avoid a rare risk

might be effectively forcing pods onto less-used nodes most of the time.

Edge case: anti-affinity rules can be harmless in small clusters and disastrous in large ones, where the “spread”
logic keeps pods from consolidating even during off-peak traffic. The right behavior depends on your SLO and

your failure tolerance.



Optimize storage, because disk bottlenecks masquerade as “low
utilization”

Container optimization often focuses on CPU and memory, but storage is frequently the silent reason utilization

stays low while latency grows.

If pods are waiting on persistent volumes, network file systems, or database calls that are effectively storage-
driven, your compute may look underutilized. The cluster might even scale down if CPU is low, while 1/O wait

continues to hurt performance.
The storage-related areas | would scrutinize first:

* Are persistent volume claims provisioned with the correct performance class?
* Are workloads using local ephemeral storage for scratch space instead of networked storage?
* Do databases and caches share storage with chatty workloads?

® |s there a backup or compaction job running at the same time as peak traffic?

One practical tactic is to separate workloads by 1/O sensitivity. If some pods are latency-sensitive and talk

frequently to storage, run them on nodes or storage classes that match that behavior.

Trade-off: faster storage costs more. The goal is to keep it for the workloads that actually need it, not to apply it

everywhere.

Watch for “small but constant” I/0

Even when total disk usage is low, small constant writes can cause performance issues. Logging is the usual
suspect. If containers write logs to a network-backed filesystem or a slow sidecar pipeline, the application may be

blocked by log emission.

From an optimization standpoint, you improve utilization by removing wait. When you stop blocking, CPU usage
may rise slightly, but throughput and tail latency often improve significantly. That can look like “worse utilization”
on a dashboard, while the system is actually healthier. The correct metric is service performance, not raw CPU

percent.

Reduce overhead: images, startup time, and runtime churn

Utilization is not only about steady state. Startup and deployment churn reduce effective utilization by wasting

capacity on transient phases, cache cold starts, and resource ramp-up.

This is where container optimization becomes more operational than statistical.

Manage image sizes and startup behaviors

Large images slow down pulls and pod start times. If your image distribution pipeline or registry rate limits are a
bottleneck, you get delayed rollouts and longer periods where nodes are "occupied” by pods that are not yet

serving traffic.

Smaller images also reduce attack surface and make rollback faster, but the immediate utilization impact is faster
readiness. When pods become ready sooner, you spend less time in unready state and fewer capacity cycles are

wasted.



A concrete example from practice: a service with dozens of megabytes of dependencies and frequent releases
created a rollout window that stretched by minutes. The cluster showed low overall CPU during the rollout
because pods were stuck in pull and init phases. Once we reduced image size by removing unused dependencies
and enabled layer caching, rollout time shortened enough that autoscaling acted on real demand instead of

deployment artifacts.

Keep runtime overhead predictable

Some runtime patterns increase overhead per pod: excessive thread creation, too many file descriptors, too many

open connections, or heavy initialization that runs on every replica rather than once per node.

The utilization optimization here is to reduce per-pod overhead so you can scale replicas without paying that

overhead repeatedly.

Trade-off: some initialization is required for correctness, such as loading models, warming caches, or validating
configuration. You can still improve by making that initialization incremental or by shifting it to sidecars or shared

initialization patterns where appropriate. Just do not trade it for fragile coupling.

Control rollout strategy to avoid utilization dips

Frequent deployments can lower effective utilization even if steady-state utilization looks fine. The reason is that
during rollouts you often run extra pods at once, especially with surge settings. That temporarily increases

resource consumption, then you may end up scaling down too late and causing a sawtooth pattern.
Rollout strategies should reflect your traffic patterns and your scaling assumptions.

A common mistake is setting max surge too high “for safety.” That improves deployment safety but can drive high
costs because the cluster runs extra capacity during each rollout. Conversely, max surge too low might cause

deployments to take longer, which keeps pods in transient state and can amplify tail latency.

Edge case: if your readiness checks are strict and take time, pods may remain unready, but they still consume
resources. That is “wasted utilization” that does not show up as capacity unused in aggregate dashboards. It

shows up as longer deployment times and more scheduling events.

Use consolidation carefully: bin packing is powerful, but it changes
failure behavior

Consolidation is the idea of running fewer pods with fewer nodes by packing workloads tightly. It often improves
cost, but it changes risk. When you pack more workloads onto fewer nodes, the impact of node failures and local

resource contention increases.
To get the best of both worlds, you need two controls:

® Scheduling control: ensure critical services have correct placement and priority.

® Risk control: ensure limits and requests are right, so one workload does not starve others.

If you use priority classes and preemption, consolidate cautiously. Preemption can improve responsiveness for
critical pods, but if your requests are inaccurate, you can end up preempting too aggressively and destabilizing the

system.

A small rule | follow



If consolidation is your goal, do it while you can observe and verify. Start with one workload class or one
namespace, not the entire platform. If you consolidate everything at once and latency regresses, you cannot easily

attribute the problem.

Validate improvements with before and after that match real user
outcomes

Dashboards can make utilization look “better” while user experience worsens, especially when bottlenecks shift
from CPU to another resource. Validation should tie optimization changes to outcomes people care about: request

success rate, latency percentiles, error budgets, and operational stability.
When | evaluate changes like request right-sizing or autoscaling signal updates, | look for:

® p50 and p95 latency shifts, not just averages
® error rates and timeouts

® GC behavior or throttling indicators

® pod restart counts and OOM kills

® node scale-down behavior and pending pods

The best improvements show up in two places at once: utilization changes in the expected direction, and service

performance stays steady or improves.

If utilization goes up but tail latency worsens, you likely shifted the bottleneck or created contention. That is not a

failure of optimization, but it is a warning that your target metric was incomplete.

Two practical checklists before you change cluster-wide settings

You will move faster if you have a short set of sanity checks. Here are two, tuned for container optimization work.

Checklist: right-sizing requests and limits without causing surprises

* Confirm the workload has stable steady state, not just burst-only usage.
e Compare observed CPU usage to request percent over time, not a single peak day.
* Use memory working set trends, and sanity-check runtime behavior like GC or cache growth.

® Adjust in small increments and watch throttling and latency percentiles for regression.

Checklist: consolidation and scheduling changes that protect reliability

* Verify placement constraints are not overly restrictive for off-peak periods.
® Check for pending pods and scheduling latency after the change, not just final capacity.
® Ensure critical services have priority and appropriate disruption budgets.

® Monitor node-level contention symptoms like elevated tail latency during high density.

These steps are not glamorous, but they prevent many “optimization efforts” from turning into recurring incidents.

Common edge cases that wreck utilization gains

Even solid optimization efforts can stall or backfire due to edge cases that only appear at scale or under specific

traffic patterns.



Workloads with time-based memory growth

Some services keep growing their memory usage as they learn from traffic. For those, average memory can look
reasonable until it suddenly crosses a threshold. If you reduce memory requests based on a short sample window,

you might create OOM risk.

Mitigation is to measure over enough time to capture the growth curve and to set requests with margin based on

your worst-case horizon.

Stateful services with misleading “idle” CPU

Stateful workloads can show low CPU while compaction, checkpointing, or replication tasks run in the background.

CPU utilization might remain low, but the system is busy with I/O and coordination.

For these, prioritize I/0O metrics, queue depth, and application-level health indicators over raw CPU.

JVM and garbage collection tuning mistakes

Right-sizing memory for JVM-based services without understanding GC can create more pauses or more frequent
collections. The service might still “work,” but latency tail behavior worsens. In that case, utilization improved, but
SLOs did not.

Mitigation is workload-aware memory and, when needed, GC strategy adjustments that align with container

resource constraints.

Limits that trigger throttling and cascade failures

If CPU limits are too tight, throttling can slow request handling. That increases queue length and can increase
timeouts, which then triggers retries and amplifies load. The cluster might show high CPU throttling while overall

utilization appears deceptively stable.

Mitigation is to tune both requests and limits with metrics that include throttling and application response times.

Bringing it together: a strategy that actually sticks

Container optimization is best treated as an ongoing program rather than a project with a finish line. Workloads
change, traffic changes, infrastructure changes, and the relationship between requests, limits, and performance

evolves.
The most durable approach | have seen uses a loop:

* Measure compute and memory efficiency per workload.
® Right-size requests based on observed behavior and validate with real user metrics.
® Choose autoscaling signals that match the bottleneck.
® Reduce storage and logging wait states that cause “low compute” and poor performance.
* Adjust scheduling constraints and node pool structure to reduce fragmentation.
® Confirm consolidation does not introduce unacceptable risk.
When you do this iteratively, utilization improves for the right reasons. You stop treating container density as the

scoreboard, and you start treating service responsiveness and operational stability as the metric that determines

whether utilization improvements are sustainable.



If you want, tell me what platform you are using (Kubernetes, ECS, OpenShift, something else) and which
utilization metric is currently lagging, CPU, memory, or node scale-down. | can suggest a more targeted playbook

for your constraints and workload types.



